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Abstract 

A relationship exists between mood and cardiac control systems. This 

relationship has been established through correlations between medical pathology, 

such as Coronary Heart Disease (CHD), and psychopathological changes in mood, 

such as Major Depressive Disorder (MDD). Euthymic mood and normal cardiac 

regulation, as well as the diseases MDD and CHD, are linked by numerous 

interrelated physiological pathways. These pathways form part of a physiological 

regulatory network in the body called the psycho-immune-neuroendocrine (PINE) 

network. PINE network homeostasis can be disrupted by stress, resulting in 

pathological changes, which give rise to MDD, CHD, or both diseases. Heart Rate 

Variability (HRV) is a physiological measure of cardiac function which reflects 

autonomic cardiac control, an important component of the PINE network.  

This body of work set out to test three hypotheses, the first being that 

psychometric measures of mood and HRV measures are related across a broad range 

of mood, from non-pathological to pathological depressed mood. The second 

hypothesis is that psychometric measures of mood and HRV measures remain related 

over time, even when an individual’s mood changes across time. The third hypothesis 

is that in people with CHD, HRV measures would still be related to mood, but HRV 

may be globally reduced compared to people without CHD. A longitudinal cohort 

study, the Heart and Mind Study, recruited 88 participants and followed them up over 

six months. 

The outcomes showed that the pathophysiological pathways linking CHD and 

MDD can be conceptualized as a causal network, rather than a collection of individual 

mechanisms, via the application of a systems biology framework. This work was then 
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expanded upon, showing how systems biology can assist in conceptualizing the 

network of normal physiological pathways which, if disrupted, can give rise to several 

different diseases, depending on genetic and developmental predisposing factors. A 

key proposition is that in both MDD and CHD disease states, the psycho-immune-

neuroendocrine network has shifted from healthy physiome to a disease-driven 

pathome. Describing the relationship between MDD and CHD within a systems 

biology framework represents a unique contribution to the literature. A list of 

recommendations was also made, seeking to standardize methodology for future 

studies, given the significant methodological heterogeneity in this field of enquiry. 

 Two methodological investigations were conducted. A novel and innovative 

algorithm for both the detection and interpolation of RR interval data was developed, 

which is based on spatial distribution mapping of RR interval magnitude and 

relationships to adjacent values in three dimensions. This algorithm was incorporated 

into a computer program to preprocess cardiac Holter recordings for the Heart and 

Mind Study and also represents a unique contribution to the signals processing body 

of literature. Secondly, the relationship of psychometric measures to anxiety and 

depression measures was examined over time, to establish how psychometric 

measures of anxiety should be managed as a confounder in data analysis. This work is 

unique in using invariance testing to establish correlations of anxiety and depression 

measures over the four review periods of the Heart and Mind Study, spanning six 

months. A significant and high correlation was found between depression and anxiety 

measures over time. This result in turn was used to justify not incorporating anxiety 

and depression measures together as covariates in a regression analysis of data from 

the Heart and Mind Study.  
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Hypothesis 1 was tested using multiple linear regression analysis of the largest 

review cohort (the first review episode). Analysis of first review data from the Heart 

and Mind Study yielded several models showing that several HRV measures are 

predicted by Hamilton Depression Rating Scale scores in people with CHD, 

supporting the first study hypothesis. While previous work has examined HRV 

measures in depressed and non-depressed participants with and without CHD, this 

work is unique in examining mood as a continuous variable, using 24 hour 

ambulatory Holter recordings. Effects on HRV by age and gender emerged as 

important factors in interpreting the findings. Measurement invariance methodology 

was then used to demonstrate relationships between psychometric measures and HRV 

measures over time, testing Hypothesis 2. The use of measurement invariance 

analysis for such a study is unique. Evidence was found to support the second 

hypothesis, with several significant models demonstrating a relationship between 

psychometric measures of mood and HRV measures over three or four review periods 

in the total study cohort as well as in the CHD cohort. In the context of confounding 

by age and gender, the distribution of gender across participants with and without 

CHD did not allow the third hypothesis to be supported. 

The work presented demonstrates that psychometric measures of mood and 

HRV measures are related across the full range of mood, and that psychometric 

measures of mood and HRV measures remain related over time, with HRV ‘tracking’ 

an individual’s mood changes across time. These findings represent an important 

contribution to the literature. They also provide support for the PINE network model 

presented in this thesis, because the pathways that link mood to cardiac control are 

contained within the PINE network. The results obtained suggest that autonomic 

cardiac control mechanisms are sensitive to changes in the PINE network related to 
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mood. If autonomic cardiac control is equally sensitive to other changes in the PINE 

network, it may mean that certain HRV measures are important biomarkers that can 

provide quantitative information about the state of the PINE network.  
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Chapter 1 

General Introduction 

Nothing has the power to broaden the mind as the ability to investigate 

systematically and truly all that comes under thy observation in life. 

Marcus Aurelius 

Introduction 

There is a relationship between mood and cardiac control systems (Porges, 

1995, 1997, 1998, 2001, 2003; Thayer & Lane, 2000, 2009). This relationship has 

been established through correlations between medical pathology, such as Coronary 

Heart Disease (CHD), and psychopathological changes in mood, such as Major 

Depressive Disorder (MDD). A reciprocal relationship exists between MDD and 

CHD. MDD increases the risk of adverse cardiac events in CHD (Barth, Schumacher, 

& Herrmann-Lingen, 2004; Carney, Rich, Freedland, et al., 1988; Frasure-Smith, 

Lesperance, & Talajic, 1993; Musselman, Evans, & Nemeroff, 1998; Penninx et al., 

2001; Rugulies, 2002; Wulsin & Singal, 2003). People with CHD also have an 

increased risk of MDD (Carney & Freedland, 2003; Katon, 2011; Rozanski, 

Blumenthal, & Kaplan, 1999; Thombs et al., 2006). Using data from the Global 

Burden of Disease Study 2010, a pooled relative risk was calculated from studies 

designed to provide evidence of MDD as an independent risk factor for CHD 

(Charlson et al., 2013). Pooled data from 35,000 participants yielded a relative risk of 

1.56 (95% CI 1.30 to 1.87) in developing CHD by those with MDD. Globally there 

were almost 4 million estimated CHD disability-adjusted life years (DALYs), which 

were attributable to MDD in 2010; 3.5 million years of life lost and 250,000 years of 
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life lived with a disability (Charlson et al., 2013). While there are issues of 

heterogeneity across these studies, as well as bias and confounding, the veracity of 

this reciprocal relationship between MDD and CHD is widely accepted (Frasure-

Smith & Lesperance, 2006; Lichtman et al., 2014; Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2013). 

Biological Basis for the Relationship Between Mood and Cardiac Control 

Both euthymic mood and normal cardiac regulation, as well as the diseases 

MDD and CHD, are linked by numerous interrelated physiological pathways. These 

pathways form part of a physiological regulatory network in the body, called the 

psycho-immune-neuroendocrine (PINE) network (Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2015). PINE network homeostasis can be disrupted 

by stress, resulting in pathological changes, which give rise to MDD, CHD, or both 

diseases (Stapelberg et al., 2015). Physiological measures might provide a means to 

examine the PINE network and the disease states caused by its disruption. One such 

method is heart rate variability (HRV). 

HRV is a non-invasive and relatively easily measured physiological 

parameter, which describes beat-to-beat variation in cardiac function and arises as a 

net result of dynamic, opposing influence of sympathetic and parasympathetic 

autonomic cardiac control systems (Rottenberg, 2007). HRV reflects both 

sympathetic and parasympathetic function (Carney et al., 1995b; Goldberger & West, 

1987; Ori, Monir, Weiss, Sayhouni, & Singer, 1992), but has been suggested to 

primarily reflect vagal cardiac control (Rottenberg, 2007). Autonomic function forms 

a significant part of the PINE network and is linked to mood via vagal mechanisms, 

as explained in the polyvagal theory (Porges, 1995, 1997, 1998, 2001, 2003) and the 
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theory of neurovisceral integration (Thayer & Lane, 2000, 2009). 

Polyvagal theory established a link between the autonomic nervous system 

and the communication of emotion (Porges, 1995, 1997, 1998, 2001, 2003). The 

primary hypothesis of the polyvagal theory is that the range of affective and social 

behaviours in mammals is dependent on the ability to regulate visceral homeostasis, 

including cardiac control, which is mediated by the autonomic nervous system 

(Rottenberg, 2007). Similarly, the theory of neurovisceral integration arose from 

studies demonstrating cortical control of cardiac activity and the inhibition of the right 

amount of cortical input in circumstances of stress(Thayer & Lane, 2009). The theory 

of neurovisceral integration postulates autonomic (and in particular vagal) control of 

emotional, physiological and cognitive regulation (Thayer & Lane, 2009). 

Autonomic function is also linked to mood by other mechanisms, such as 

serotonin levels and glial health (McNally, Bhagwagar, & Hannestad, 2008; Müller & 

Schwarz, 2007; Stapelberg et al., 2015), as well as hippocampal neurogenesis (Sahay 

& Hen, 2008; Stapelberg et al., 2015). Mood is even influenced by autonomic effects 

on the immune system in the PINE network (Tracey, 2002). In general, autonomic 

changes, measurable as reduced HRV, reflect disrupted homeostasis of the PINE 

network, and are correlated with both MDD and CHD (e.g. Stapelberg et al., 2015). 

HRV has been found to be reduced in both MDD and CHD (e.g. Sayar, Güleç, Gökçe, 

& Ak, 2002). It has been shown that HRV is inversely proportional to severity of 

MDD, with individuals with more severe depression having lower HRV than those 

with less severe depression (Kemp et al., 2010). Less work has been done, however, 

in looking beyond disease states and correlating HRV with mood across the full range 

of mood function, from euthymia (a healthy mood state) to depressive illness. 
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Furthermore, there has been no comparison of psychometric test scores for mood and 

HRV measures taken at frequent follow-up periods over time, to assess whether 

quantitative HRV measures rise or fall proportionately with the entire mood spectrum, 

over time.  

The following research questions will be examined in this thesis: Does HRV 

vary continuously with mood, across the spectrum from healthy mood to depressed 

mood? Is the correlation linear, if it does exist? Does the correlation between HRV 

and mood hold with mood changes over time in the same individual? Finally, are 

there differences in these correlations between people with, and without, CHD? The 

first principal study hypothesis is that psychometric measures of mood and HRV 

measures are correlated across a broad range of mood, from non-pathological to 

pathological. The second principal study hypothesis is that psychometric measures of 

mood and HRV measures remain correlated over time in the same individual. This 

would mean that as psychometric test scores for mood rise (with increasing depressed 

mood), HRV measures will decrease, and vice versa, and because this relationship 

holds over time, mood ‘tracks’ with HRV measures. The third principal study 

hypothesis is that in people with CHD, HRV measures would still be correlated with 

mood, but that HRV may be globally reduced compared to people without CHD. 

The first aim of the Heart and Mind Study, therefore, is to ascertain whether 

there exists a quantitative relationship between psychometric measures of mood and 

both linear and non-linear measures of HRV, using regression analysis methodology. 

The second aim is to ascertain whether there exists a quantitative correlation between 

psychometric measures of mood and both linear and non-linear measures of HRV 

over the four review episodes of the study, using measurement invariance 
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methodology. Because the follow-up episodes occur over a 6 month timeframe, this 

would provide evidence for a longitudinal correlation over 6 months. Both aims 

require psychometric test scores for depression to be compared against HRV 

measures as continuous variables. Any correlations that include HRV measurements 

would be influenced by the presence or absence of CHD, therefore the third aim is to 

compare CHD and non-CHD cohorts for any differences in correlations between 

psychometric test scores and HRV measures. This will be done in both the regression 

analysis (described in Chapter 10) and the analysis for correlations over time using 

measurement invariance (described in Chapter 11). 

Bias, Confounders and Methodological Issues in the Relationship Between Mood 

and Heart Rate Variability  

Existing studies have focused primarily on the relationships between mood as 

a categorical variable and HRV, comparing depressed and non-depressed cohorts, not 

the entire spectrum of mood. Of these studies, some found no differences between 

HRV in depressed versus non-depressed participants (Bär et al., 2004; Moser et al., 

1998; Yeragani et al., 1991), while other studies reported a reduction in HRV in 

depressed people (Agelink, Boz, Ullrich, & Andrich, 2002; Dalack & Roose, 1990; 

Guinjoan, Bernabó, & Cardinali, 1995; Nahshoni et al., 2004; Rechlin, Weis, Spitzer, 

& Kaschka, 1994; Tulen et al., 1996; van der Kooy et al., 2006). Research comparing 

HRV measures in depressed and non-depressed cohorts has also been conducted in 

people with CHD, with a decrease in HRV found in depressed people with CHD 

when were compared to non-depressed people with CHD (Carney, Rich, teVelde, et 

al., 1988; Carney et al., 1995a; Drago et al., 2007; Krittayaphong et al., 1997; Stein et 
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al., 2000). Other studies however failed to show any association (Gehi, Mangano, 

Pipkin, Browner, & Whooley, 2005; Martens, Nyklíček, Szabo, & Kupper, 2008). 

Given the contradiction of findings for both CHD and non-CHD study cohorts 

as described above, it is important to consider factors which may have impacted on 

the results. Chapter 5 thus examines methodological issues in studies of the 

relationship between MDD and CHD. There is significant methodological 

heterogeneity in this are area of the literature (Frasure-Smith & Lesperance, 2006a), 

as well as biases which should be taken into account in future studies (Stapelberg et 

al., 2013). Based on these issues, as well as confounders (see below), 

recommendations were made with regard to future study design.  

There are several confounders in the correlation between mood and HRV. 

These include demographic factors such as age and gender (Stapelberg et al., 2013). 

There are also significant changes to HRV with age and gender. HRV decreases 

linearly with advancing age (Antelmi et al., 2004; Cowan, Pike, & Burr, 1994; 

Korkushko, Shatilo, Plachinda, & ShatiloShatilo, 1991; Shannon, Carley, & Benson, 

1987; Umetani, Singer, McCraty, & Atkinson, 1998) and is possibly due to the 

gradual relaxation of cardiac control systems over time, or declining activity levels 

(Sacknoff, Gleim, Stachenfeld, & Coplan, 1994), although the precise physiological 

mechanisms are still unclear (Umetani et al., 1998). Interestingly, parasympathetic 

(vagal) cardiac control diminishes more rapidly with age than sympathetic control, as 

evidenced by the more rapid decline of short-term or high frequency measures of 

HRV, which are correlated with parasympathetic activity (Umetani et al., 1998).  

HRV is also affected by gender, although there have been contradictory 

findings. While some studies found that women have lower HRV than men (Umetani 
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et al., 1998; Young & Leicht, 2011), other studies found higher HRV in females 

(Ryan, Goldberger, Pincus, Mietus, & Lipsitz, 1994). Other studies have had mixed 

findings, indicating increased high frequency (HF) HRV measures in middle aged 

women, while men in the same age group had a higher low frequency (LF) HRV 

measures than women (Kuo et al., 1999). In addition, the HRV findings with gender 

are modulated by age, with gender differences in HRV being pronounced in younger 

people and disappearing beyond 50 years of age (Umetani et al., 1998). In addition, 

Thayer et al. (1998) found that HRV increases in depressed women, while decreasing 

in depressed men, relative to non-depressed controls. In summary, gender appears to 

be a highly complex confounder of HRV measures, changing with age and depressive 

illness.  

Cardiovascular risk factors such as smoking, weight, physical activity levels, 

and blood pressure have been listed as confounders in studies on the relationship 

between MDD and CHD. These studies have not always involved HRV as a measure, 

however. While some cardiac risk factors do affect HRV (e.g. smoking, reviewed in 

Acharya, Joseph, Kannathal, Lim, & Suri, 2006), it is not known how significant a 

confounder it might be in studies of HRV and mood in people with and without CHD. 

One of the more significant confounders of HRV is medication (see Chapter 

4). Controversy still exists around whether antidepressant medication is responsible 

for the observed reduction in HRV in depressed people in the context of CHD (e.g. 

Kemp et al., 2010; Licht, de Geus, van Dyck, & Penninx, 2009, 2010). The 

anticholinergic effects associated with selective serotonin reuptake inhibitors and 

tricyclic antidepressants may even be solely responsible for changes to cardiac control 

which has been measured as reduced HRV (Licht et al., 2009, 2010), although meta-
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analysis has suggested that this is not the case (Kemp et al., 2010). Some small 

studies have shown both altered HRV in depressed cardiac patients not on medication, 

and change in HRV with non-pharmacological treatment (e.g. Carney et al., 2000). 

However, this controversy presents a gap in the literature and further studies on 

depressed people who are not on any psychotropic medication are needed (Stapelberg, 

Hamilton-Craig, Neumann, Shum, & McConnell, 2012). In addition, studies are 

required that either only study healthy individuals without CHD, or which recruit both 

non-CHD as well as CHD participants for comparative study.  

Another potential medication confounder is beta-adrenergic antagonists 

(commonly known as beta-blockers). There is evidence that beta blockers do affect 

HRV (see Chapter 4). Since it may be ethically and clinically difficult to withhold 

these cardiac medications in a clinical study on patients with CHD, these medications 

present a challenge for study design (Stapelberg et al., 2012). It was suggested that 

studies could attempt to control for their effect statistically, or recruit participants with 

CHD in whom such medications are not clinically indicated (Stapelberg et al., 2012). 

The following research questions thus arise: Do antidepressant medications confound 

HRV results in depressed study participants?  Do other medications pertinent to 

specific patient populations, such as beta-blockers in cardiac patients, confound the 

relationship between HRV and depression measures? 

Anxiety is another significant confounder of the relationship between HRV 

and depression measures. Anxiety reduces HRV (Friedman, 2007; Friedman & 

Thayer, 1998; Gorman & Sloan, 2000; Watkins, Grossman, Krishnan, & Sherwood, 

1998; Yeragani, Balon, Pohl, & Ramesh, 1995; Yeragani et al., 1991). There is also 

significant co-morbidity of anxiety and depression. Depressive symptoms and anxiety 
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symptoms, as well as depressive disorders and anxiety disorders, are highly comorbid 

with each other (Angst, Dobler-Mikola, & Binder, 1984; Angst, Vollrath, 

Merikangas, & Ernst, 1990; Hettema, 2008; Merikangas et al., 2003; Monnier & 

Brawman-Mintzer, 2008; Regier, Rae, Narrow, Kaelber, & Schatzberg, 1998; Van 

Ameringen, Mancini, Styan, & Donison, 1991). It has been argued that research on 

the relationship between MDD and CHD has not taken into account the high rates of 

comorbidity of anxiety disorders and MDD and may be confounded by this 

comorbidity (e.g. Scott et al., 2007). 

In addition, a similar reciprocal relationship to the MDD-CHD relationship 

exists between CHD and anxiety symptoms and anxiety disorders (ADs). Although 

the relationship between anxiety and CHD is less well studied than the relationship 

between MDD and CHD (e.g. Rutledge et al., 2009; Suls & Bunde, 2005), there is 

significant evidence to support that a relationship exists. Several studies have 

examined anxiety symptoms in relation to CHD (e.g. Allgulander & Lavori, 1991; 

Frasure-Smith, Lesperance, & Talajic, 1995; Grace, Abbey, Irvine, Shnek, & Stewart, 

2004; Hanssen, Nordrehaug, Eide, Bjelland, & Rokne, 2009; Janszky, Ahnve, 

Lundberg, & Hemmingsson, 2010; Januzzi, Stern, Pasternak, & DeSanctis, 2000; 

Lane, Carroll, Ring, Beevers, & Lip, 2001). Several studies have also examined the 

relationship between CHD and individual anxiety disorders. Significant relationships 

exist between CHD and GAD (Frasure-Smith & Lespérance, 2008), panic disorder 

(PD) (Coryell, Noyes, & Clancy, 1982; Coryell, Noyes, & House, 1986; Katerndahl, 

2008; Martin, Cloninger, Guze, & Clayton, 1985; Smoller et al., 2007), phobia 

(Haines, Imeson, & Meade, 1987; Kawachi et al., 1994); Watkins et al., 2010), and 

post traumatic stress disorder (Cotter, Milo-Cotter, Rubinstein, & Shemesh, 2006; 

Spitzer et al., 2009). The issue of why anxiety and depression symptoms and 
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disorders are so closely related remains a significant gap in the literature. Anxiety as a 

confounder in the relationship between mood and HRV may have significant 

implications for research design. The research questions that arise are: Are symptoms 

of mood and anxiety correlated in people with and without CHD? Do anxiety 

symptoms, measured by psychometric measures of anxiety, confound the relationship 

between mood as a spectrum (euthymic to depressed) and HRV? It is hypothesised 

that anxiety symptoms do confound the relationship between mood and HRV. 

Sources of bias were discussed generally for studies on MDD and CHD (see 

Chapter 5). A specific source of bias for any study involving HRV is related to noise 

and artifact in the recorded Holter data. Noise and artifact are ubiquitous in 

ambulatory 24 hour Holter recordings (Berntson, Quigley, Jang, & Boysen, 1990; 

Citi, Brown, & Barbieri, 2012). One of the most important considerations is to 

eliminate artefact from RR interval data as much as possible. The methodological 

investigation into artefact in RR interval data and the resulting Holter data 

preprocessing software is described in Chapter 8. A synthesis of the questions and 

hypotheses raised above is provided in the next section, along with a summary of how 

these questions and hypotheses inform the aims of the PhD research and are addressed 

by the results obtained from this research work. 

 

Challenges in Achieving the Research Aims 

In summary, the primary aims of the Heart and Mind Study were threefold. 

The first aim was to ascertain whether HRV varies continuously with mood, across 

the spectrum from euthymic (healthy) mood to the mental illness of major depression, 

based on crossectional analysis. The results pertinent to this aim are described in 
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Chapter 10. The second aim was to examine if the correlation between HRV and 

mood was consistent over three subsequent follow-up assessments. The results which 

address this aim are described in Chapter 11. The third aim was to comparatively 

assess changes in any correlation between psychometric measures of mood, and HRV 

measures, in CHD and non-CHD cohorts. The results which address this aim are 

described in Chapters 10 and 11. Figure 1.1 shows how biases and confounders were 

addressed in this body of work, in order to be able to address the principal research 

hypotheses. 
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Figure 1.1: Testing of Hypotheses in the Heart and Mind Study 
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Significance of the Research 

Having summarized the research project and established its aims, the 

importance of this work should be briefly discussed. This discussion will be returned 

to, and expanded upon, in Chapter 12. In summary, the importance of this project can 

be explained by discussing the importance of the gaps in the literature addressed by 

this thesis, and by placing this work and its results back into the wider context from 

whence it arose. Important gaps in the literature relate to study design, anxiety 

confounds, and a more sophisticated understanding of the relationship between mood 

and HRV. By making several recommendations about study design the Heart and 

Mind Study can act as a model for future studies in this area of research, as it 

embodies recommendations to standardise methodology and reduce or eliminate 

identified biases and confounders. The optimisation in the preparation of HRV data 

will simplify this process and assist in producing reliable recorded data. In addition, 

evidence is provided that symptoms of depression and anxiety are highly correlated. 

This has significantly influenced data analysis in the Heart and Mind Study. However, 

it also provides evidence to inform a wider discussion about the diagnostic boundaries 

between MDD and anxiety disorders (Chapter 9) and may influence future studies in 

terms of design.  

Primarily, however, this PhD work provides evidence that mood overall, (not 

only the psychopathological state of MDD) and several HRV measures have a linear 

relationship (Chapter 10), which is a novel contribution to the literature. It further 

provides evidence that this relationship persists over time (Chapter 11), another 

significant finding, although the positive findings are only significant for people with 

CHD. These findings begin to point to HRV as a physiological surrogate measure for 
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mood, although this result is not generalizable beyond people with CHD. Future work 

should focus on developing a physiological test for depression, which is discussed in 

Chapter 12. In a wider context of the research area, it is hoped that this work will 

contribute to a larger quantitative analysis of the entire PINE network. Future work 

should include other diseases implicated in the PINE network, such as stroke, type 2 

diabetes and the metabolic syndrome which includes overweight and obesity. A 

quantitative model of the PINE network could make significant contributions towards 

preventative and treatment approaches to MDD and CHD and could thus have an 

impact on health policy (Chapter 12).  

Assumptions and Delimitations 

Assumptions 

Two assumptions have been made in this research project. The first 

assumption is that high frequency or short-term measures of HRV are an accurate 

reflection of vagal activity or vagal tone. The premise of this assumption has been 

reviewed (Stapelberg et al., 2012) and is presented in Chapter 4. It is controversial 

whether high frequency or short-term measures of HRV are a “pure” measure of 

parasympathetic (vagal) activity as they measure respiratory sinus arrhythmia (RSA) 

(Grossman & Taylor, 2007), which can be influenced by respiratory rate and depth of 

ventilation  (Hirsch & Bishop, 1981; Ori et al., 1992). While the association between 

short-term measures of HRV and parasympathetic activity holds under many 

conditions, respiratory influences can confound cardiac vagal tone whenever 

respiratory rate or tidal volume (or both) substantially differ between groups or 

conditions (Grossman & Taylor, 2007).  
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The second assumption is that the discrete quantitative data obtained from 

psychometric testing can be meaningfully used in calculations with HRV data. Each 

question in the psychometric tests used (Beck Depression Inventory 2, Hamilton 

Depression Rating Scale, Hamilton Anxiety Rating Scale) represent ordinal data (e.g. 

Thombs, Ziegelstein, Beck, & Pilote, 2008; Ward, 2006). However, the total scores of 

these measures are accepted as being dimensional, continuous variables (Ruscio & 

Ruscio, 2002a; Ruscio & Ruscio, 2000, 2002b). This assumption also implies that 

MDD as an illness lies along a continuum of mood, rather than having a discrete 

cutoff score, a concept which is reviewed and discussed by Ruscio and Ruscio 

(2002a). The assumption being made for this work is thus that the total scores derived 

from these psychometric tests can be treated as dimensional variables, and therefore 

that they can be used as discrete quantitative data in a regression model. All the HRV 

measures represent continuous quantitative data and are admissible in regression 

calculations.  

 

Delimitations 

Logistical and practical delimitations. 

This study had several delimitations of scope. Some of these may impact on 

the generalisability of the results, but were necessary due to practical limitations. 

While a larger study would have yielded a more statistically significant result, the 

number of participants had to be delimited in order to fit within the time and logistical 

constraints of a PhD project. The geographical location of the study was also limited 

to the Gold Coast area in Queensland, Australia, to allow participants easy travel for 

interviews and Holter fitting. While a multicenter study may have been more 

generalisable, a single-center study design was employed for logistical and 
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administrative simplicity and to optimise cost. 

While it has been recommended that participants be followed up at least two 

years in a study such as the present Heart and Mind Study, the length of follow-up 

was delimited to six months to fit within the time constraints of a PhD project. 

Frequency of follow-up visits was also delimited to three per participant due to 

practical reasons. With only the PhD candidate doing all the assessment and follow up 

interviews, participants had to be spaced out. Also, reviews that were too frequent 

would have been too much of an imposition on study participants. 

A further delimitation was made around taking quantitative measures of CHD, 

such as coronary artery calcium score. These measures of CHD are costly medical 

investigations and were not available to the Heart and Mind Study. This is a 

significant delimitation, as the hypothesis that HRV is correlated with severity of 

CHD as a continuous variable, could not be tested. Instead, a relatively static marker 

for CHD, the occurrence of a myocardial infarction, or surgical intervention for 

coronary vessel disease (stenting or coronary artery bypass graft), was adopted. The 

Heart and Mind Study will thus treat CHD as a categorical variable for the purposes 

of data analysis, or CHD and non-CHD cohorts will be analysed separately. While 

this will have implications for the comprehensiveness of the regression model, the 

fact that a uniform marker of CHD severity has been chosen means that the CHD 

cohort may be fairly homogenous in terms of severity of CHD (see Chapter 12). A 

delimitation was also made around obtaining other clinical measures such as 

inflammatory markers, cortisol levels and other biomarkers known to be associated 

with the PINE network (see Chapter 3). 

Ethical and diagnostic delimitations 
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Participants with depression so severe as to include catatonic or psychotic 

symptoms, or to render people at risk of harm to themselves or others, were excluded 

from the study (see Chapter 6). Such people would arguably be so unwell as to lack 

capacity and would therefore not be able to provide consent for the study. There 

would also be safety concerns, which would need to be addressed with possible 

inpatient psychiatric treatment. They would also require acute treatment likely to 

include pharmacotherapy, making them ineligible for the study. The full exclusion 

criteria for the Heart and Mind Study are discussed and justified in Chapter 6.  

Another significant delimitation is that while ‘the full spectrum of mood’ is 

discussed in this thesis, it is taken to mean ranging from euthymia to depressed mood. 

Mania and hypomania have not been included in this research. Mania and hypomania 

are psychopathalogical mood states and form part of the clinical criteria for the 

diagnosis of bipolar disorder (Association, 2000). While people suffering with bipolar 

disorder do have episodes of depressive illness, bipolar disorder is a distinct and 

separate diagnosis from MDD and as such it has not been included in this research.  

Thesis Outline 

Figure 1.2 provides an overview of the entire PhD project and how the thesis 

is structured. Several published papers have arisen from the PhD research, and this is 

reflected in the thesis structure. Chapters 2, 3, 4, 5, 8, 9, 10 and 11 incorporate either 

published journal articles, or papers which have been submitted for peer review and 

publication. The preambles in each chapter serve to link published papers and show 

how they integrate into the coherent body of work presented in this thesis. A brief 

overview of the content of individual chapters is given below.  
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Figure 1.2: An Overview of the PhD Project 
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A Review of the Literature: Chapters 2 to 5 

This body of work is cross-disciplinary. A review of the literature was 

required spanning the parent disciplines of mental health, cardiology, general 

physiology and systems biology. The review of the literature for this PhD project has 

been published as four review articles (Chapters 2, 3 ,4 and 5), which explore 

different themes in the literature.  This review of the literature is necessarily broad, 

but this has also been a considerable advantage, as it has allowed a unique synthesis 

of the biological literature with the application of systems biology.  

Chapter 2 begins with an overview of the relationship between Major 

Depressive Disorder (MDD) and Coronary Heart Disease (CHD), focusing on 

biological correlates. The concepts from Chapter 2 are expanded in Chapter 3 to form 

a comprehensive review of the relationships between mood and cardiac function. This 

work comprises an analysis of how mood and cardiac control are linked in the PINE 

network. It also explains how the PINE network transitions from homeostasis (the 

PINE physiome) to a pathological stable state (the PINE pathome).  

Chapter 4 focuses on the history and methodology of using Heart Rate 

Variability (HRV) in the study of both MDD and CHD. It provides justification for 

using HRV methodology and further identifies existing gaps in the literature. The 

issues of significant suspected confounding of studies by antidepressant medication 

and anxiety represent a gap in knowledge. A further gap in the literature is the use of 

continuous psychometric measures of mood, compared to HRV data over multiple 

follow-up assessments (Stapelberg et al., 2013).  

Chapter 5 provides an analysis of gaps and methodological issues which exist 

in the literature on the relationships between CHD and MDD. It provides a critical 

review of study design, methodological bias and confounders in this literature and 
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makes several recommendations, which provide a methodological map to designing 

an “ideal” study in this field of research. Outcomes and recommendations from 

reviews of the literature (Stapelberg et al., 2012; Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2011; Stapelberg et al., 2013; Stapelberg et al., 2015) 

were used to design a prospective longitudinal cohort study, which would address 

both methodological issues, and provide evidence to address gaps in the literature.  

 

Chapter 6: Data Gathering Methodology and Computer Software 

Chapter 6 provides a description of the data gathering methodology used in 

the Heart and Mind Study. This chapter first describes how findings from the 

literature review were translated methodologically into the design of the Heart and 

Mind Study and then details the methodology for clinical and psychometric 

assessment as well as Holter fitting. This chapter also describes original software 

developed by the PhD candidate to allow processing and data extraction from large 

numbers of RR interval data files. Methodology for data preprocessing is described 

separately in Chapter 8. Similarly, because these methodology chapters were 

submitted for publication, additional aspects of data analysis pertaining to the 

correlation of anxiety and depression measures are presented in Chapters 7 to 9.  

 

Chapter 7 to 9: The Pilot Study and Two Methodological Investigations 

A pilot study was conducted on a small number of participants, principally as 

a feasibility study. Chapter 7 describes the need for the pilot study and presents the 

methodology, results and a brief discussion. Two additional methodological 

investigations were required to properly test the three principal hypotheses in the 

Heart and Mind Study, as presented in Chapters 8 and 9. Chapter 8 describes a novel 
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preprocessing computer program devised by the PhD candidate to remove artifact 

from Holter data. A study was completed to validate this preprocessing tool using 

artificial RR interval data. Chapter 9 describes a study on the correlation between 

anxiety and depressive symptoms in the study data. This study presents data to 

support a high correlation between depressive and anxiety symptoms and provides a 

detailed discussion of the relationships between anxiety and depression, and their 

comorbidity. This preliminary work formed a vital aspect of the data analysis for the 

Heart and Mind Study, as it provides justification for analyzing psychometric scores 

for mood and anxiety separately with regards to HRV.  

 

Chapter 10 and 11: Results from the Heart and Mind Study 

The results from the Heart and Mind Study are presented in two chapters. 

Chapter 10 details the findings from the multiple linear regression analysis performed 

on the first and second data sets, which are the largest data sets (all first psychometric 

assessments and Holter recordings, then all the second review data). This analysis was 

performed separately for the 47 HRV measures as the dependent variables and the 

depression and anxiety measures as the key independent variables. These results will 

cover the participant attributes in detail, the results for the investigation of various 

regression models (incorporating different covariates) and the consistency of these 

models over subsequent reviews. These findings have been submitted for publication 

in the peer-reviewed literature, although additional results not included in the 

submission are in the postscript to this chapter. Chapter 11 presents the results of an 

analysis of the change in the 47 HRV measures compared to the change in depression 

and anxiety measures over the initial review and three follow-up reviews, using 
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measurement invariance analysis. These results explore whether mood and HRV are 

correlated over time across the spectrum from euthymia to major depression.  

 

Chapter 12: Discussion, Conclusions, Implications, Ongoing Research and 

Future Research 

Chapter 12 contains an overarching discussion for the entire thesis, comprising 

a synthesis of all results presented in this body of work, highlighting the innovation 

presented in this thesis, discussing the limitations of the research and then expanding 

on opportunities for future research arising from this body of work. 
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Chapter 2 

The Relationship Between Mood and Cardiac Function in Disease: Major 

Depressive Disorder and Coronary Heart Disease 

Preamble 

The Relationship Between Mood and Cardiac Function in Health and Disease 

The research study described in this thesis examines the quantitative 

relationships between heart rate variability and two standardised psychometric 

measures for depression. Mood is thus assessed as a continuous variable, ranging 

from euthymia (non-depressed) to major depressive disorder. Because HRV is in part 

a measure of cardiac control, largely by the autonomic nervous system, the correlation 

between mood and cardiac function needs to be explored. The existing literature in 

this field can be divided into two areas. The first is the relationship between the 

pathological condition of depressive illness and cardiac pathology, specifically 

coronary heart disease. This literature provides a rich background on how cardiac 

function, and specifically the cardiac pathology of CHD, is related on many levels and 

by multiple mechanisms, with mood, but specifically major depressive disorder. 

These relationships are discussed in detail in the published paper presented in this 

Chapter (Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig, 2011). In this 

work, the PhD candidate aims to make a novel contribution to the literature by being 

the first to apply a systems biology framework to the relationship between MDD and 

CHD by showing that these diseases are related by a causal network of mechanisms 

(Stapelberg et al., 2011). The first published topographical map of the biological and 

behavioural interactions between MDD and CHD are also presented in this paper. 
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A Topographical Map of the Causal Network of Mechanisms Underlying the 

Relationship Between Major Depressive Disorder and Coronary Heart Disease. 

N.J.C. Stapelberg, D.L. Neumann, D.H.K. Shum, H. McConnell, I. Hamilton-Craig 

Abstract 

Objective 

Major Depressive Disorder (MDD) and Coronary Heart Disease (CHD) are 

both clinically important public health problems. Depression is linked with a higher 

incidence of ischaemic cardiac events and MDD is more prevalent in patients with 

CHD. No single comprehensive model has yet described the causal mechanisms 

linking MDD to CHD. Several key mechanisms have been put forward, comprising 

behavioural mechanisms, genetic mechanisms, dysregulation of immune mechanisms, 

coagulation abnormalities and vascular endothelial dysfunction, polyunsaturated 

omega-3 free fatty acid deficiency, and autonomic mechanisms. It has been suggested 

that these mechanisms form a network, which links MDD and CHD. 

The aim of this review is to examine the causal mechanisms underlying the 

relationship between MDD and CHD, with the aim of constructing a topological map 

of the Causal Network which describes the relationship between MDD and CHD. 

Methods 

The search term “depression and heart disease” was entered into an electronic 

multiple database search engine. Abstracts were screened for relevance and 

individually selected articles were collated.  



42 

Results 

This review introduces the first topological map of the Causal Network which 

describes the relationship between MDD and CHD.  

Conclusions 

Viewing the causal pathways as an interdependent network presents a new 

paradigm in this field and provides fertile ground for further research.  The Causal 

Network can be studied using the methodology of Systems Biology, which is briefly 

introduced. Future research should focus on the creation of a more comprehensive 

topological map of the Causal Network the quantification of the activity between each 

node of the Causal Network. 

Key Words 

Major Depressive Disorder, Coronary Heart Disease, Causal Mechanisms, Causal 

Network, Systems Biology, Topological Map 

Acronyms 

ACTH = Adrenocorticotropic Hormone  

AMI = Acute Myocardial Infarction 

CAD = Coronary Artery Disease 

CHD = Coronary Heart Disease 

CNS = Central Nervous System 

CRH = Corticotropin-Releasing Hormone 

CVC = Cardiac Vagal Control 

CVD = Cardiovascular Disease 
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DALYs = Disability Adjusted Life Years 

DHA = Docosahexaenoic Acid  

EPA = Eicosapentaenoic Acid 

HPA = Hypothalamic-Pituitary-Adrenal 

HRV = Heart Rate Variability 

ICAM = Intercellular adhesion molecules 

IHD = Ischaemic Heart Disease 

IL = Interleukin 

MDD = Major Depressive Disorder  

MI = Myocardial Infarction 

PUFA = Polyunsaturated Fatty Acid 

SSRI = Selective Serotonin Reuptake Inhibitor 
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Context: The Global Significance of Depression and Coronary Heart Disease 

Depression and coronary heart disease are important global public health 

problems. Depression is one of the largest causes of morbidity worldwide and 

contributing heavily to estimates of global burden of disease (Vos & Mathers, 2000). 

Major Depressive Disorder (MDD) is also a significant problem in people with co-

morbid medical illness. An average of between 9.3% and 23.0% of individuals with 

one or more chronic physical disease has co-morbid depression  (Moussavi et al., 

2007). Similarly, Coronary Heart Disease (CHD) causes a significant burden of 

disease and is a leading cause of mortality and morbidity worldwide. The worldwide 

prevalence of angina pectoris (a readily identifiable illness related to CHD) is 54 

million people worldwide (World Health Organization, 2008).  

It is well established that there is a link between MDD and CHD (Carney, 

Rich, Freedland, et al., 1988; Frasure-Smith, Lesperance, & Talajic, 1993; Kawachi et 

al., 1994; Musselman, Evans, & Nemeroff, 1998; Rugulies, 2002; Wulsin & Singal, 

2003). Additionally, depression and CHD have a complex reciprocal interrelationship, 

where depressive illness leads to ischaemic heart disease, and heart disease leads to 

depression (Goldston & Baillie, 2008; Seymour & Benning, 2009). Depression has 

been linked with a 3- to 4-fold increase in the risk of recurrent cardiac events as well 

as death (Schulman & Shapiro, 2008). Depression also increases the risk of future 

cardiac mortality and morbidity in patients with coronary artery disease (Lesperance, 

Frasure-Smith, Talajic, & Bourassa, 2002; Penninx et al., 2001). Conversely, people 

with CHD have an approximately three times higher prevalence of depression than 

healthy people (Rozanski, Blumenthal, & Kaplan, 1999). Thombs et al. (2006) found 

that major depression is also three times more common in patients after an acute 

myocardial infarction (AMI) than in the general population.  
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Objective 

If links between CHD and MDD exist, it raises the possibility that common 

mechanisms could be identified which link these diseases. Moreover, this knowledge 

could then be applied to improve prevention and treatment for both conditions. 

However, despite strong evidence for a link between depression and CHD, there is no 

single comprehensive model that describes the mechanism for this relationship  

(Barth, Schumacher, & Herrmann-Lingen, 2004). Several individual pathways have 

been described. These pathways have typically been discussed as separate entities in 

empirical research and reviews have described a small number of related mechanisms 

in detail. For example, both Tracey (2002) and Musselman et al. (1998) provide 

excellent reviews of the relationship between autonomic mechanisms and 

inflammatory mechanisms linking MDD and CHD. However, there is considerable 

overlap and inter-connectivity between all known mechanisms, to the point where 

these previously discretely described causal mechanisms should be seen as a network 

of pathogenic determinants.  

De Jonge et al. (2010) reviewed the possible mechanisms by which MDD and 

CHD may be related. The authors identified the relationship between MDD and CHD 

as a complex system, or network, and suggest that the network might be studied using 

systems biology. This idea was not further explored however. While the paper offers a 

lucid review of the literature around the causal pathways linking MDD and CHD, it 

did not provide a topological map of this network or suggest how systems biology 

might be applied to it. It also does not adequately address the behavioural 

mechanisms linking MDD and CHD, which forms and integral component of the 

overall relationship of MDD and CHD. 
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The aim of this review is to present the key mechanisms linking major 

depression and CHD that have been described in the literature, with the aim of 

constructing a topological map of the Causal Network which describes the 

relationship between MDD and CHD. This review will also explore the concept that 

Systems Biology, which deals with the study of biological networks, can provide a 

useful framework to investigate the relationship between the two disease entities. 

The relationship between MDD and CHD has also been discussed in the 

context of other mental disorders, such as anxiety disorders, or personality and 

character traits  (e.g. Rozanski et al., 1999). While the study of such relationships may 

yield further proposed mechanisms which contribute to the Causal Network between 

MDD and CHD, they fall beyond the scope of this review. 

Study Selection 

The search term “depression and heart disease” was entered into an electronic 

multiple database search engine, “Griffith University Library Multiple Database 

Search”, which searched the following databases: MEDLINE 1950 to present (Ovid), 

BioMed Central, BMJ Clinical Evidence, BMJ Journals Online, Cambridge Journals 

Online, Highwire Press, IngentaConnect, LANGE Educational Library, Lippincott, 

Williams & Wilkins e-journals (Ovid), LOCATORplus, Medi-Lexicon, MEDLINE 

(EBSCOhost), MEDLINE (via PubMed), MEDLINE - OLDMEDLINE 1951-1965 

(Ovid), MEDLINE In-Process (Ovid), Oxford Journals Online, PLoS: Public Library 

of Science, ProQuest (multiple databases), ProQuest Dissertations and Theses - Full 

Text, PsycINFO (Ovid), PubMed, ScienceDirect, ScienceDirect: Medicine and 

Dentistry, SCIRUS (Elsevier), SpringerLink, STAT!Ref: Nursing and Allied Health 

Collection, SUMSearch, SwetsWise, Taylor and Francis ebook collection, Web of 
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Knowledge (ISI), Web of Science (ISI) and Wiley InterScience. No constraints were 

applied to the search. Abstracts were screened for relevance and individually selected 

articles were then collated. The reference lists of relevant articles were then screened 

for further articles of interest. Articles were selected on the basis of (1) specifically 

addressing causal mechanisms, (2) including discussions of aetiology including 

common behaviours, genetics and/or physiological abnormalities or medical co 

morbidity between the diagnoses, and (3) those articles specifically addressing the 

outcomes, prognosis and/or treatment related issues linking depression and cardiac 

disease. 

Mechanisms which link Coronary Heart Disease and Depression 

Six principal mechanisms have been put forward to explain the link between 

major depression and CHD: (a) behavioural mechanisms, (b) genetic mechanisms, (c) 

dysregulation of immune mechanisms, (d) coagulation abnormalities and vascular 

endothelial dysfunction, (e) polyunsaturated omega-3 free fatty acid deficiency, and 

(f) autonomic mechanisms. Other mechanisms have been implicated in the

relationship between MDD and CHD, but have little supporting evidence to date. For 

example, antidepressant cardiotoxicity is suggested to account for the increased 

incidence of adverse cardiac events in depressed people (Carney, Freedland, Miller, & 

Jaffe, 2002). However, this is unlikely to represent a significant mechanism. The 

observed relationship between MDD and CHD precedes the development of 

antidepressant medications, selective serotonin reuptake inhibitors (SSRIs), which are 

now the first line of pharmacological therapy for depression, have few cardiotoxic 

side effects, and the cardiotoxic reactions to antidepressants are generally not severe 

or life threatening (Carney et al., 2002).  
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Although the newer generation of antidepressants has many advantages from a 

cardiac perspective  over tricyclic antidepressants, the role of antidepressant 

cardiotoxity as a confounding variable cannot be excluded here as SSRIs may also 

have significant cardiac effects. These have been reviewed by Pacher and Kecskemeti 

who point out the significant effects of SSRIs clinically in reports where they have 

been shown to produce bradycardia, QT prolongation, decreased T wave amplitude, 

dysrthymia, syncope and falls, and effects on the vasomotor centre and blood pressure 

(Pacher & Kecskemeti, 2004). They have also been shown to affect cellular 

physiology in vitro with effects on cardiac action potentials and on cardiac ion 

channels.  

Behavioural Mechanisms 

Depressed people tend to engage in poor health behaviours such as smoking, low 

physical activity and maintaining a poor diet (Barth et al., 2004; Rozanski et al., 

1999). As a result they have increased rates of obesity and diabetes, which are risk 

factors for cardiac disease (Schulman, Muskin, & Shapiro, 2005). Depression has 

been identified as a risk factor for diabetes (Arroyo et al., 2004; Golden et al., 2004; 

Kawakami, Takatsuka, Shimizu, & Ishibashi, 1999) and diabetes in turn is a risk 

factor for coronary heart disease (Garcia, McNamara, Gordon, & Kannel, 1974). 

Depression is also linked to increased rates of obesity (Goodman & Whitaker, 2002; 

Pine, Goldstein, Wolk, & Weissman, 2001). In a large prospective cohort study, 

where 2088 people were followed up over 5 years, depressed participants showed a 

significantly greater increase in abdominal obesity, especially in visceral fat, than 

non-depressed people (Vogelzangs et al., 2008). A meta-analysis of 15 studies on the 

relationship between obesity and MDD confirmed a reciprocal link between 
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depression and obesity (Luppino et al., 2010). Obesity was thus found to increase the 

risk of depression, but additionally, depression was found to be a predictor for 

developing obesity. Links between obesity and sympathetic autonomic dysfunction in 

depression are discussed in Autonomic Mechanisms below. 

The metabolic syndrome is a combination of metabolic conditions which 

increase the risk of developing cardiovascular disease and insulin resistance. 

Conditions associated with the metabolic syndrome, namely obesity, diabetes, and 

hyperglycemia, have also been associated with the presence of depression (Everson-

Rose et al., 2004). In both men and women, the metabolic syndrome has been 

associated with an increased prevalence of depression (Skilton, Moulin, Terra, & 

Bonnet, 2007). This association between the metabolic syndrome and depressive 

illness was independent of age, smoking status, socioeconomic factors, and lifestyle. 

The metabolic syndrome, in turn, has been associated with significantly increased risk 

of all cause and cardiovascular morbidity and mortality (Dekker et al., 2005; Ford, 

2005; S. Malik et al., 2004).  

In addition, depressed people have maladaptive coping styles, suffer from 

chronic life stresses and have increased rates of social isolation and poorer social 

skills (G. Kaplan & Keil, 1993; Segrin, 2000; Tennant, 1999). Depressed patients are 

also less likely to adhere to medical treatment, contributing to poor health outcomes 

(Carney et al., 2002; DiMatteo, Lepper, & Croghan, 2000; Ziegelstein et al., 2000).   

Social isolation in particular has been shown to contribute significantly to poor 

cardiac health and even increased cardiac mortality (House, Robbins, & Metzner, 

1982). While objectively poor social support networks are associated with a two- to 

three-fold increase in the incidence of CHD over time, low levels of perceived 

emotional support by the patient also result in an increased risk of future adverse 
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cardiac events (Rozanski et al., 1999). An almost three-fold increase in subsequent 

adverse cardiac events has been found in patients post-MI who had low levels of 

emotional support (Berkman, Leo-Summers, & Horwitz, 1992). The direction of 

causality between social support and depression is still not clear however, even 

though these variables have been shown to influence each other (Frasure-Smith et al., 

2000). Inadequate social support and social isolation may lead to depression, 

particularly in the context of a significant stressor such as an MI (Joutsenniemi, 

Martelin, Martikainen, Pirkola, & Koskinen, 2006).  

Psychological distress, low self-esteem and impairment in occupational and 

social functioning occurs in patients after MI (M. A. Brown, Munford, & Munford, 

1993; Stern, Pascale, & Ackerman, 1977). While psychological distress in such 

studies is discussed along with depressive illness and anxiety symptoms, the question 

whether stress and distress following an MI then lead to further deterioration in the 

form of MDD is not entirely clear. It could be argued, however, that factors such as 

distress around loss of function post-MI, for example, combined with factors such as 

limited social support, could directly contribute to an increased risk of MDD. 

Depressed patients have higher rates of daily smoking and nicotine 

dependence (Breslau, Peterson, Schultz, Chilcoat, & Andreski, 1998; Fergusson, 

Goodwin, & Horwood, 2003) and are less likely to give up smoking (Anda et al., 

1990; Hall, Munoz, Reus, & Sees, 1993; John, Meyer, Rumpf, & Hapke, 2004; 

Quattrocki, Baird, & Yurgelun-Todd, 2000). Cigarette smokers have almost three 

times the rate of acute MI as compared with non-smokers (Yusuf et al., 2004), 

potentially establishing a causal link between increased smoking behaviour in MDD 

and the increased incidence of CVD.  
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The behavioural mechanisms are summarised in Figure 2.1. Despite the above 

evidence, however, there is an increase in cardiac disease risk in depressed patients 

even after cardiac risk factors such as smoking are statistically adjusted for. Thus, 

while behavioural factors play a role in increasing the risk of cardiac disease in 

depressed patients, they do not on their own account for the link between the two 

disease entities.  

Figure 2.1. Behavioural Mechanisms Linking Major Depressive Disorder And 
Coronary Heart Disease
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Genetic Mechanisms 

There is some evidence to support a theory of genetic mechanisms which link 

MDD and CHD. Attempts have been made to extend such theory to MDD in the 

context of cardiovascular disease. Despite some promising findings (McCaffery et al., 

2009), the genetic mechanisms linking depression and cardiovascular disease are 

complex and this field still requires much further research. While a comprehensive 

examination is beyond the scope of this review, some of the pertinent findings are 

discussed below. 

The 5-HTT serotonin transporter gene codes for the serotonin transporter 

protein, which facilitates the reuptake of serotonin from the synaptic cleft in 

serotonergic neurons. Genetic polymorphism of the serotonin transporter gene has 

been implicated in the pathogenesis of MDD (Furlong et al., 1998; Ogilvie et al., 

1996; Owens & Nemeroff, 1994). People who have one or two short alleles of the 5-

HTT serotonin transporter gene, become depressed more often after stressful events 

than people who have two long alleles of this gene (Caspi et al., 2003). The short 

allele of this polymorphism can reduce the transcription efficiency of the gene, 

resulting in reduced expression of the serotonin transporter in the membrane of the 

pre-synaptic neuron. The short allele has been shown to predict depression in the 

presence of stressful life events (Caspi et al., 2003; Eley et al., 2004; Hoefgen et al., 

2005; Jacobs et al., 2006; Kaufman et al., 2004; Kendler, Kuhn, Vittum, Prescott, & 

Riley, 2005; Wilhelm et al., 2006; Zalsman et al., 2006), although the mechanism by 

which it results in MDD is still not known (Otte, McCaffery, Ali, & Whooley, 2007). 

There is also evidence of the short allele being associated with MDD in patients after 

suffering an acute coronary syndrome (Nakatani et al., 2005). A possible link also 

exists between the short allele of the serotonin transporter genome and sympathetic 
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nervous activation. Otte et al. (2007) demonstrated that among people who were 

carriers of the short allele and who had stable CHD, there was an increased risk of 

depression, an increase in perceived stress levels, as well as increased secretion of 

noradrenaline. Increased sympathetic activation in turn has been linked to CHD, as 

discussed in the section on Autonomic Mechanisms below.  

The serotonin transporter protein  (5-HTT) is also the site of action of 

antidepressants which block serotonin reuptake from the synapse (Hoffman, Mezey, 

& Brownstein, 1991; Ramamoorthy et al., 1993). Common genetic polymorphisms of 

several monoamine systems, such as 5-HTT, MAO-A or COMT, have been studied as 

candidate genes for mood disorders (Ramasubbu, 2003). However, it has also been 

proposed that the serotonin transporter gene functional polymorphism may confer 

susceptibility for some cardiovascular risk factors as well as for mood disorders 

(Ramasubbu, 2003). The hypothesis has thus been proposed that serotonin transporter 

gene functional polymorphism could also represent a mechanism for depression-

related increased cardiovascular morbidity and mortality (Ramasubbu, 2003). There is 

however little direct evidence of the genetic contribution to depressive symptoms with 

CVD (McCaffery et al., 2009). A candidate gene study on French-Canadian subjects 

with established CVD focused on genes related to inflammation, platelet aggregation, 

endothelial function and omega-3 fatty acid metabolism as predictors of depressive 

symptoms (McCaffery et al., 2009). The study found that genetic variation in genes 

relevant to endothelial dysfunction and platelet aggregation could contribute to 

depression in cardiac patients. This study thus relates possible genetic mechanisms to 

inflammatory mechanisms, endothelial dysfunction and platelet activation.  

The relationships between these mechanisms are shown in Figure 2.2. 
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Figure 2.2.  Genetic Mechanisms Linking Major Depressive Disorder And 
Coronary Heart Disease 

Inflammatory Mechanisms 

Dysregulation of immune mechanisms involving proinflammatory cytokines 

in major depression can cause CHD (Appels, Bar, Bar, Bruggeman, & de Baets, 2000; 

Danesh et al., 2000; Kiecolt-Glaser & Glaser, 2002). People with a depressive illness 

have a dysregulation of immune mechanisms involving pro-inflammatory cytokines, 

which include elevated levels of interleukins  (IL) such as IL-1, IL-2, IL-6, tumor 

necrosis factor and acute phase proteins such as C-reactive protein (Appels et al., 
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2000; Bremmer et al., 2008; Danesh et al., 2000; Kiecolt-Glaser & Glaser, 2002; 

Maes et al., 1995; Mikova, Yakimova, Bosmans, Kenis, & Maes, 2001; Miller, 

Stetler, Carney, Freedland, & Banks, 2002). Increased levels of these inflammatory 

markers have been linked to cardiac diseases such as congestive heart failure, 

coronary heart disease, and MI (Alonso-Martinez et al., 2002; Blum & Miller, 2001; 

Empana et al., 2005). 

Atherosclerotic lesions have been postulated to stimulate a chronic, low-grade 

immune activation, resulting in increased production of cytokines (Tousoulis, Davies, 

Stefanadis, Toutouzas, & Ambrose, 2003). Conversely, inflammation may be linked 

to an increased rate of atherosclerosis, which in turn confers greater risk of adverse 

cardiac events (Dantzer, Wollman, & Yirmiya, 2002). Atherosclerosis is not only a 

risk factor for CHD, but it has also been suggested that atherosclerosis independently 

causes both depressive and cardiac illness, possibly simultaneously (Frasure-Smith & 

Lesperance, 2005). Increased levels of cytokines can result in depressive symptoms 

such as loss of appetite, fatigue, and also apathy and social withdrawal (Frasure-Smith 

& Lesperance, 2005). Attempts to show that there is a cumulative effect with regards 

to cytokine levels in patients with depression as well as heart disease have been 

inconclusive, however (Schins et al., 2005; Schulman & Shapiro, 2008). If both 

depression and illnesses such as CHD are caused by a third entity such as 

atherosclerosis, this may explain such a finding.  

In addition, it has been suggested that autonomic neural pathways reflexively 

monitor and adjust the inflammatory response. A review by Tracey (2002) has 

postulated the existence of a neuro-inflammatory reflex, where inflammatory stimuli 

activate sensory pathways that relay information to the hypothalamus, which in turn 

activates an anti-inflammatory response. There is evidence showing that the neural 
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control of acute inflammation is reflexive and can inhibit the activation of 

macrophages and the release of cytokines via the vagus nerve. Thus, if stimulation of 

the vagus nerve can inhibit the release of cytokines and counteract an inflammatory 

response (Tracey, 2002), it could thus be postulated that vagal dysfunction could 

result in increased inflammatory markers, contributing to CHD. 

The relationships discussed above are depicted in Figure 2.3. Empana et al. 

(2005) also found that depressed mood is related to CHD even after adjustment for 

inflammatory markers, suggesting that they are not the sole mechanisms accounting 

for the association between depression and CHD.  
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Figure 2.3.  Inflammatory Mechanisms Linking Major Depressive Disorder 
And Coronary Heart Disease 

Endothelial Dysfunction and Platelet Activation 

Coagulation abnormalities and vascular endothelial dysfunction are thought to 

cause the development of, or acceleration of, atherosclerosis in people with 

depression, via raised platelet activation or increased levels of immune cells 

(Laghrissi-Thode, Wagner, Pollock, Johnson, & Finkel, 1997; Nemeroff & 

Musselman, 2000; O'Connor, Gurbel, & Serebruany, 2000). There is good evidence 
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for a link between mental stress and endothelial function. Acute psychological stress 

was shown to cause transient endothelial dysfunction in healthy men with no known 

risk factors for cardiovascular disease (Ghiadoni et al., 2000).  In another study on 

healthy subjects with no cardiovascular risk factors, a 3 minute mental stress task 

resulted in prolonged endothelial dysfunction (Spieker et al., 2002). Both studies 

provide evidence for a link between psychological stress and atherogenesis. Evidence 

shows that endothelial function also becomes impaired in depressed people (Broadley, 

Korszun, Jones, & Frenneaux, 2002). Depression was associated with endothelial 

dysfunction in a study of 193 post-menopausal women (K. F. Harris, Matthews, 

Sutton-Tyrrell, & Kuller, 2003). Although the study finding is expressed in terms of 

the psychosocial trait of depression/anxiety, depression was measured using the Beck 

Depression Inventory and correlated with endothelial dysfunction. A similar finding 

of endothelial dysfunction was made in a study of antidepressant naïve depressed 

young adults diagnosed using Diagnostic and Statistical Manual IV criteria for MDD 

(Rajagopalan et al., 2001). In patients who have suffered an acute coronary syndrome, 

those who are depressed have higher levels of cellular adhesion molecules such as 

ICAM-1 (Lesperance, Frasure-Smith, Theroux, & Irwin, 2004). Even in medically 

healthy patients, depressive illness leads to increased levels of ICAM-1, which 

predisposes to increased risk of CHD (Empana et al., 2005).  

Depression has also been linked to increased risk of cardiac thrombotic events 

via platelet reactivity and activation (Frasure-Smith & Lesperance, 2005). Upon 

activation, platelets secrete serotonin, which acts on platelet serotonin receptors to 

promote aggregation on the platelets (Dale et al., 2002; De Clerck, 1991) and causes 

vasoconstriction of arteries (Schulman & Shapiro, 2008; Weyrich, Solis, Li, Tulenko, 

& Santamore, 1992). Depressed patients show an up-regulation of serotonin receptors 
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on platelets, leading to increased density of platelet serotonin receptors (Arora & 

Meltzer, 1989; Sheline, Bardgett, Jackson, Newcomer, & Csernansky, 1995) and 

changes in platelet reactivity and activation (Cerrito, Lazzaro, Gaudio, Arminio, & 

Aloisi, 1993; Nemeroff, Knight, Franks, Craighead, & Krishnan, 1994; Shimbo et al., 

2002). Platelet activation can cause increased thrombosis, arterial occlusion and 

vasoconstriction (Musselman et al., 1998). Platelet activation likewise increases the 

levels of inflammatory cytokines (Vieweg et al., 2006). Both endothelial dysfunction 

and platelet activation in depressed people contribute to atherosclerosis and vascular 

damage (Laghrissi-Thode et al., 1997; Nemeroff & Musselman, 2000; O'Connor et 

al., 2000; Vieweg et al., 2006), as well as abnormal brachial artery flow-mediated 

vasodilation (Rajagopalan et al., 2001). Atherosclerosis is suggested as compromising 

cerebral blood supply, leading to damage and neuronal loss in brain regions involved 

in mood and cognition, resulting in major depression (this concept has been termed 

the vascular depression hypothesis) (Alexopoulos et al., 1997; Frasure-Smith & 

Lesperance, 2005). These relationships are shown in Figure 2.4. 
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Figure 2.4.  Endothelial And Coagulopathic Mechanisms Linking Major 
Depressive Disorder And Coronary Heart Disease 

Polyunsaturated Omega-3 Free Fatty Acid Deficiency 

Low serum and low red blood cell levels of omega-3 Polyunsaturated Fatty 

Acids (PUFAs) are associated with MDD in patients with CHD (Amin, Menon, Reid, 

Harris, & Spertus, 2008; Frasure-Smith, Lesperance, & Julien, 2004; Parker et al., 

2006). Omega-3 fatty acid deficiency is also associated with depression in the absence 

of other medical illness (Hibbeln, 1998; Hibbeln & Salem, 1995; Horrobin, 2002; 

Locke & Stoll, 2001; Maes et al., 1996; Sontrop & Campbell, 2006). Conversely, 

eating foods containing PUFAs such as eicosapentaenoic acid (EPA) and 
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docosahexaenoic acid (DHA) have been shown to reverse depression and enhance 

antidepressant efficacy (Lin & Su, 2007; Nemets, Stahl, & Belmaker, 2002; Peet & 

Horrobin, 2002). Omega-3 fatty acid deficiency is separately associated with CHD 

(Kris-Etherton, Harris, & Appel, 2002). It has even been proposed that red blood cell 

EPA plus DHA be considered as an “Omega-3 Index” to predict risk for death from 

CHD (W. S. Harris & Von Schacky, 2004).  

PUFAs form constituents of cell membranes (Bruinsma & Taren, 2000). EPA 

and DHA in particular are found to be concentrated at neuronal synapses and are 

considered to play an important role in neurotransmission and receptor function in the 

human brain (Bruinsma & Taren, 2000; Haag, 2003; Kris-Etherton et al., 2002). As 

such, this may represent a direct mechanism by which omega-3 PUFA deficiency 

causes MDD. 

However, it has also been shown that major depression in acute coronary 

syndrome patients is associated with significantly lower plasma levels of omega 3 

PUFAs (Frasure-Smith et al., 2004). Deficiency of these essential fatty acids could 

thus also represent a mechanism which links MDD and CHD (Frasure-Smith et al., 

2004). There is evidence that a dietary deficiency of PUFAs is associated with an 

increased risk of inflammation (Iso et al., 2002) and that the effects of hypertensive, 

atherosclerotic and chronic inflammatory disorders may be exacerbated by inadequate 

intake of PUFAs (Simopoulos, 2002). The casual pathways by which PUFAs link 

CHD and MDD  (Figure 2.5) may thus primarily involve inflammatory mechanisms 

and atherosclerosis.  
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Figure 2.5.  Polyunsaturated Omega-3 Free Fatty Acid Deficiency Linking 
Major Depressive Disorder And Coronary Heart Disease 

Autonomic Mechanisms 

Autonomic dysregulation, caused by depression, is thought to result in altered 

function of the sympathetic nervous system, activation of the hypothalamic-pituitary-

adrenal axis, as well as parasympathetic changes, with irregularities of vagal control. 

This autonomic dysregulation has in turn been linked to an increased risk of 

cardiovascular disease (Musselman et al., 1998).  

People with depression have increased sympathetic activation (Esler et al 

1982; Veith et al, 1994), an increased resting heart rate, increased heart rate responses 
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to physical stressors, impaired baroreflex sensitivity, high variability in ventricular 

repolarization, and reduced heart rate variability (Davydov, Shapiro, Cook, & 

Goldstein, 2007; De Meersman & Stein, 2007). These changes in turn have been 

associated with increased mortality and cardiac morbidity (Grippo & Johnson, 2002). 

The causal pathways discussed below are summarised in Figure 2.6. 

The sympathetic nervous system  

People suffering from MDD can have increased activation of the sympathetic nervous 

system (Esler et al., 1982; Veith et al., 1994). Furthermore, sympathetic hyperactivity 

has been implicated in increased cardiovascular morbidity and mortality in people 

suffering from MDD (Carney et al., 1995; Sloan, Shapiro, Bagiella, Myers, & 

Gorman, 1999). Depressed people have been found to have increased levels of 

sympathetic tone as evidenced by elevated noradrenalin spillover (Esler et al., 1982; 

Veith et al., 1994). Activation of the cardiac sympathetic outflow occurs under 

conditions of experimental mental stress (Esler, Jennings, & Lambert, 1989) and 

increased sympathetic outflow has also been associated with the severity of symptoms 

of depression during experimental mental stress (Hamer, Tanaka, Okamura, Tsuda, & 

Steptoe, 2007; Hughes & Stoney, 2000; Light, Kothandapani, & Allen, 1998; 

Sheffield et al., 1998). Reaction to stress is generally characterised by an increase in 

sympathetic nerve activity, which results in physiological changes including increased 

cardiac output, heart rate and blood and increased muscular blood flow (Scalco et al., 

2009). The increase in these physiological parameters is proposed to be a causal 

factor between emotional stress and adverse cardiovascular events (Scalco et al., 

2009). 
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Barton and colleagues (2007) compared whole body sympathetic outflow with 

cardiac sympathetic outflow in people with MDD versus healthy controls. Participants 

with MDD as whole group did not display elevated sympathetic activity compared 

with the healthy control group. However, there was a bimodal distribution of cardiac 

and whole body sympathetic nerve activity in the participants with MDD, with one 

subgroup who displayed marked sympathetic activation and a subgroup with low 

sympathetic activity. Such findings allude to the underlying complexity of 

sympathetic regulation in MDD (Barton et al., 2007). Cardiac and total sympathetic 

activity in patients with MDD has been found to be elevated, while whereas muscle 

sympathetic activity is unchanged or reduced (Barton et al., 2007; Lambert & 

Schlaich, 2004). Such findings support the finding that sympathetic nervous activity, 

at rest and in response to stressors, is regionalized (Esler et al., 1989). The 

sympathetic outflow to organs such as the heart is preferentially activated, particularly 

during mental stress (Barton et al., 2007; Esler et al., 1989) and this in turn is linked 

with a higher risk of CHD (Carney et al., 1995; Sloan et al., 1999).  

Sympathetic nervous activation has also been shown to occur in obesity and 

the metabolic syndrome (Grassi et al., 1995). While several mechanisms have been 

proposed to explain the primary etiology of obesity and obesity-related metabolic 

disturbances  (reviewed in Lambert et al., 2010), sympathetic nervous activity has 

been shown to be elevated in obese persons (Grassi et al., 2004; Straznicky et al., 

2005), and sympathetic outflow changes are considered to be a significant contributor 

to obesity and its related metabolic sequelae  (Lambert et al., 2010). Obesity has been 

associated with increased urinary noradrenaline and normetanephrine levels (Brunner 

et al., 2002; Lee et al., 2001). Obese people have also been shown to have increased 

efferent muscle sympathetic nerve activity (Grassi et al., 2004; Straznicky et al., 
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2005) as well as increased rates of noradrenergic spillover to the blood from the 

kidneys (Vaz et al., 1997). The effects of sympathetic activation in obese people have 

been linked to cardiovascular pathology such as CHD and cardiac failure via 

pathways such as hypertension and renal pathology (Lambert et al., 2010). 

The hypothalamic-pituitary-adrenal axis 

Depressed mood and stress can cause dysregulation of the Hypothalamic-

Pituitary-Adrenal (HPA) axis (Schulman et al., 2005). The HPA axis is the 

physiological system involved in response to stress (La Rovere, Bigger, Marcus, 

Mortara, & Schwartz, 1998). This stress response is also known as the “fight or 

flight” response (Vingerhoets, 1985) or “general adaptation syndrome” (Selye, 1956). 

It has been proposed that the general adaptational syndrome is governed by 

two systems, the corticotropin-releasing hormone (CRH) system and the locus 

ceruleus-norepinephrine (LC-NE) (sympathetic) nervous system (Chrousos & Gold, 

1992; Gold, Goodwin, & Chrousos, 1988a, 1988b). 

In response to a stressful stimulus, corticotropin-releasing hormone (CRH) is 

released from hypothalamic neurons, triggering the secretion of adrenocorticotropic 

hormone (ACTH). ACTH in turn results in cortisol and catecholamine secretion, 

primarily of adrenaline, but also of noradrenaline. These secretory molecules 

complete a feedback loop by acting on the pituitary, hippocampus and hypothalamus 

to modulate further HPA activity. The sympathetic nervous system is also activated 

(Chrousos & Gold, 1992). The result is the increase of circulating glucose, heart rate, 

and blood pressure (Chrousos & Gold, 1992). 

The relationship between depression and HPA dysfunction was explored as 

early as the 1970’s, when dexamethasone testing was put forward as a diagnostic test 
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for endogenous depression (Carroll, Curtis, & Mendels, 1976). In healthy control 

subjects, dexamethasone administration causes decreased cortisol secretion in 

response to down-regulation of the HPA axis. However, up to 50% of adult depressed 

patients have no suppression of cortisol with administration of dexamethasone, due to 

glucocorticoid hypersecretion (Asnis et al., 1987; Coryell & Schlesser, 2001). 

Depressed people also have increased levels of corticotropin-releasing hormone 

(CRH) in the cerebrospinal fluid, as well as in the paraventricular nucleus of the 

hypothalamus, supporting the hypothesis of an upregulation of the HPA axis in 

depression (Banki, Bissette, Arato, O'Connor, & Nemeroff, 1987; Banki, Karmacsi, 

Bissette, & Nemeroff, 1992; Nemeroff et al., 1984; Raadsheer et al., 1995). Intra-

cerebroventricular administration of CRH in rat (Sirinathsinghji, Rees, Rivier, & 

Vale, 1983) and primate models (Glowa & Gold, 1991) induced decreased levels of 

feeding and sexual activity, sleep disturbance and learning impairment, behaviours 

which have been suggested to imply depressed states in these animals.  

Increased heart rate has been implicated in the increased risk of adverse 

cardiovascular events in depression via HPA axis dysregulation (Grippo & Johnson, 

2002). Corticotropin-releasing hormone increases sympathetic activity, which can 

result in increased mean heart rate (Brown et al., 1982) in patients with depression 

(Forbes & Chaney, 1980). Carney et al. (1993) showed that depressed patients with 

CHD exhibit higher mean heart rates than non-depressed patients with CHD. 

Increased mean heart rate has been shown to independently be a risk factor for 

increased coronary artery plaque rupture (Heidland & Strauer, 2001), providing a 

further mechanism for adverse cardiac events in depressed patients.  

The increase in heart rate occurs in otherwise healthy depressed subjects, as 

well as those with co-morbid cardiac disease (Carney, Rich, teVelde, et al., 1988). 
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Elevated heart rate has been associated with arrhythmias and sudden death, as well as 

myocardial ischemia, and cardiac failure  (Carney et al., 1993; Dyer et al., 1980; 

Kannel, Kannel, Paffenbarger, & Cupples, 1987; Palatini & Julius, 1997). In addition, 

increased heart rate causes increased arterial wall stress and is a risk factor for 

atherosclerosis (Gordon, Guyton, & Karnovsky, 1981). 

There is also a relationship between elevated plasma cortisol and early 

atherosclerosis (Troxler, Sprague, Albanese, Fuchs, & Thompson, 1977). Chronic 

HPA and sympathoadrenal hyperactivity have also been linked to atherosclerosis 

(Kaplan, Pettersson, Manuck, & Olsson, 1991). These links may provide a further 

mechanism as to how increased plasma cortisol levels increase the risk of CVD. In 

addition, there is evidence that patients with Cushing’s disease, who have increased 

cortisol levels, have an increased risk of cardiovascular disease (Colao et al., 1999). 

Sympathetic hyperresponsiveness has also been linked to the development of 

myocardial ischemia during exercise and mental stress (Goldberg et al., 1996). Krantz 

et al. (1991) also showed that patients with CAD who had greater cardiovascular 

reactivity had higher rates of mental stress-induced myocardial ischemia. 

The prefrontal cortex is intimately connected with the limbic system and is 

assumed to be involved in the modulation of autonomic responses to stress and 

emotional stimuli. Davydov et al. (2007) suggested that the prefrontal cortex is part of 

the limbic system in terms of modulation of autonomic response. While such a 

classification might be controversial, there is evidence that the prefrontal cortex 

directly modulates cardiovascular control (Resstel, Fernandes, & Correa, 2004). It is 

thus important in mood regulation and in cortical control of the HPA axis and the 

sympathetic nervous system. Depressed patients have been shown to have significant 
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loss of cells in the prefrontal cortex (Rajkowska, 2000). This provides a possible 

mechanism for autonomic instability or dysfunction in people with depression.  

Furthermore, hypothalamic-pituitary-adrenal axis dysfunction has been 

implicated in increasing the levels of pro-inflammatory cytokines (Miller et al., 2002; 

Yudkin, Kumari, Humphries, & Mohamed-Ali, 2000). There is evidence that the 

autonomic nervous system may have an effect on the level of pro-inflammatory 

mediators in the body by modulating certain endocrine functions (Berntson, Norman, 

Hawkley, & Cacioppo, 2008). Adrenergic modulation by the sympathetic system and 

also the HPA axis can result in either the increased or decreased release of pro-

inflammatory cytokines such as tumor necrosis factor (TNF) and interleukin 1 (IL1). 

Inflammatory cytokines, such as IL-6, may in turn further stimulate the HPA axis, 

which leads to the increased secretion of cortisol and other hormones (Miller et al., 

2002; Yudkin et al., 2000). In addition, HPA axis dysfunction and reduced cardiac 

vagal control can result in reduced Heart Rate Variability (HRV) (Thayer & 

Sternberg, 2006). 

Parasympathetic nervous system: Vagal mechanisms and heart rate variability. 

In humans, heart rate is not constant. It varies considerably, subject to the 

cardiovascular demands placed on it and the varied control mechanisms acting in a 

complex network of feedback loops (Carney et al., 1995; Goldberger & West, 1987). 

Heart rate variability  (HRV) measures the beat-to-beat variations in heart rate, which 

naturally occurs in normal cardiac function. Heart rate variability is a key measure of 

the autonomic regulation of cardiac function and “healthy” or normal cardiac function 

is determined by these feedback loops acting on the heart (Carney et al., 2001; Carney 

et al., 1995). The small delays in each feedback loop cumulatively result in complex 
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oscillations in heart rate which are measurable by beat-by-beat time series (J. Kaplan 

et al., 1991). This produces a complex non-linear variation of heart rate. HRV has 

been linked to cardiovascular health outcomes (1987). It has been suggested that poor 

health is associated with a loss of complexity and a correlation exists between severity 

of illness or dysfunction and magnitude of loss of complexity in cardiac control. 

Depression and CHD are theorised to disrupt autonomic control feedback loops 

causing a reduction in HRV (Carney et al., 1995). HRV is thus a key method for 

exploring directly the vagal  (parasympathetic) influence of the brain on the heart and 

vice versa, which may provide a strong and direct neurological mechanism linking 

depression and CHD. 

Parasympathetic cardiac control is the principal mechanism for autonomic 

regulation of cardiac function (Rottenberg, 2007) and is mediated by the vagus nerve 

(Higgins, Vatner, & Braunwald, 1973). Changes in vagal tone have been linked to 

both depression and cardiac disease (Rottenberg, 2007). The control of physiological 

cardiac parameters such as heart rate are hypothesised as being the result of a 

dynamic equilibrium between opposing sympathetic and parasympathetic  (vagal) 

influences (Berntson, Cacioppo, & Quigley, 1991). This dynamic equilibrium, which 

also results in HRV, is thought to occur due to co-activation or co-inhibition of the 

sympathetic and parasympathetic nervous systems, or an activation of one with an 

inhibition of the other  (Berntson et al., 1991). However, vagal tone is thought to 

provide overall control of the equilibrium by acting as a “brake”, counteracting and 

damping sympathetic drive, resulting in the term Cardiac Vagal Control (CVC) to 

refer to the balance of both sympathetic and parasympathetic control elements 

(Rottenberg, 2007). The level of resting vagal tone is linked to physiological 

responses to stressful situations. High baseline levels of cardiac CVC allows 
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appropriate regulation of sympathetic and parasympathetic balance. Weak 

parasympathetic control in turn may be linked to poor balance of parasympathetic and 

sympathetic control (Rottenberg, 2007). 

Depression can cause reduced cardiac vagal control (Rottenberg, 2007). 

Reduced HRV may in itself present a further mechanism relating depression and 

CHD, as HRV is a known risk factor for sudden death and ventricular arrhythmias in 

patients with CHD (Curtis & O'Keefe, 2002; Huikuri & Makikallio, 2001; Tsuji et al., 

1996). Early HRV changes have been shown to occur following myocardial infarction 

(MI) and have been linked prognostically to mortality risk (Bigger et al., 1996; Casolo

et al., 1992; Farrell et al., 1991; Kleiger, Miller, Bigger, & Moss, 1987; M. Malik, 

Farrell, & Camm, 1990; Pedretti, Etro, Laporta, Sarzi Braga, & Caru, 1993). The 

relative risk of mortality after acute myocardial infarction is significantly higher in 

patients with decreased HRV (Bigger et al., 1988; Kleiger et al., 1987). A decline in 

HRV increases the risk of myocardial infarction and coronary insufficiency (Tsuji et 

al., 1996), increases the relative risk of death from cardiovascular disease (Dekker et 

al., 2000; Dekker et al., 1997) and increases the risk for sudden cardiac death 

(Goldberger, Findley, Blackburn, & Mandell, 1984; Myers et al., 1986). It should be 

noted, however, that low HRV has also been associated with increased risk of death in 

individuals without hypertension, diabetes, cancer, or symptomatic heart disease 

(Dekker et al., 2000). 

Finally, it has been suggested that there may be evidence for a causal 

relationship between CVC and depression and that CVC may be involved in 

depression maintenance (Rottenberg, 2007).  
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The Relationship between Major Depression and Coronary Heart Disease: A 

“Causal Network”. 

From the review of the literature, it is evident that there are several possible 

mechanisms responsible for the observed relationship between depression and cardiac 

disease. They are often presented as separate entities in the literature (Barth et al., 

2004; Carney et al., 2002). However, it is conceivable that no one mechanism stands 

alone as a cause for the relationship. In fact, the causal mechanisms described in this 

review are linked and function in concert, rather than a group of isolated pathways 

linking depression and ischaemic cardiac disease. There are thus considerable inter-

relationships between mechanisms and even the possibility of feedback loops between 

pathways. This suggests that the mechanisms might form a “Causal Network”, which 

describes the relationship between MDD and CHD. This Causal Network thus 

describes all the linked mechanisms connecting MDD and CHD, conceptualising 

them as a single interconnected system. A diagram of the proposed Causal Network, 

based on current evidence, is shown in Figure 2.7. 

 





 74 

Barth et al. (2004) described cytokine, endothelial and autonomic nervous 

system mediated pathways as “direct” pathways between MDD and CHD. The 

authors then describe behavioural mechanisms, such as the increase in classic 

coronary risk factors with depression leading to coronary heart disease, as “indirect” 

pathways. However the overall synergistic effect of multiple interrelated pathways 

linking cardiac disease and depression may mean that no single pathway is solely 

“direct”. Additionally, behavioural factors such as smoking may feed directly into the 

causal network by accelerating processes such as atherosclerosis (Hackam & Anand, 

2003), further blurring what is considered a “direct” and “indirect” pathway.  

Having described how MDD and CHD are linked by a network of causal 

pathways, how does this concept further promote understanding of the complex 

interrelationship between these two disease entities? The Causal Network is best 

conceptualised as a biological network. As such, it is amenable to further study within 

the framework of systems biology (de Jonge et al., 2010). In order to establish how 

systems biology can be applied to the Causal Network, a brief introduction to systems 

biology itself is required. 

 

Discussion: The Application of Network Theory to the Causal Network linking 

Major Depression and Coronary Heart Disease 

Systems Biology, which encompasses Network Theory and its methodological 

approaches, has shown great promise, offering new tools to analyse and understand 

complex biological systems. Systems biology involves an integrated analysis of 

interacting biological pathways or networks  (Noorbakhsh, Overall, & Power, 2009). 

Large numbers of individual elements (such as bio-molecules) or even biological sub-

systems, are measured simultaneously over time and their relationships to each other 
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are elucidated. Complex networks occur widely, with common examples including 

societal and social networks (Alm & Arkin, 2003; Liljeros, Edling, Amaral, Stanley, 

& Aberg, 2001), co-authorship of scientific papers (Barabasi et al., 2002; Newman, 

2001), and the internet (Albert, Jeong, & Barabasi, 1999; Faloutsos, Faloutsos, & 

Faloutsos, 1999). Biological systems in particular are amenable to elucidation using 

network theory, with examples ranging from networks of biochemical interactions or 

gene networks (Alm & Arkin, 2003; Kitano, 2002), protein and enzymatic networks 

(Alm & Arkin, 2003; Nikolsky, Nikolskaya, & Bugrim, 2005), through to metabolic 

pathways (Kitano, 2002) and food webs in ecology (Dunne, Williams, & Martinez, 

2002; Williams & Martinez, 2000). The principles of biological networks also apply 

to disease mechanisms. Noorbakhsh et al. (2009) have argued that systems biology 

methodology has immediate application in understanding complex diseases which 

involve multiple pathogenic determinants. The authors make this point in the context 

of neurodegenerative diseases such as Alzheimer’s disease (Noorbakhsh et al., 2009). 

It is equally applicable to the multiple and complex pathogenic determinants linking 

CHD and Major Depression. It is thus proposed that the Causal Network underlying 

CHD and Major Depression is amenable to analysis using the paradigm of Systems 

Biology. 

There have been proposals to map, understand, and model, in quantifiable 

terms, the topological and dynamic properties of various biological networks, for 

example those that control the behaviour of living cells (Barabasi & Oltvai, 2004). 

Alm and Arkin (2003) have suggested that network topology data can be used to 

generate new hypotheses about how systems are organised. By further studying how 

the various pathways which link CHD to depression are interconnected with each 
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other, understanding could be reached on how to reduce the risk of recurrent cardiac 

events in depressed CHD patients, for example.  

 

 

 Establishing the topology of the network 

By conceptualising the Causal Network as a biological network, it follows that 

the topology of this network needs to be ascertained. Figure 2.7 represents an initial 

attempt to provide a topological map of the causal pathways linking MDD and CHD. 

Applying the paradigm of systems biology would allow the use of several tools to 

establish in detail the topology or overall structural organization of the Causal 

Network. Specific measures such as network degree, degree distribution and the 

clustering coefficient (Barabasi & Oltvai, 2004) could be used to characterise the 

Causal Network.  

Future work should assess whether the Causal Network has characteristics of a 

modular network  (in which each node should have about the same number of links), 

a scale-free network  (in which most pathways are linked through a few highly 

connected ‘hubs’) or a hierarchical network, which has characteristics of both scale-

free and modular networks (Alm & Arkin, 2003; Ravasz, Somera, Mongru, Oltvai, & 

Barabasi, 2002). If, for example, the Causal Network has properties of a scale-free 

network, it means that certain nodes are highly connected and thus critical to the 

causal relationship between MDD and CHD. For instance, inflammatory cytokines  

(see Figure 2.6) might represent such a highly connected hub in the relationship 

between CHD and MDD. This might mean that by focusing clinical prevention or 

treatment on this mechanism, such treatment or prevention may be more effective.  
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Quantification of the Causal Network 

The emergent properties of a biological system  (or network) generally cannot 

be inferred from the characteristics of isolated components or pathways of that 

system. Systems Biology relies on large-scale quantification of biological systems, 

with subsequent integration of the quantified data, which allows the development of 

accurate models of the system (Noorbakhsh et al., 2009). Such models provide 

information not only on the architecture of a given network, but also on the dynamics 

of the network  (i.e., how information, energy or other elements flow through a given 

network). Each mechanism linking Major Depression and CHD can be conceptualised 

as a node in a Causal Network. Attempting to quantify each node will lead to an 

understanding of which nodes contribute more, or less (in quantitative terms), to 

exacerbating cardiac disease in depressed patients, or causing depression in patients 

post MI. Despite being interrelated, it is not clear how much each mechanism may 

contribute to the overall relationship between MDD and CVD in quantitative terms. If 

quantitative relationships can be established between each pathway, and between 

measures of depression and cardiac outcomes, potentially the contribution of each 

mechanism or pathway can be measured and ranked.   

 

Conclusions and Recommendations 

This review has described several mechanisms which have been put forward 

as causes for the link between Major Depression and CHD. Behavioural mechanisms, 

genetic mechanisms, dysregulation of immune mechanisms, coagulation, Omega-3 

PUFA deficiency, as well as vascular endothelial abnormalities and autonomic 

mechanisms, have previously been discussed as separate entities in the literature. 

However, the considerable overlap and inter-connectivity between them suggests that 
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they form a Causal Network which links MDD and CHD. Viewing these causal 

mechanisms as an interdependent network, which is amenable to analysis using a 

Systems Biology approach, presents a new paradigm in this field and provides fertile 

ground for further research. The initial network model presented in this review is 

incomplete and presents a starting point. Further research is required to establish all 

the nodes and links in the network  (i.e. further mechanisms which may link CHD and 

depressive illness, as well as further links between them). However, the following 

recommendations are hoped to guide further research in this field: 

1. More research is needed to further the complete characterisation of the Causal

Network linking MDD and CHD, allowing identification of all the interlinked

mechanisms connecting the two diseases.

2. The establishment of the topology of the Causal Network will allow the most

accurate description  (and subsequent modelling) how all the mechanisms

relate to each other in terms of network theory.

3. The quantification of activity between each node of the network, along with a

model of the network topology, will allow the identification of the most

significant nodes in the causal network.

4. Since these significant nodes will correspond to a specific metabolic or disease

process  (e.g., the increased release of inflammatory cytokines), these nodes or

processes can be specifically targeted to yield an efficient means of disease

prevention of treatment. It is likely that if a key node in the network is targeted

effectively, this intervention may have a significant effect on both MDD and

cardiac risk in patients.
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Adopting a Systems Biology paradigm would allow analysis using techniques 

which already exist to qualitatively and quantitatively analyse biological networks 

and would provide fertile ground for further research. 
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Chapter 3 

From Physiome to Pathome: A Systems Biology Model of Major Depressive 

Disorder and the Psycho-Immune-Neuroendocrine Network 

 

Preamble 

In Chapter 2, the literature dealing with the pathological states of MDD and 

CHD were reviewed, as this is where the majority of literature is focused. More 

challenging is a synthesis of literature to understand how behavior, mood and cardiac 

function might be related in healthy individuals. In an attempt to understand this 

relationship across health and disease, a systems biology framework was again 

applied, and the work published in Chapter 2 was expanded. 

In order to more fully understand the relationship between mood and cardiac 

function, the problem needs to be considered within a wider context. Mood and 

cardiac function have a complex relationship, as it occurs within the regulatory 

framework of the Psycho-Immune-Neuroendocrine (PINE) network, which is 

responsible for metabolic homeostasis. The PINE network regulates the stress 

response and physiological arousal, endocrine function and immune function and 

ultimately has an impact on mood via effects in the central nervous system. The PINE 

network maintains sympathovagal homeostasis through regulation of the autonomic 

nervous system, which impacts cardiac function, and also has an important role in the 

regulation of homeostasis in the central nervous system, which can have direct effects 

on mood and behaviour.  

A review of the literature led to the development of a systems biology model 

of the transition from health to disease, for mood and cardiac function, as well as 
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other physiological systems. This model has been published, and in Stapelberg et al. 

(2015), the first systems biology model of the transition from homeostasis to either 

MDD or CHD in the PINE network is presented. The innovative network model 

combines the latest research findings from diverse areas of research into a cohesive 

framework. Both papers (Stapelberg, Neumann, Shum, McConnell, & Hamilton-

Craig, 2011) (Chapter 2) and (Stapelberg et al., 2015) (Chapter 3) thus make a novel 

contribution to the literature by presenting an innovative perspective on how mood 

and cardiac function interact, across health and disease. 
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Abstract 

 

This article introduces a systems biology model of the psycho-immune-

neuroendocrine (PINE) network. It provides a comprehensive synthesis of the 

network of biological mechanisms which link major depressive disorder (MDD) with 

several diseases including hypertension, atherosclerosis, coronary heart disease 

(CHD), cerebrovascular accident (CVA) and type 2 diabetes. The first part of this 

article provides an overview of concepts such as the PINE physiome and pathome, as 

well as the application of a systems biology framework to explain the significant 

reciprocal associations of MDD with the above named medical illnesses. The second 

part describes the normal physiological pathways of immune mechanisms, the 

hypothalamic-pituitary-adrenal (HPA) axis, autonomic pathways and central nervous 

system function, which form the PINE physiome. The third section describes how 

homeostasis of the PINE physiome is disrupted by chronic stress, on a background of 

genetic and developmental diathesis factors, resulting in a network of 

pathophysiological pathways called the PINE pathome. MDD, CHD, type 2 diabetes, 

CVA, hypertension and atherosclerosis can act to maintain the PINE network in a 

stable pathological state. This article presents comprehensive topographical maps of 

both the PINE physiome and the PINE pathome. Implications of the model and the 

importance of adopting a systems approach to understanding the relationship between 

these diseases is discussed in the last section, including the possibility of novel 

treatments for MDD and areas of future research. 

 

 

 



 116 

Introduction 

There is a significant reciprocal relationship between several general medical 

conditions and major depressive disorder (MDD), including coronary heart disease 

(CHD), type 2 diabetes and cerebrovascular accident (CVA). In addition, there is a 

reciprocal relationship between MDD and several pathological conditions, which 

contribute to the above-named illnesses, including hypertension, atherosclerosis, the 

metabolic syndrome, coagulopathy and a persistent increase in pro-inflammatory 

markers.  

MDD is a risk factor for the development of CHD (Rugulies, 2002; Wulsin & 

Singal, 2003). The risk of developing CHD is 60% higher in depressed patients 

(relative risk (RR), 1.64; confidence interval (CI), 1.29 –2.08). In a large prospective 

cohort study, the odds ratio (OR) of having a myocardial infarction associated with a 

history of major depressive episode was 4.54 (95% CI, 1.65 to 12.44), independent of 

coronary risk factors (Pratt et al., 1996). Depressed people also have a two times 

higher risk of dying in the two years after initial diagnosis of CHD than non-

depressed people (OR, 2.24; 1.37–3.60) (Barth, Schumacher, & Herrmann-Lingen, 

2004). Conversely, CHD patients have around 20% incidence of depression, which is 

3-4 times higher than the general population (Carney et al., 1987; Gonzalez et al., 

1996; Hance, Carney, Freedland, & Skala, 1996).  

MDD also increases the risk of developing type 2 diabetes, with an estimated 

relative risk of 2.23 (95% CI 0.90–5.55) (Eaton, Armenian, Gallo, Pratt, & Ford, 

1996). People with diabetes have double the risk of developing MDD (OR = 2.0, 95% 

CI 1.8–2.2) (Anderson, Freedland, Clouse, & Lustman, 2001).  

Depressed people are 45% more likely to have a CVA and 55% more likely to 

die from a CVA (Pan, Sun, Okereke, Rexrode, & Hu, 2011). In this study, the pooled 
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adjusted HRs were 1.45 (95% CI, 1.29-1.63; P for heterogeneity <.001; random-

effects model) for total stroke, 1.55 (95% CI, 1.25-1.93; P for heterogeneity = .31; 

fixed-effects model) for fatal stroke (8 studies), and 1.25 (95% CI, 1.11-1.40; P for 

heterogeneity = .34; fixed-effects model) for ischemic stroke (6 studies) (Pan et al., 

2011). There is also an increased risk of MDD in CVA patients, with a frequency of 

post stroke depression in the acute phase following CVA of up to 64% (reviewed in 

Andersen, 1997). 

Identifying the key areas of normal function that are disrupted by a disease 

such as MDD is important in understanding that disease. The word physiome is 

derived from the words ‘physio’, meaning life or nature, and ‘ome’, meaning a whole 

entity. The term physiome is defined as the description of the physiological dynamics 

and functional behavior of the intact organism (Bassingthwaighte, Li, & Qian, 1998). 

Using a systems biology approach, a physiome can be viewed as a network of all the 

physiological interactions occurring in an organism. Similarly, a pathome is a 

description of the interrelationships of pathological processes in the intact organism 

(e.g. see He, 2005 for usage of the term).  

There has been an increasing groundswell of evidence pointing to 

physiological mechanisms being prominent in the genesis of MDD, and they are the 

same mechanisms which give rise to all of the other diseases listed above. The patho-

physiological mechanisms which give rise to the diseases above are all linked, 

forming a network, or pathome. Four major areas of physiological functioning are 

disrupted in this network: Immune function, autonomic nervous system function, 

endocrine function, specifically the hypothalamic-pituitary-adrenal (HPA) axis, and 

functioning of the glial-neuronal system in the central nervous system (CNS). These 

areas of physiological function are intimately linked and it is therefore proposed that 
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they be viewed as a single network for the purpose of understanding MDD and its 

related physiological pathologies, such as metabolic syndrome, hypertension, 

atherosclerosis, CHD, CVA and type 2 diabetes.  

The concept of a network which modulates immune function, autonomic 

function as well as HPA axis endocrine function has been described previously as the 

immune-neuroendocrine network (INEN) (Correa et al., 2007) or as the 

neuroendocrine-immune axis (Homo-Delarche & Dardenne, 1993), or the 

neuroendocrine-immune network (Freier, 1990). There is also a considerable body of 

work published in this field for over 30 years using the term psychoneuroimmunology 

(PNI) (e.g. see Ader, 2000), incorporating mechanisms which affect behavior and 

mood.  

Our paper describes, and has been structured around, four core elements which 

comprise this network or physiome: The central nervous system, the immune system, 

the autonomic nervous system and the endocrine system. The authors are of the 

opinion that a suitable term for the network should therefore adequately reflect these 

four elements, and the term Psycho-Immune-Neuroendocrine (PINE) network or 

physiome has been used throughout this article. 

 

2.0 Objectives 

This paper first establishes the concept of the PINE network as a highly 

interrelated network of physiological mechanisms, which regulate energy expenditure 

and stress response, immune function and behavior. We review previous work 

pertaining to this network of mechanisms and show how these physiological 

mechanisms are related to each other. The PINE network is presented as a biological 



 119 

network, or physiome, in the context of systems biology and will thus also be referred 

to as the PINE physiome. 

Secondly, this paper illustrates how MDD can arise from a disruption of 

homeostasis in the PINE physiome, which is caused by chronic stress. We argue that 

while there is a reciprocal correlation between MDD and CHD, type 2 diabetes and 

CVA, these diseases are all caused by related mechanisms, and given rise to by a 

common factor, chronic stress. Stapelberg et al. (Stapelberg et al., 2011) published a 

topographical map of the network of mechanisms linking MDD and CHD, arguing 

that each condition was not caused by a single mechanism, but was brought about by 

a network of interlinked causal pathways. This causal network highlighted the 

predominance of pathophysiological mechanisms which underlie, and link, both 

pathologies. The causal network published by Stapelberg et al. (2011) can be viewed 

as a network of pathological pathways, or a pathome, which arises from a network of 

normal physiological or metabolic pathways (or physiome), which link MDD and 

CHD. This paper seeks to expand the concept of the pathome linking MDD with 

CHD, hypertension and atherosclerosis and extend it to type 2 diabetes, as well as 

CVA, as all of these diseases share the same pathological mechanisms, presented here 

as the PINE pathome. 

Thirdly, we hypothesise that the pathophysiological changes which can give 

rise to any of these diseases arise simultaneously, and that therefore there is a 

simultaneous risk of developing any or all of these diseases. This hypothesis arises 

from a systems theory approach to the PINE network (see section 4.0). Which 

diseases specifically arise from chronic disruption of the PINE network in an 

individual are dependent on vulnerability factors such as genetic and developmental 

factors.  
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Complex dynamical systems or networks do not always respond linearly to 

change. Instead they frequently have critical thresholds or tipping points, which can 

cause the entire system to shift abruptly from one state to another (Scheffer et al., 

2009). When such an abrupt shift occurs, it is known as a critical transition (Scheffer, 

2009). Finally, we postulate that the stress which drives homeostatic disruption of the 

PINE network pushes it towards such a critical threshold or tipping-point, where a 

critical transition of the entire network occurs, from the PINE physiome to the PINE 

pathome. We further present the theory that once established, pathologies such as 

vascular disease, type 2 diabetes, CHD, CVA and MDD act to maintain the PINE 

network in a stable pathological state, by reinforcing each other and thus actively 

maintaining the reciprocal relationships established in the literature.  These concepts 

thus considerably advance the idea of the causal network as originally put forward in 

previous work (Stapelberg et al., 2011).  In addition, this article presents the first 

topographical network maps of both the PINE physiome and the PINE pathome 

(Figures 3.1 and 3.2).  

 

3.0 Methodology 

The search terms “immune neuro endocrine network” were entered into the 

Griffith University Library electronic multiple database search engine. The search 

terms “immune neuro endocrine network” yielded 1867 journal articles. The search 

terms “immune neuro endocrine network and depression” yielded 602 journal articles. 

The search terms “immune neuro endocrine network and coronary heart disease” 

yielded 162 journal articles. Abstracts were screened for their relevance and articles 

were individually selected and collated. 
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4.0 Results: The Psycho-Immune-Neuroendocrine Network Physiome and 

Pathome 

Systems biology has its roots in general systems theory, first put forward by 

Von Bertalanffy (1950). Systems biology includes the study of biological networks, 

which are examples of complex networks or complex biological systems. We have 

previously provided a brief discussion on networks and network theory in the context 

of the causal network linking MDD and CHD (Stapelberg et al., 2011). In order to 

discuss the PINE network as a biological network or physiome, a brief introduction to 

systems biology is provided below.  

A network is any collection of units or elements which relate to each other in 

some way, such as by passing information or energy between units, or allowing each 

unit to influence other units in the network. The individual units or elements in a 

network are called nodes or vertices and the pathways between them are called edges 

(Newman, 2003). Complex networks are ubiquitous and range from computer 

networks such as the internet (Albert, Jeong, & Barabasi, 1999; Faloutsos, Faloutsos, 

& Faloutsos, 1999), social networks (Alm & Arkin, 2003; Liljeros, Edling, Amaral, 

Stanley, & Aberg, 2001) through to biological networks. There has been a surge of 

recent literature on biological networks such as the proteinome (the network of 

protein expression and function in living systems, (e.g. Huber, 2003), the connectome 

(the study of the network of neural connections in the brain (e.g. Toga, Clark, 

Thompson, Shattuck, & Van Horn, 2012) and the physiome (the network of 

physiological processes and interactions in living systems) (e.g. Bassingthwaighte, 

2000).  

The PINE network can be viewed as a physiological network or physiomic 

network. The physiome is a description of the functioning of an organism, taking into 
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account the morphology, chemical and biochemical processes and the structural 

properties of the organism (Bassingthwaighte, 2000). In particular the functional 

relationships within and between hierarchical structures such as genetic, proteomic, 

cell, tissue and organ structures are important and can be studied as complex networks 

(Bassingthwaighte, 2000).  

Network analysis is a formalised methodology used to characterise the 

structure and function of networks (e.g. Jordán, Nguyen, & Liu, 2012; Wasserman, 

1994). For example, there are methodologies for calculating the inter-connectedness 

of nodes, or the distances between nodes in a network, allowing the architecture of a 

network to be elucidated, which in turn yields information about how that network 

functions (Jordán et al., 2012). Such work often starts with the building of a map of 

the network. In some cases topographical maps are constructed from a review of the 

existing literature, such as in this paper. The physiological inter-relationships which 

describe the PINE physiome are reviewed below, and presented as a topographical 

map in Figure 3.1. 
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4.1 The Components of the PINE Physiome 

The concept of a network of immune-neuroendocrine interactions was 

introduced as early as 1977 (Besedovsky & Sorkin, 1977) to describe the numerous 

interactions occurring between immune function and certain aspects of endocrine 

function, which included changes in the electrical activity of the hypothalamus. The 

network of physiological linkages was later expanded to incorporate the autonomic 

nervous system. Further work by Besedovsky et al. (1981) and Besedovsky et al. 

(1985) showed that products of activated immune cells, when injected into rodents, 

induced a pituitary gland modulated increase in plasma corticosterone and a decrease 

in CNS noradrenaline. Immune mediators could thus influence endocrine responses 

that were under CNS control, and a picture emerged of a linked control system 

comprising elements of the immune system, the HPA axis and the autonomic nervous 

system. 

In addition to this, several linkages were made to behaviour and behavioural 

changes via immune, autonomic or endocrine mechanisms (reviewed in Ader, 2000). 

The term ‘psychoneuroimmunology’ was first used in 1980, in a presidential address 

to the American Psychosomatic Society (Ader, 1980). Psychoneuroimmunology is 

defined as the study of the interactions between behavior, neural and endocrine 

function, and immune system processes (Ader, 1980).  

Research progressed to the study of cytokines as signaling agents within the 

immune system, but also between elements of the immune system and other systems 

like the HPA axis (e.g. Berkenbosch, van Oers, del Rey, Tilders, & Besedovsky, 

1987). Research was also conducted into changes in behaviour, which were brought 

about by changes in the immune system. Cytokines were again implicated as 

significant signaling agents that bring about changes in behaviour, termed sickness 
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behaviour, in response to inflammation (e.g. Dantzer et al., 1999). 

Our knowledge of these linkages has continued to improve and to date there is 

good evidence of a highly connected and well-integrated network comprising immune 

function, the endocrine system, the autonomic nervous system and CNS mechanisms 

which can influence behaviour. In addition, the study of networks has expanded 

rapidly, allowing the integration of knowledge regarding inter-related physiological 

pathways into biological systems or biological networks, as described in section 4.0.1. 

The individual components of the PINE physiome and their linkages are summarised 

below. 

 

4.1.1 Immune function related to the PINE physiome. 

 

Immune function can be conceptualised as being divided into natural immune 

components, such as neutrophils and macrophages, which respond naturally and non-

specifically to infection, and specific immune processes, comprising T-helper cells, T- 

cytotoxic cells, and B cells, which act against pathogenic evolutionarily conserved 

molecules in a highly targeted and specific manner. Specific immunity can further be 

divided into cellular and humoral responses, as mediated by T1 helper cells (Th1) and 

T2 helper cells (Th2) respectively (Segerstrom & Miller, 2004). However, these 

divisions can belie the networked complexity of the immune system and its equally 

complex control systems. 

Immune mechanisms are extensively linked to both HPA axis function and 

autonomic function (Eskandari & Sternberg, 2002).  It was initially postulated that the 

role of neuroendocrine systems in immune functioning was to act as a brake for 

immune activation (Correa et al., 2007; Eskandari & Sternberg, 2002; Thayer & 
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Sternberg, 2010). It was recognised that the cellularly mediated immune response was 

effective but slow, and there was a role for a neuronal or hormone mediated immune 

function, to rapidly inhibit a local inflammatory response and prevent extensive tissue 

damage (Dantzer, Konsman, Bluthe, & Kelley, 2000; Olofsson, Rosas‐Ballina, 

Levine, & Tracey, 2012; Tracey, 2002). Tracey (2002) showed that neural control of 

acute inflammation is reflexive and that the autonomic nervous system regulates an 

inflammatory response in real time, primarily through the vagus nerve. The vagus 

nerve has considerable control over immune function, and has close links with HPA 

axis function (Oke & Tracey, 2009; Tracey, 2002). It has since been suggested that 

the role of the neuroendocrine input into the immune system is to optimise the body’s 

overall response to infection rather than to simply inhibit the cellular immune 

response (Correa et al., 2007). The rationale is that the CNS is a key element in 

coordinating the host defense against infection, and it achieves this by coordinating 

metabolic, endocrine and even behavioral changes, which support the overall immune 

response (Goehler et al., 2000). One of the functions of the PINE network as a whole 

is thus immune modulation and coordination, as well as immune homeostasis.  

In order for an immune response to be coordinated from the CNS, the 

existence of an immunosensory system was postulated as a mechanism by which the 

immune system can alert the CNS, which is isolated by the blood-brain barrier, to the 

presence of a peripheral infection (Besedovsky & Del Rey, 1992; Goehler et al., 

2000). McNally (2008) suggested that the peripheral and central inflammatory 

systems operate in parallel, because of the impermeability of the blood-brain barrier 

to many immune mediators. While many immune chemicals such as cytokines may 

not readily cross the blood-brain barrier, there are mechanisms whereby 
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immunological and inflammatory states can be communicated across the blood-brain 

barrier into the CNS.  

Animal studies have shown that a peripheral inflammatory response induces 

the expression of pro-inflammatory cytokines in the CNS (Dantzer, O'Connor, 

Freund, Johnson, & Kelley, 2008). Administration of cytokines peripherally in 

monkeys led to a production of interleukin 6 in their CNS, which was detectable in 

cerebrospinal fluid samples (Reyes & Coe, 1996). The reverse is also true, with 

peripheral production of inflammatory cytokines occurring in response to an over-

expression of IL-1 (Campbell et al., 2007). Communication between peripheral and 

CNS immune function has been shown to occur in a number of ways. It has been 

demonstrated that the vagus nerve can act as a chemosensory organ, possessing 

receptors for peripheral pro-inflammatory cytokines and then acting centrally 

(Goehler et al., 2000). Vagal afferents innervate many organs, such as the gastro-

intestinal tract and the lungs, which have early contact with invading pathogens. 

Vagal sensory neurons express receptors for cytokines, which cause vagal activation, 

which in turn signals the CNS (Dantzer et al., 2000; Gaillard, 1998; Goehler et al., 

2000). The vagus nerve then directly promotes the release of pro-inflammatory 

cytokine release in the CNS (Dantzer et al., 1998; Dantzer et al., 2000; Pavlov, Wang, 

Czura, Friedman, & Tracey, 2003). 

In addition, it has been demonstrated that pro-inflammatory cytokines can “leak” 

across the blood brain barrier in permeable areas such as the organum vasculosum 

lamina terminalis (OVLT) (Cunningham Jr & De Souza, 1993; Eskandari & 

Sternberg, 2002; Licinio & Wong, 1997), where they bind to cytokine receptors in the 

CNS. Furthermore, they can be actively transported in small amounts directly across 

the blood-brain barrier (Banks, Kastin, & Broadwell, 1996). 
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An immune response to invading pathogens is triggered by Toll-like receptors 

in the periphery, which recognise evolutionarily conserved molecules (e.g. bacterial 

endotoxin or lipopolysaccharide) in pathogens such as bacteria (Correa et al., 2007). 

Toll-like receptors, when triggered, promote the increased expression of pro-

inflammatory genes in cells such as macrophages, dendritic cells, endothelial and 

epithelial cells. This results in the release of pro-inflammatory cytokines which attract 

other immune cells, such as leukocytes, into infected tissues (Gatti, Rivero, Motrich, 

& Maccioni, 2006; Mackern-Oberti, Maccioni, Cuffini, Gatti, & Rivero, 2006). It has 

been recognised that pro-inflammatory cytokines have a key role in coordinating an 

initial immune response to infection (e.g. Rodriguez-Galan, Correa, Cejas, & 

Sotomayor, 2002; Rodriguez-Galán et al., 2003). Importantly, Toll-like receptors are 

also present in the CNS, where they respond to circulating pathogen-associated 

molecules which pass through the blood brain barrier at the OVLT (Correa et al., 

2007; Eskandari & Sternberg, 2002). Many circumventricular organs have direct 

neural projections to the hypothalamus, allowing activation of both the HPA axis and 

the autonomic nervous system (Rivest et al., 2000).  

 The peripheral immune response is largely coordinated by cytokines. 

Cytokines are primarily produced by T lymphocytes. T lymphocytes are able to 

recognise pathogenic antigens and also recognise ‘self’ (i.e. normal body tissues). T 

helper cells (CD4 lymphocytes) can be subdivided into Th1 and Th2, and the 

cytokines they produce are known as Th1-type cytokines and Th2-type cytokines 

(Berger, 2000). Th1 cytokines are pro-inflammatory and include interferon gamma. 

Th2 cytokines are anti-inflammatory and include IL4, IL5, IL10 and IL13. A Th2 

response will counteract a pro-inflammatory Th1 response in order to prevent 
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excessive tissue damage due to inflammation (Calcagni & Elenkov, 2006). However, 

Th2 cytokines also promote IgE and eosinophilic responses, which are related to 

allergy and autoimmunity (Berger, 2000). The Th1 and Th2 immune responses are 

maintained in a dynamic equilibrium. Importantly, T lymphocytes have 

glucocorticoid receptors (Neifeld, Lippman, & Tormey, 1977) and are regulated by 

glucocorticoid levels. The importance of Th1 and Th2 immune balance and 

glucocorticoid receptors will be further discussed in section 4.3.3. 

Activated macrophages respond to infection or trauma, secreting pro-

inflammatory cytokines, such as tumor necrosis factor (TNF), which in turn stimulate 

the release of further pro-inflammatory cytokines such as interleukin 1 (IL1) high 

motility group B1 proteins (Campbell et al., 2007; Oke & Tracey, 2009; Tracey, 

2002). Pro-inflammatory cytokines and TNF mediate a localised inflammatory 

response in tissues. Circulating TNF mediates a decrease in cardiac output, systemic 

capillary leakage and microvascular thrombosis (Pavlov et al., 2003). Pro-

inflammatory cytokine release is also thought to result in sickness behaviours, such as 

fatigue, apathy and social withdrawal (Eskandari & Sternberg, 2002) as an 

evolutionary mechanism to allow recovery of the organism (see section 4.3.4.4).  

The parasympathetic nervous division of the autonomic nervous system 

(ANS) utilises acetylcholine (ACh) as a neurotransmitter. ACh has an inhibitory 

action on activated macrophages (Oke & Tracey, 2009; Tracey, 2002). ACh also 

stimulates the HPA axis by promoting corticotropin releasing hormone (CRH) 

secretion (Calogero et al., 1988; Calogero et al., 1989; Oke & Tracey, 2009; Olofsson 

et al., 2012). This in turn stimulates the release of glucocorticoids such as cortisol. At 

physiological concentrations, glucocorticoids modulate the immune system by 

stimulating the release of anti-inflammatory cytokines such as Interleukin 10 (IL10) 
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and transforming growth factor (TGF) beta (Eskandari & Sternberg, 2002). Anti-

inflammatory cytokines in turn have an inhibitory effect on activated macrophages, 

inhibiting the release of TNF and other pro-inflammatory agents (Oke & Tracey, 

2009). Thus, at low concentrations, glucocorticoids favour a Th1/Th2 immune 

balance dominated by Th2. The release of noradrenaline and adrenaline from the 

adrenal glands, via HPA axis stimulation, also causes the release of anti-inflammatory 

cytokines such as IL10 and inhibit production of interleukin 12, TNF alpha, interferon 

gamma (Eskandari & Sternberg, 2002). The release of systemic catecholamines 

suppresses cellular immunity (a Th1 response), but enhances humoral immunity (a 

Th2 response) (Eskandari & Sternberg, 2002). 

In this way, the vagus nerve inhibits the release of pro-inflammatory 

mediators directly via the release of ACh and indirectly via stimulation of the HPA 

axis, which causes the release of glucocorticoids, which inhibit pro-inflammatory 

cytokines (Oke & Tracey, 2009). Because the vagus nerve acts as an inhibitor of pro-

inflammatory cytokine release peripherally, there is a negative feedback mechanism 

whereby systemic pro-inflammatory cytokines stimulate the vagus nerve, allowing a 

localised immune response to be dampened (Eskandari & Sternberg, 2002; Olofsson 

et al., 2012). These pathways are shown in Figure 3.1. There is also a negative 

feedback mechanism by which pro-inflammatory cytokines stimulate the HPA axis, 

thereby promoting the inhibition of further pro-inflammatory cytokine production, 

which in turn limits the pro-inflammatory response (Gaykema, Dijkstra, & Tilders, 

1995; Kapcala, He, Gao, Pieper, & DeTolla, 1996). The HPA axis is also involved in 

immune modulation via the control of estrogen levels (Jansson & Holmdahl, 1998). 

The initial immune response to infection is rapid and locally coordinated. It 

has been recognised that the local immune response benefits from the time delay in 
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activation of global control exercised by autonomic and neuroendocrine systems 

(Correa et al., 2007). This time delay allows the immune response to take place before 

any restraining effect is exercised centrally, but then limits the unnecessary spread of 

inflammation beyond what is required.  

 

4.1.2 Hypothalamic pituitary adrenal axis function related to the PINE 

physiome. 

The hypothalamic pituitary adrenal axis is one of the most widely studied 

regulatory systems in the body. This endocrine pathway starts with the hypothalamus 

in the CNS and has as its ultimate output the secretion of glucocorticoids, such as 

cortisol, into the bloodstream. The paraventricular nucleus (PVN) of the 

hypothalamus contains synthesising motor neurons which release corticotropin-

releasing factor (CRF) into the portal vasculature of the median eminence, which is 

part of the inferior boundary for the hypothalamus (Fink, 2010; Pecoraro et al., 2006). 

CRF stimulates glandular corticotrope cells in the anterior pituitary gland, which in 

turn produce adrenocorticotropic hormone (ACTH). ACTH is then stored in secretory 

vesicles, but CRF also stimulates the release of previously stored ACTH into the 

systemic circulation (Pecoraro et al., 2006). Circulating ACTH then stimulates the 

zona fasciculata of the adrenal cortex to produce glucocorticoids such as cortisol. 

Glucocorticoids are secreted directly into the blood stream. Glucocorticoids can also 

cross the blood brain barrier, where they then act on CNS cells which express 

glucocorticoid receptors. The key function of the HPA axis is the regulation of energy 

supply in the face of metabolic demand (Pecoraro et al., 2006). 

Glucocorticoids such as cortisol are involved in regulating blood glucose 

levels (Starr & McMillan, 2012). Cortisol inhibits insulin secretion and increases 
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glucose levels through gluconeogenesis (Starr & McMillan, 2012). Cortisol also 

inhibits the peripheral utilisation of glucose, termed ‘glucose sparing’, thereby raising 

blood glucose levels (Starr & McMillan, 2012). It furthermore promotes lipolysis, and 

in cases of prolonged cortisol elevation, proteolysis (Starr & McMillan, 2012). 

Glucocorticoids also complete a negative feedback loop, inhibiting ACTH release by 

the anterior pituitary gland and CRH release by the hypothalamus (Starr & McMillan, 

2012).  

It is important to note that both the HPA axis and the sympathetic nervous 

system respond to stress, but the timeframes of this response vary. Sympathetic 

outflow provides an immediate response to stress, modifying metabolic parameters 

(discussed below) and allowing an organism to respond immediately (to ‘fight or 

flee’). Glucocorticoid levels rise slowly in response to HPA axis stimulation, with a 

timeframe of hours (Fink, 2010). Therefore, cortisol provides a longer term stress 

response and arguably brings about more pervasive metabolic changes to manage 

energy availability. In addition, cortisol levels have a diurnal, cyclical component, 

driven by the suprachiasmatic nuclei in the brain, which respond to light levels (Fink, 

2010).  

 

4.1.3 Autonomic function related to the PINE physiome. 

The autonomic nervous system (ANS) plays a central role in the PINE 

physiome. The ANS has been defined as a motor system, which provides control over 

the visceral functions required for homeostasis (Loewy & Spyer, 1990). The ANS 

regulates cardiac muscle, all smooth muscle and all glandular secretions (Loewy & 

Spyer, 1990). The role of autonomic function in immune modulation, and its 

interaction with the HPA axis, have been discussed above. One of the major functions 
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of the ANS is to regulate energy and metabolic requirements of the organism (Hoehn 

& Marieb, 2010; Tortora & Derrickson, 2012). 

The ANS consists of sympathetic and parasympathetic divisions, which 

maintain a dynamic equilibrium (Tortora & Derrickson, 2012). This means that 

normally both divisions are partially active, and since most viscera receive dual 

innervation from the ANS, a dynamic antagonism is produced, which is also known 

as autonomic tone (Hoehn & Marieb, 2010; Tortora & Derrickson, 2012). This allows 

homeostasis to be maintained, but also allows the ANS to rapidly respond to any 

destabilising challenge to homeostasis. Dependent on the circumstances, one or other 

division of the ANS is frequently more active, depending on the energy and metabolic 

requirements of the organism (Hoehn & Marieb, 2010). Traditionally the sympathetic 

division dominates in the ‘fight or flight’ response, whereas the parasympathetic 

division mediates a ‘rest and digest’ state (Hoehn & Marieb, 2010; Tortora & 

Derrickson, 2012). It is to be noted that the two vagus nerves account for around 90% 

of all preganglionic parasympathetic fibres in the body (Hoehn & Marieb, 2010). 

Some physiological functions are predominantly controlled by one system. For 

example, blood pressure is predominantly controlled by the sympathetic division of 

the ANS, whereas cardiac vagal control (CVC) is predominantly controlled 

parasympathetically (Rottenberg, 2007).   

While sympathetic pregangionic neurons utilise ACh as a neurotransmitter, 

most postganglionic sympathetic neurons release the neurotransmitter noradrenaline 

(Loewy & Spyer, 1990). It is worth clarifying that noradrenaline also acts separately 

as a neurotransmitter in the CNS, where noradrenergic neurons project bilaterally 

from the locus ceruleus, innervating the limbic system, cerebral cortex and spinal cord 

(Tsigos & Chrousos, 2002). Adrenergic receptors bind both adrenaline and 
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noradrenaline. Adrenaline and noradrenaline can also be secreted systemically under 

sympathetic activation. The adrenal medulla is responsible for the synthesis, storage 

and secretion of systemic adrenaline and noradrenaline. Noradrenaline and adrenaline 

stimulate blood coagulation (Dintenfass, 1985). Noradrenaline can also stimulate 

vasoconstriction (Dintenfass, 1985).  

Adrenaline controls both heart rate and stroke volume. These parameters are 

also controlled directly via the sympathetic nervous system. Heart rate and stroke 

volume determine cardiac output, which in turn influences blood pressure. The 

autonomic nervous system also modulates the renin angiotensin system (RAS) 

(DeMello & Frohlich, 2009). The RAS is an enzymatic cascade, which modulates 

fluid homeostasis in the body by regulating parameters such as fluid excretion and 

arterial vasoconstriction. The RAS maintains homeostasis of blood pressure. Renin, 

derived from juxtoglomerular cells of the kidneys, promotes conversion of 

angiotensinogen into angiotensin 1. Angiotensin 1 can then be converted to 

angiotensin 2 via angiotensin converting enzyme. Angiotensin 2 acts on the adrenal 

glands, causing the release of aldosterone, which promotes re-absorption of sodium 

and water in the kidneys, leading to increases in circulating blood volume and blood 

pressure. These relationships are again shown in Figure 3.1. 

 

4.1.4 Central nervous system function related to the PINE physiome.  

4.1.4.2 Normal function of the glial-neuronal system and the kynurenine 

pathway.  

Glial cells have many functions in the developing and the mature brain. They 

outnumber neurons by a ratio of ten to one (Kandel, Schwartz, & Jessell, 2000) and it 

has been suggested that this ratio is higher in humans than, for example, in rodents, 
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because of our evolution of higher brain function (Nedergaard, 1994). This in turn 

hints at the importance of glial cells in brain function. Glial cells consist of three main 

cell types (Rajkowska & Miguel-Hidalgo, 2007). The first, oligodendrocytes, are 

responsible for the myelination of neurons. The remaining two are microglia and 

astrocytes, which were previously thought to have just a supportive role in the brain. 

However, they are much more involved in many critical CNS functions than 

previously thought (e.g. Hundal, 2007; Rajkowska & Miguel-Hidalgo, 2007). 

Microglia and astrocytes are significantly involved in energy supply and regulation 

for neuronal function and also support neuronal function by controlling 

neurotransmitter synthesis release and re-uptake (e.g. Bel, Figueras, Vilaró, Suñol, & 

Artigas, 1997; Bezzi et al., 2004; Minelli, DeBiasi, Brecha, Zuccarello, & Conti, 

1996; Takeda, Inazu, & Matsumiya, 2002).  

Microglia are derived from the mononuclear phagocyte lineage and perform 

the positive function of phagocytosis, removing damaged myelin or neurons 

(Rajkowska & Miguel-Hidalgo, 2007). They are also the only CNS cells to be able to 

fully carry out the metabolic kynurenine pathway, which breaks down tryptophan 

before it can be metabolised to serotonin (Müller & Schwarz, 2007). Tryptophan is an 

essential amino acid (unable to be synthesised in the body), which is a precursor for 

the production of serotonin in the CNS (McNally et al., 2008; Müller & Schwarz, 

2007). Tryptophan feeds into the kynurenine pathway, whereby the enzyme 

indoleamine 2,3-dioxygenase (IDO) breaks down tryptophan, converting it to 

kynurenine (McNally et al., 2008; Müller & Schwarz, 2007). Tryptophan availability 

is rate-limiting in the production of serotonin in the CNS (Grohmann, Fallarino, & 

Puccetti, 2003). Kynurenine is further metabolised to kynurenic acid, or to 3-hydroxy-

kynurenine, which is then further converted to quinolinic acid (Müller & Schwarz, 
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2007). Both kynurenic acid and quinolinic acid act on NMDA receptors. Kynurenic 

acid is an NMDA receptor antagonist, but quinolinic acid acts as a selective NMDA 

receptor agonist (Stone & Perkins, 1981a). This is important, as excessive NMDA 

agonism has been linked to cell damage, as described in section (4.3.4.2). 

 

4.1.4.3 Astrocytes. 

Astrocytes have several roles in the brain. They have an anti-inflammatory 

function. They also have a neuroprotective role and in addition they modulate several 

neurotransmitters in the CNS. Astrocytes have a role in the development and 

modeling of synapses and in neuronal regeneration and they promote neurogenesis in 

brain structures such as the hippocampus. Finally, astrocytes have an important 

function in energy regulation and storage, as well as providing energy for neuronal 

function. 

Astrocytes have a neuroprotective role, via secretion of neurotrophic factors such 

as brain-derived neurotrophic factor (BDNF), and via their uptake of excess glutamate 

(McNally et al., 2008). This process occurs via excitatory amino acid transporters 

(EAAT) (Bergles & Jahr, 1998; Danbolt, 2001). While glutamate is an important 

neurotransmitter in the brain, excessive build-up of glutamate has been shown to be 

neurotoxic, as described in section 4.3.4.2. Astrocytes are able to take up excess 

glutamate, thereby protecting neurons (Bezzi et al., 2004; Furuta et al., 2005; Huang, 

Sinha, Tanaka, Rothstein, & Bergles, 2004; Rothstein et al., 1994). Astrocytes and 

microglia also synthesise neurotrophic factors which are thought to support neuronal 

function and protect neurons from damage (Cotter, Mackay, Landau, Kerwin, & 

Everall, 2001). These factors include neurotrophin-3, glial-derived neurotrophic factor 
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and BDNF (Connor & Dragunow, 1998; Cotter et al., 2001; Lindsay, Wiegand, 

Anthony Altar, & DiStefano, 1994).  

Apart from the removal of excess glutamate as a neuroprotective measure, 

astrocytes have significant involvement in the overall regulation of glutamate levels 

and control of the availability of glutamate to neurons (Rajkowska & Miguel-Hidalgo, 

2007). They also modulate extracellular levels of other neurotransmitters. Astrocytes 

are involved in the uptake of gamma-aminobutyric acid (GABA) (Hertz, Wu, & 

Schousboe, 1978; Lopez-Corcuera, Liu, Mandiyan, Nelson, & Nelson, 1992; Minelli 

et al., 1996; Wu, Wada, Shimada, Yamamoto, & Fujita, 2006), serotonin (Bel et al., 

1997; Hirst, Price, Rattray, & Wilkin, 1998) and dopamine (Takeda et al., 2002), as 

well as noradrenaline (Inazu, Takeda, & Matsumiya, 2003b; Takeda et al., 2002) and 

histamine (Inazu, Takeda, & Matsumiya, 2003a). They have even been suggested to 

play a role in the action of antidepressant medication, as the uptake of serotonin by 

astrocytes can be blocked by fluoxetine or paroxetine (Bel et al., 1997; Dave & 

Kimelberg, 1994).  

Astrocytes play a critical role in the regulation of brain metabolic responses to 

neuronal activity by regulating brain energy delivery, production, utilisation, and 

storage (Bélanger, Allaman, & Magistretti, 2011; Hundal, 2007; Pellerin et al., 2007). 

It is widely accepted that glucose is the major energy source for neurons. 

Increasingly, there is evidence that a secondary energy system exists, involving 

lactate. Lactate is an excellent oxidative substrate for neurons (reviewed in Pellerin, 

2003). This theory is called the astrocyte-neuron lactate shuttle hypothesis (ANLSH) 

(Pellerin et al., 2007). During periods of glucose deprivation, astrocytes are able to 

produce lactate via glycolysis, which can act as an energy source for neurons 

(Bouzier-Sore, Merle, Magistretti, & Pellerin, 2002). With neuronal activity, 
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glutamate from neurons is taken up by astrocytes, forming more lactate in the process 

(Bouzier-Sore et al., 2002). In addition, astrocytes act as a distribution system, 

regulating the supply of energy-rich substrates to active neurons from the blood 

vessels via the brain parenchyma to the CNS (Bouzier-Sore et al., 2002). There is also 

evidence that astrocytes are able to utilize glycogen to provide energy for neurons. 

Astrocytes contain the majority of glycogen found in the brain (Brown & Ransom, 

2007), which is considerably less than in the major glycogen stores in the body – 

skeletal muscle and the liver (Garrett & Grisham). However, astrocyte glycogen 

stores are able to be catabolised to lactate during periods of CNS hypoglycaemia or 

excessive neuronal acivity, which can again be used as an aerobic energy source for 

neurons (Brown & Ransom, 2007). In addition, astrocytes are able to induce local 

vasoconstriction and vasodilatation, thus controlling localized blood flow to meet 

neurological requirements (Parri & Crunelli, 2003; Zonta et al., 2002).  

Finally, astrocytes have a role in synaptic remodelling and growth, and 

neurogenesis. Astrocytes play a role in the development and modeling of synapses 

(Pfrieger & Barres, 1997), their influence being able to increase the number of mature 

synapses that are formed by neurons up to seven-fold (Nägler, Mauch, & Pfrieger, 

2001). Astrocytes secrete several neurotrophic factors which support neuronal growth, 

regeneration, differentiation, and synaptic plasticity. They synthesise and release 

nerve growth factor (NGF), BDNF, glial derived neurotrophic factor (GDNF), 

fibroblast growth factor 2 (FGF2) and neurotrophins 3 and 4/5 (Connor & Dragunow, 

1998; Erickson, Brosenitsch, & Katz, 2001; Lindahl, Johansson, Levéen, & Betsholtz, 

1997; Malin et al., 2006; Turner, Akil, Watson, & Evans, 2006). BDNF in particular 

has several important functions in the hippocampus, where it is predominantly 

synthesised, as discussed below.   
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4.1.4.4 The hippocampus, BDNF and omega 3 fatty acids 

The hippocampus forms part of the limbic system, located in the medial 

temporal lobes. It consists anatomically of the dentate gyrus and Ammon’s horn. The 

hippocampus has a close functional association with the cerebral cortex. The 

hippocampus forms part of brain circuits which are involved with learning, memory, 

reward, reinforcement and spatial navigation (Barbas, Saha, Rempel-Clower, & 

Ghashghaei, 2003; Haber, Kim, Mailly, & Calzavara, 2006; Öngür & Price, 2000; 

Petrides & Pandya, 2007; Vertes, 2004). In particular, the hippocampus has been 

shown to have an integrative role in memory.  

It has been shown that neurons in the CNS continue to be produced throughout 

adult life (Altman, 1969; Garcia-Verdugo, Llahi, Ferrer, & Lopez-Garcia, 1989; 

Goldman & Nottebohm, 1983; Kaplan & Hinds, 1977; Lois & Alvarez-Buylla, 1993). 

It has further been shown that neurogenesis occurs primarily in two brain regions, the 

subventricular zone (SVZ) lining the lateral ventricles (Altman, 1969; Altman & Das, 

1966; Lois & Alvarez-Buylla, 1993) and the subgranular zone (SGZ), part of the 

dentate gyrus of hippocampus (Altman & Das, 1965; Cameron, Woolley, McEwen, & 

Gould, 1993; Kaplan & Bell, 1984). Hippocampal neurogenesis itself is implicated in 

emotion and mood (Sahay & Hen, 2008), as well as learning and memory (Barnea & 

Nottebohm, 1995; Gould, Beylin, Tanapat, Reeves, & Shors, 1999; Kempermann, 

Kuhn, & Gage, 1997; Shors et al., 2001). Astrocytes are active within the 

hippocampus, where they are involved in neurogenesis and the migration of neuronal 

precursor cells, as well as the functions discussed in section 4.1.4.3. In addition, cells 

in the subgranular layer of the dentate gyrus, which are precursors for new neurons, 

have the characteristics of astrocytes (Doetsch, Caillé, Lim, García-Verdugo, & 

Alvarez-Buylla, 1999; Seri, Garcıa-Verdugo, McEwen, & Alvarez-Buylla, 2001). 
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Apart from its synthesis by hippocampal astrocytes, BDNF is synthesised 

predominantly by neurons located in the hippocampus (Drapeau et al., 2003; Kelly, 

Laroche, & Davis, 2003; Steffenach, Sloviter, Moser, & Moser, 2002; Sugaya et al., 

1996). BDNF in particular has been shown to have an important role in protecting 

neurons from cell damage and it also has a role in maintaining cognitive function. 

Hippocampal BDNF has been implicated in the induction of long term potentiation 

(Korte et al., 1995; Linnarsson, Björklund, & Ernfors, 1997; Patterson et al., 1996). 

BDNF is involved in facilitating synaptic transmission (Kang & Schuman, 1996; 

Levine, Crozier, Black, & Plummer, 1998; Sherwood & Lo, 1999; Tyler & Pozzo-

Miller, 2001). BDNF affects the synthesis and phosphorylation of synapsin I, which 

in turn is involved in the maintenance of synaptic contacts, as well as neurotransmitter 

release (Brock & O'callaghan, 1987; Wang, Xie, & Lu, 1995). It has also been shown 

to enhance neuronal excitability (Bolton, Pittman, & Lo, 2000; Kafitz, Rose, 

Thoenen, & Konnerth, 1999). 

Importantly, there is a relationship between BDNF and omega-3 

polyunsaturated fatty acids, in particular docosahexaenoic acid (DHA) (Wu, Ying, & 

Gomez-Pinilla, 2004). DHA, which cannot be synthesised and is thus derived solely 

from dietary sources, is of key importance in the brain. DHA has been shown to be 

essential for normal neurological development, maintenance of learning and memory, 

and neuronal plasticity (Green & Yavin, 1998; Hashimoto et al., 2002; Salem Jr, 

Litman, Kim, & Gawrisch, 2001). Omega-3 polyunsaturated fatty acids such as DHA 

and EPA are concentrated at neuronal synapses, where they have a role in CNS 

neurotransmission and receptor function (Bruinsma & Taren, 2000; Haag, 2003; 

Jump, 2002; Kris-Etherton, Harris, & Appel, 2003; Urquiza et al., 2000; 

Vaidyanathan, Rao, & Sastry, 1994). Omega-3 polyunsaturated fatty acids also form 
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constituents of cell membranes (Bruinsma & Taren, 2000) and enhance synaptic 

membrane fluidity and function (Jump, 2002). Similar to BDNF, omega-3 fatty acids 

assist with the regulation of neuronal signal transduction and gene expression and also 

protect neurons from cell damage (Wu et al., 2004). DHA is essential for normal 

neurological development, neuronal plasticity, learning and memory (Green & Yavin, 

1998; Hashimoto et al., 2002; Salem Jr et al., 2001). Similar to BDNF, DHA has been 

implicated in enhancing long-term potentiation (McGahon, Martin, Horrobin, & 

Lynch, 1999). Furthermore, DHA can affect neural function by regulating gene 

expression (Duplus, Glorian, & Forest, 2000; Ikemoto et al., 2000; Salem Jr et al., 

2001). Omega-3 polyunsaturated fatty acids have been shown to be protective against 

cognitive degeneration. For example, they are able to reduce cognitive decay during 

aging and Alzheimer’s disease (Hashimoto et al., 2002). Wu et al. (2003) showed that 

rodents with traumatic brain injury went on to have significant decreases in 

hippocampal levels of BDNF. A subsequent study showed that in rats with brain 

injury that had omega-3 fatty acid supplementation, BDNF levels in the hippocampus 

were normalised (Wu et al., 2004). The authors concluded that it is BDNF that 

mediates the observed beneficial effects of omega-3 fatty acids on CNS function. The 

CNS mechanisms described are depicted in Figure 3.1. 

 

4.2 The Psycho-Immune-Neuroendocrine Pathome and Stress 

4.2.1 From physiome to pathome. 

The PINE physiome has been introduced as a highly inter-related network of 

physiological mechanisms, which influence each other to maintain a dynamic 

equilibrium and to keep the entire network in homeostasis. While the PINE physiome 

has many regulatory functions, its control of the body’s response to stress is vitally 
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important. The homeostatic shifts in the PINE network which can result from stress, 

particularly chronic stress, are described below, as well as the mechanisms by which 

disruption of PINE physiome homeostasis results in an increased risk for developing 

atherosclerosis, the metabolic syndrome including hypertension, as well as MDD, 

CHD, type 2 diabetes and CVA.  

It has long been recognized that chronic stress gives rise to many chronic 

diseases (e.g. Black, 2003) and we have briefly reviewed some of the historical 

developments in this area in section 4.2.2. Using a systems biology approach, 

however, and thus viewing the PINE physiome as a highly inter-related network, 

implies that factors such as stress may influence the entire network simultaneously. 

This suggests that stress acts as a global and simultaneous risk factor for many 

chronic diseases because of its potential to disrupt the physiome, rather than by 

simply acting along individual pathways. Prolonged stress causes a shift in many 

normal physiological mechanisms, pushing them from their current equilibrium (or a 

state of homeostasis) towards a state where a chronic imbalance can give rise to 

pathology. Over time, such a shift could give rise to several pathological mechanisms 

simultaneously, which increases the risk of one or more of the above diseases 

emerging. And over time, these pathological mechanisms could reach a tipping point, 

giving rise to disease defining states. For example, sustained high blood pressure 

reaches a severity where it is defined as hypertension (e.g. grade 1 hypertension is 

defined as systolic pressure of 140 - 159 mmHg and diastolic pressure of 90-99 

mmHg) (Committee, 2008). Similarly, insulin resistance and elevated blood glucose 

reach a point where they are defined as type 2 diabetes, and increased hardening of 

arteries due to endothelial dysfunction and increased inflammation is defined as 

atherosclerosis. MDD is one of the illnesses which can arise from a critical transition 
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in the PINE physiome. The literature has established reciprocal correlations between 

MDD and CHD, type 2 diabetes and CVA and has quantified the reciprocal disease 

relationships in terms of risk, as presented in the introduction in relationship to MDD. 

The reciprocality of risk for all these diseases may arise from the global influence of 

causative factors such as stress on the entire physiome. We suggest that chronic stress 

in particular is a key common causative factor because it destabilises the entire 

physiome simultaneously. Vulnerability factors such as genetic predisposition 

determine the disease state, or states, which then emerge as a result of chronic 

disruption of homeostasis of the PINE physiome. Given a certain genetic 

predisposition, we propose that the processes which give rise to diseases such as 

MDD and CHD may in fact arise simultaneously in an individual. We suggest that the 

same is true of hypertension, atherosclerosis, metabolic syndrome, type 2 diabetes and 

stroke. Once one or another of these diseases arises, however, (for example MDD) 

their pathological mechanisms may act more directly as risk factors for the other 

diseases, such as CHD, CVA or type 2 diabetes (see section 5.2). 

The pathological mechanisms which give rise to these illnesses are also all 

highly interlinked and form a network of pathophysiology which gradually becomes 

different from the physiome. A depiction of how stress acts on the PINE physiome, 

leading to the emergence of pathology, is presented in Figure 3.1. A topographical 

map of the PINE pathome, where established pathology results in a new stable 

network, is then depicted in Figure 3.2. It shows the pathological pathways by which 

the depicted diseases arise, and encompasses several pathologies including obesity, 

the metabolic syndrome, atherosclerosis, hypertension, increased thrombosis, as well 

as CHD, type 2 diabetes, CVA and MDD. These disease states in turn interact to 

exacerbate each other, as discussed in section 4.4. Furthermore, it is important to 
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recognise the role of predisposing factors, such as genetic factors and environmental 

developmental factors. An exhaustive review of this vast body of literature is beyond 

the scope of this paper, but this article highlights some of the research, which might 

have direct relevance to the PINE network, in section 4.5.  

 

4.2.2 Stress disrupts homeostasis in the PINE network. 

The term "stress" was first used by Hans Selye, who defined it as the non-

specific response of the body to any demand for change (Selye, 1956). Stress can also 

be defined as a state of threatened homeostasis provoked by internal or external 

stimuli that activate the HPA axis and the autonomic nervous system, resulting in a 

physiological change or adaptation (Correa et al., 2007). These are physiological 

definitions, however, and it has been recognised that the term stress, due to its 

widespread use in popular culture, has become an ambiguous term used to describe a 

wide range of psycho-social, environmental and physical challenges and people’s 

response to them (McEwen, 2000). In order to encompass psycho-social and 

physiological dimensions, stress can also be defined as a threat, real or implied, to the 

psychological or physiological integrity of an individual (McEwen, 2000). Stress can 

also be characterised by its duration. For example, Elliot and Eisendorfer (Elliott & 

Eisdorfer, 1982) described five categories of stress. Acute time-limited stress involves 

a very short term acute stressor and in studies has involved a brief stressful task such 

as public speaking. Brief naturalistic stressors last days or weeks but are similarly 

time limited. Stressful event sequences have a focal and significant (life-changing) 

precipitant, such as the death of a family member, which has flow-on effects in terms 

of other stressors. However there is a foreseeable endpoint, such as the resolution of 

grief. Chronic stress is pervasive and has no foreseeable endpoint. Distant stress 
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relates to past traumatic experience which has ongoing sequelae, and clinically is 

more related to the spectrum encompassing psychological response to trauma and 

ultimately post traumatic stress disorder.   

While a short-term stress response was recognised to have survival value for 

an organism, for example to escape from a predator, it was also recognised that a 

chronic stress response led to a chronic disruption of homeostasis and ultimately to 

disease. General adaptation syndrome provided an early description of adrenal 

hormone secretion as one of the predominant responses to stress (Selye, 1936). 

Further research showed that psychological factors play a significant role in the 

regulation of adrenal secretion of glucocorticoids (Mason, 1968). Physiological 

stressors such as tissue damage, toxic agents, or severe abrupt changes in 

environmental temperature are directly linked to a disruption in homeostasis (Levine, 

2000). Studying how psycho-social stressors, such as exposure to novelty, or the 

anticipation of a perceived negative event, caused physiological changes, was more 

complex, but further work then linked distinct neurological pathways to the secretion 

of stress hormones, and the pathways governing ‘physiological stress’ and 

‘psychological stress’ were clarified (Levine, 2000). Herman and Cullinan (1997) 

described a dichotomy in the stress response, with physiological stressors being 

relayed directly to the paraventricular nucleus of the hypothalamus via 

catecholenergic projections in the brainstem, whereas stressors which require 

interpretation by higher brain structures (i.e. psychological stressors) are channeled 

through limbic forebrain structures. 

In addition to advances in the study of physiological and neurological 

processes, the concept of homeostasis was also advanced. One of the challenges with 

the concept of homeostasis in the 20th century was that it was perceived to keep body 
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systems static. In order to capture the concept of an organism dynamically resetting 

its physiological parameters to new steady states in order to cope with environmental 

changes, the concept of allostasis was introduced (Sterling & Eyer, 1988). 

Environmental change would challenge systems in the body to change in order to be 

adaptive and to maintain homeostasis. However, if this process was not efficient, the 

effects of metabolic compensation on target cells or tissues could be prolonged, which 

would lead to consequences such as receptor desensitization or tissue damage – and 

this process was named allostatic load (McEwen, 2003). 

McEwan and Stellar (1993) introduced the idea that there is a cost of 

adaptation, and if the environmental changes or stressors were severe, the constant 

process of achieving allostasis would put strain on the body. This strain was defined 

as allostatic load and was linked with chronic diseases arising from stress, such as 

CHD (McEwen & Stellar, 1993). Recognition of the neuroendocrine system, 

autonomic nervous system, and immune system as mediators of adaptation to shifting 

environmental challenges were also central to the concept of allostasis (McEwen, 

2003). The allostatic load model provided a holistic description of normal 

homeostatic functioning being disrupted by the prolonged secretion of stress 

hormones (Juster, McEwen, & Lupien, 2010). Stress was described as a key driver of 

increasing allostatic load and eventually allostatic overload (Levine, 2000). Stress was 

also recognised as a significant risk factor for depression, often precipitating the onset 

of depressive episodes (Hammen, Davila, Brown, Ellicott, & Gitlin, 1992; Kendler et 

al., 2000; Kendler, Kessler, Neale, Heath, & Eaves, 1993).  

Links were also made with subsequent maladaptations of interdependent 

physiological systems with prolonged stress. McEwan (2003) defined primary 

mediators (or biomarkers) as exerting a primary effect on normal metabolic activity to 
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generate allostatic load. Secondary outcomes would then occur when subsidiary 

metabolic pathways compensated for an imbalance in primary mediator levels, also 

becoming unbalanced, and it was postulated that secondary outcomes are linked to a 

prodromal state of disease (Levine, 2000). A third stage was defined, termed tertiary 

outcomes, when allostatic overload occurred, resulting in disease (Levine, 2000). In 

recent times, proponents of allostasis have also moved towards a systems biology 

approach, for example suggesting that multiple mediators of adaptation (which are 

key features of allostasis and allostatic overload), are involved and interconnected in a 

non-linear network (Juster et al., 2010). A systems biology approach could further 

build on the theoretical framework of allostasis. Using network analysis methodology, 

the concepts of primary, secondary and tertiary outcomes, as defined in allostatic 

theory, could be further explored and characterised in terms of network topology and 

network properties.  
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4.3 The Components of the Psycho-Immune-Neuroendocrine Pathome 

4.3.1 The autonomic nervous system response to stress. 

Stress causes activation of both the sympathetic nervous system and the HPA 

axis via the anterior hypothalamus to ready the body for a ‘fight or flight’ response 

(see Figure 3.1). Such a stress response occurs on different timescales. Some changes 

occur within seconds. Rapid response to stressors is crucial to the survival of an 

organism. The autonomic response to stress causes a rapid rise in blood pressure, 

heart rate, and cardiac output. Blood flow is diverted to muscle via constriction of 

mesenteric and renal blood vessels and the dilation of vessels supplying skeletal 

muscle (Galosy, Clarke, Vasko, & Crawford, 1981). Upon sympathetic nervous 

activation, the sympathetic innervation of the adrenal medulla results directly in the 

release of catecholamines such as adrenaline and noradrenaline into the blood stream 

(Sapolsky, Romero, & Munck, 2000). Circulating adrenaline promotes increased heart 

rate and stroke volume, and direct sympathetic cardiac activation also results in an 

increase of heart rate and stroke volume, contributing to a rise in blood pressure 

(Sapolsky et al., 2000). Adrenaline in the CNS also reduces behaviours such as eating 

and sleeping (Tsigos & Chrousos, 2002). Noradrenaline increases vascular tone via 

alpha-adrenergic activation, also resulting in increased blood pressure. Noradrenaline 

has also been found to augment platelet aggregation and may thus promote arterial 

thrombosis (e.g. Mustonen & Lassila, 1996). 

Both adrenaline and noradrenaline promote lipolysis, which is the hydrolysis 

of triglycerides into free fatty acids (e.g. Carmen & Víctor, 2006). Free fatty acids 

released into the blood are available for cellular uptake and use as an energy source. 

Sympathetic stimulation also inhibits insulin secretion by the action of 

catecholamines on pancreatic islet cells (Gilon & Henquin, 2001). In addition, 
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sympathetic stimulation promotes gluconeogenesis (Sapolsky et al., 2000). Both these 

mechanisms increase blood glucose in situations of stress.  

The secretion of arginine vasopressin (AVP) from the pituitary gland and 

renin from the kidney can also occur rapidly in response to stress. If there is blood 

loss from traumatic injury, for example, renin and vasopressin trigger a cascade of 

physiological responses (e.g. DeMello & Frohlich, 2009; Sapolsky et al., 2000) to 

counteract fluid loss (see section 4.1.3). Chronic stimulation of the renin angiotensin 

aldosterone system, in the absence of injury or fluid loss, can however further 

contribute to hypertension. Chronic stress results in prolonged sympathetic activation, 

which in turn results in prolonged hypertension and increased heart rate. These longer 

term changes, along with the changes brought about by chronic HPA axis and 

inflammatory stimulation are further discussed in section 4.4.  

4.3.2 Hypothalamic pituitary adrenal axis response to stress. 

Cytokines and inflammatory mediators are particularly potent activators of the 

body’s stress response. In particular IL-6, which is considered to be the main 

endocrine cytokine, is a significant activator of the HPA axis, especially in situations 

of chronic stress (Tsigos & Chrousos, 2002). Eicosanoids, platelet-activating factor 

and serotonin can also act as inflammatory mediators, stimulating the HPA axis 

(Chrousos, 1995). 

The immediate endocrine response to stress involves anterior hypothalamic 

release of CRH into the portal circulation. The pituitary gland in turn secretes ACTH 

into the blood a few seconds later, which stimulates the adrenal cortex to secrete 

glucocorticoids such as cortisol (Sapolsky et al., 2000). With ongoing stress, such as 

surgery, cortisol levels increase to a maximum level within four to six hours 
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(Nicholson, Burrin, & Hall, 1998). Within minutes, there is a shift in energy usage 

and metabolism in the body, with the stimulation of gluconeogenesis, the mobilisation 

of energy stores and the inhibition of ongoing energy storage. Due to the autonomic 

changes described above, there is enhanced cardiovascular output and change to 

vascular tone to enhance the delivery of energy rich nutrients to where they are 

needed, primarily voluntary muscles, to enable fight or flight. Glucocorticoids can 

also directly mediate the cardiovascular stress response driven by the sympathetic 

nervous system. Glucocorticoids have a positive inotropic effect and can increase 

blood pressure and cardiac output (Sambhi, Weil, & Udhoji, 1965). Furthermore, they 

enhance cardiovascular sensitivity to catecholamines, as well as prolonging the action 

of catecholamines in neuromuscular junctions (reviewed in Sapolsky et al., 2000). 

Steroid hormones primarily trigger genetic mechanisms (Moore & Orchinik, 1994; 

Orchinik, Murray, & Moore, 1991) and therefore, the actions of cortisol are slower, 

with a timeframe of hours after the stressor has begun.  

The effects of insulin and cortisol are antagonistic to some extent. Insulin is 

secreted when blood glucose levels increase after food intake. Insulin stimulates the 

transport of glucose out of the bloodstream and into tissues such as muscle but also 

adipose tissue. Insulin promotes the storage of energy rich molecules, promoting the 

conversion of glucose into glycogen (in the liver) and triglycerides (in adipocytes) for 

later use. To further promote energy storage, insulin inhibits lipolysis and protein 

catabolism. Cortisol inhibits insulin, thus producing opposing metabolic effects and 

promoting the breakdown of stored energy compounds and the increase of blood 

glucose levels. Cortisol promotes gluconeogenesis in the liver and the inhibition of 

insulin secretion prevents glucose uptake into cells of the body. Both these 

mechanisms serve to increase circulating glucose levels. Along with catecholamines, 
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cortisol promotes lipolysis, which increases circulating fatty acids, which can act as 

precursors for gluconeogenesis, further increasing blood glucose levels (e.g. 

Desborough, 2000; Xu et al., 2009). Cortisol also promotes protein breakdown in the 

liver, delivering circulating amino acids. Chronic stress results in increased levels of 

circulating glucose and over time insulin resistance develops due to a cortisol driven 

impairment of the ability of insulin to inhibit glucose output from the liver and to 

promote glucose uptake in fat and muscle (Hribal & Accili, 2002; Saltiel & Kahn, 

2001). Insulin resistance is a significant precursor to type 2 diabetes (Qatanani & 

Lazar, 2007).  

Glucocorticoids also directly inhibit several other important hormones. These 

include thyroid-stimulating hormone (TSH), growth hormone and gonadotropins. 

Activation of the HPA axis affects thyroid function, which in turn affects metabolic 

rate and cell growth (e.g. Pascual & Aranda, 2012). Stimulation of the HPA axis leads 

to decreased production of thyroid-stimulating hormone (TSH) and inhibits the 

conversion of thyroxin to triiodothyronine in peripheral tissues. This inhibition can 

lead to sick euthyroid syndrome (Benker et al., 1990). 

HPA axis activation also results in the inhibition of gonadal steroid secretion 

(Sapolsky et al., 2000). This inhibition is linked to longer-term effects such as central 

obesity (e.g. Jazayeri & Meyer, 1988). The pituitary gland secretes oxytocin and anti-

diuretic hormone (ADH), also leading to vasoconstriction and an increase in blood 

pressure. In addition, vasopressin increases the permeability of blood vessels, 

increasing circulating blood volume and further contributing to raised blood pressure. 

Chronic stimulation of these physiological pathways contributes to hypertension 

(Guilliams & Edwards, 2010; Johnson, Kamilaris, Chrousos, & Gold, 1992). Chronic 



 153 

stress may also affect growth. Prolonged activation of the HPA axis leads to a 

suppression of the secretion of growth hormone, as well as the inhibition of 

somatomedin C (Burguera, Muruais, Penalva, Dieguez, & Casanueva, 2008).  

Cortisol acts on the immune system, where it is a powerful inhibitor of pro-

inflammatory cytokines. It inhibits neutrophil and macrophage activity in areas of 

inflammation. The effects of corticosteroids on the immune system result in an 

impairment of humoral immunity (the body’s ability to fight infection) and an 

increase in autoimmune inflammatory response in the body (Correa et al., 2007). 

Long-term elevated cortisol secretion in response to chronic stress thus leads to 

marked changes in the immune system which promote autoimmune response but 

weaken the body’s ability to fight infection. 

4.3.3 Inflammatory and immune system response to stress. 

An early model of immune function, termed the biphasic model, proposed that 

short term stress enhances immune function in the short term, to deal with injury 

which might arise from such a ‘fight or flight’ encounter, while long-term stress 

suppresses immune function (Dhabhar & McEwen, 1997). Acute stress was proposed 

to redistribute immune cells into body organs or compartments where they could most 

efficiently fight infection (e.g. the skin). It was shown that short term stress responses 

caused T lymphocytes to migrate into the skin, whereas in chronic stress they were 

shunted away from the skin, theorised to be linked to immune suppression (Dhabhar 

& McEwen, 2001; Dhabhar & McEwen, 1997).  

More recent models of immune function ascribe to a more complex view of 

several control systems actively modulating immune response to maximise immune 

function while minimising damage to the host from inflammatory processes (Correa 
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et al., 2007). The biphasic model was progressed to consider efficiency and energy 

expense during short-term stress. Stress would selectively activate natural (non-

specific) immune components (neutrophils and macrophages), which can act quickly 

to address injury in a fight or flight situation but also cost the organism less energy. 

Specific immune processes (T-helper cells, T- cytotoxic cells, and B cells) would be 

suppressed, because they act more slowly and are costly in terms of energy, 

(Sapolsky, Gurley, Demarest, & internationales Télé-Film, 2004).  

However the biphasic model of stress does not explain the immune imbalance 

which occurs with chronic stress, which involves a gradual shift in the balance of 

population of T-helper cells (which form part of specific immunity) and their 

secretion of cytokines (Segerstrom & Miller, 2004). The dynamic equilibrium which 

exists between Th1 and Th2 mediated cytokine production in the body is disrupted by 

chronic stress, which results in a reduction in immunity to infection, and an increase 

in immune activity related to auto-immune and allergic diseases (Marshall Jr et al., 

1998). As described in section 4.1.1, the immune system is highly adaptive because it 

is intimately linked to other regulatory systems. A comprehensive model of immune 

function should thus take into account natural and specific categories of immune 

function. and, Within specific immunity, cellular and humoral responses, as mediated 

by Th1 and Th2 respectively, should also be taken into account (Segerstrom & Miller, 

2004), but all the above categories of immune function should also be understood in 

the context of the PINE network.  

When the PINE network becomes disrupted, immune response becomes 

imbalanced and the coordination of an effective immune response can fail. Chronic 

stress results in over-secretion of glucocorticoids and catecholamines (Eskandari & 

Sternberg, 2002). Early research associated this with an inhibition of Th1 (pro-
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inflammatory) cytokine production such as IL-12, TNF-a, and IFN-g, with up-

regulated production of Th2 cytokines IL-10, IL-4, and TGF-b. There was thought to 

be an imbalance between Th1 (cellular immunity, linked with pro-inflammatory 

cytokines) and Th2 (humoral immunity, linked with anti-inflammatory cytokines), 

with a shift towards Th2 predominance, which results in an inhibition of pro-

inflammatory cytokines but an over-activity of immune mediators linked to 

autoimmunity. This in turn was shown to result in a susceptibility to infection and an 

increase in autoimmune health problems in chronic stress (e.g. Bonneau, Sheridan, 

Feng, & Glaser, 1993). Chronic stress, such as that experienced by carers of dementia 

patients, students taking examinations, people experiencing marital conflict or 

individuals in prolonged exercise regimes, has been shown to be associated with 

susceptibility to viral infection, prolonged wound healing, and decreased antibody 

production with vaccination (Friedl et al., 2000; Glaser & Kiecolt-Glaser, 1998; 

Rozlog, Kiecolt-Glaser, Marucha, Sheridan, & Glaser, 1999; Vedhara et al., 1999). 

However, three prominent meta-analytic studies showed conflicting results in terms of 

the impact of MDD on immune function and subsequent health sequelae, with the 

overall conclusion that it was difficult to state whether differences in immunity 

between clinically depressed and non-depressed individuals had substantial 

implications for health (Herbert & Cohen, 1993; Stein, Miller, & Trestman, 1991; 

Weisse, 1992). 

Studies of autoimmune diseases provided some clarification. Several 

autoimmune diseases have alterations in the Th1 versus Th2 balance where Th1 

predominates, such as multiple sclerosis, rheumatoid arthritis, type 1 diabetes and 

autoimmune thyroid diseases (Correa et al., 2007). While immune imbalance in 

autoimmunity was acknowledged to be complex (Correa et al., 2007; Eskandari & 
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Sternberg, 2002), there were factors that could explain the predominance of a pro-

inflammatory milieu. These were dysregulation at the receptor level, resulting in 

glucocorticoid resistance and thus enhanced inflammation (Bergh et al., 1999; Derijk 

& Sternberg, 1997) and the modulatory effects of other sympathetic neurotransmitters 

such as neuropeptide Y (Prod'homme, Weber, Steinman, & Zamvil, 2006). Chronic 

stress and MDD have also been linked to impaired glucocorticoid receptor function 

and glucocorticoid resistance (Raison, Capuron, & Miller, 2006). People with MDD 

have increased levels of proinflammatory cytokines, increased acute-phase proteins 

and increased expression of chemokines and adhesion molecules (Alesci et al., 2005; 

Bouhuys, Flentge, Oldehinkel, & van den Berg, 2004; Danner, Kasl, Abramson, & 

Vaccarino, 2003; Ford & Erlinger, 2004; Lanquillon, Krieg, Bening-Abu-Shach, & 

Vedder, 2000; Levine et al., 1999; Maes et al., 1997; Michael Maes, 1999; Miller, 

Stetler, Carney, Freedland, & Banks, 2002; Służewska et al., 1995; Tiemeier et al., 

2003). 

Pro-inflammatory cytokines stimulate the HPA axis via their effect on the 

hypothalamus. Pro-inflammatory cytokines also disrupt glucocorticoid receptor 

signaling via mitogen-activated protein kinases and nuclear factor kB, which form 

part of cytokine signal transduction pathways (McKay & Cidlowski, 1999; Wang, 

Wu, & Miller, 2004). Disruption of glucocorticoid receptor signaling results in 

glucocorticoid resistance (Raison et al., 2006). Within the context of the homeostatic 

PINE physiome, glucocorticoids act to dampen pro-inflammatory cytokines and 

promote anti-inflammatory cytokines. When glucocorticoid receptor signaling is 

disrupted, this negative feedback loop is blocked, resulting in a predominance of pro-

inflammatory cytokines (or a Th1 weighted Th1/Th2 balance). Increased levels of 

pro-inflammatory cytokines then cause increased glucocorticoid receptor signaling 
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disruption, promoting further pro-inflammatory cytokine release. What was 

previously a negative feedback loop has now become a positive feedback loop. It is 

arguably significant physiological shifts such as these, which result in the transition 

from PINE physiome to pathome, as discussed in section 4.4. In addition, 

glucocorticoid resistance might also alter sympathetic control of immunity, further 

promoting pro-inflammatory cytokine release (Raison & Miller, 2003), as shown in 

Figure 3.1. A meta-analysis by Segerstrom and Miller (2004) also showed that 

chronic stress will ultimately progress to a global decline in both natural and specific 

immunity, in terms of measured levels of immune cells on immune assay, suggesting 

imbalance at the level of natural and specific immunity, as well as cellular and 

humoral immunity as described above. 

 

4.3.4 Central nervous system response to stress and links to major 

depressive disorder. 

The disruption caused by chronic stress to the PINE physiome described thus 

far has a significant impact on the CNS and on behaviour. The mechanisms described 

below all arise from chronic stress, but have also all been implicated in MDD. The 

next section will thus have a shift in emphasis, and mechanisms will be described in 

reference to both chronic stress and MDD. The section below also reflects a 

significant expansion upon the monoamine hypothesis of depression, which 

historically has almost stood alone in providing a biological explanation for MDD.  

The monoamine hypothesis of major depression has been well documented 

since the 1960’s (Bunney Jr & Davis, 1965; Schildkraut, 1965). It suggested that 

depression resulted from a deficit of the monoamine neurotransmitters. serotonin and 

noradrenaline, in the CNS. It also provided the aetiological basis for the mechanism 
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of action of pharmacological antidepressant agents, such as selective serotonin 

reuptake inhibiters (SSRIs), in the brain. The monoamine hypothesis of depression 

has drawn criticism over the years due to an inability to account for the prolonged 

clinical onset of action of antidepressant drugs, despite these drugs rapidly raising 

monoamine levels in neuronal synapses, or the low efficacy of some drugs which 

enhance serotonergic transmission, such as cocaine (Hindmarch, 2001). Over time, 

antidepressant drugs were also found to be less efficacious than originally thought. A 

landmark meta-analysis by Turner et al, (2008) found that the efficacy of SSRIs was 

only 0.32 overall. In addition, only two thirds of people achieve remission with 

antidepressant medication (Maes et al., 2009). These studies cast further doubt on the 

veracity of the monoamine hypothesis as a sole means for explaining the physiology 

of MDD. Rather, low levels of neurotransmitters in certain brain regions are linked to 

the much larger system of glial cell function and inflammatory markers in the CNS, 

and these form only one of many highly interlinked systems in the PINE network. We 

propose that a shift in homeostasis of the entire PINE network by chronic stress gives 

rise to MDD via several mechanisms, not just monoamine depletion.  

 

4.3.4.1 Vascular pathology in response to chronic stress and links to major 

depressive disorder. 

There is a significant body of literature describing vascular changes and their 

importance in MDD, particularly MDD which has its onset later in life. It has been 

suggested that genetic and psychosocial factors play a much less significant 

importance in depression in the elderly (Hopkinson & Ley, 1969; Mendlewicz & 

Baron, 1981). Instead, structural changes in the brain are of primary importance in the 

etiology of late life depression (Post, 1962). Cerebrovascular changes were found to 
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be more prominent in elderly people with depression compared with non-depressed 

people of similar age (Post, 1962). Ranga Rama Krishnan and McDonald (1995) 

postulated that late onset depression was linked to subtle cerebrovascular changes due 

to atherosclerosis and that the risk factors for atherosclerosis, including hypertension, 

diabetes and hyperlipidemia, predisposed to depressive illness. They presented a 

model in which atherosclerotic changes were considered vulnerability factors for 

depression, which could be triggered by negative life events (Ranga Rama Krishnan 

& McDonald, 1995). Alexopoulos (1997) proposed the vascular depression 

hypothesis, arguing that there was a separate subtype of depression, occurring mostly 

in the elderly, which arose from vascular disease. Vascular depression has been 

further clarified as being related to mechanisms such as thromboembolism and local 

hypotension, leading to cerebral ischaemia in the hippocampus (which has been 

related to the genesis of depression as discussed below) and neural circuits such as the 

frontal-subcortical circuits (Thomas, Kalaria, & O’Brien, 2004). 

Neuroimaging studies have provided further evidence for this correlation 

between MDD and vascular changes. Several studies showed the presence of white 

matter hyperintensities (WMHs) in areas such as the white matter and deep grey 

matter of basal ganglia and frontal white matter, changes associated with 

cerebrovascular disease, which correlated with MDD (e.g. Coffey, Figiel, Djang, & 

Weiner, 1990; Figiel et al., 1991; Hickie et al., 1995; O'Brien et al., 1996; Rabins, 

Pearlson, Aylward, Kumar, & Dowell, 1991). However, a study by Lenze et al. 

(1999) showed no differences between WMHs in women with MDD compared to a 

healthy control group. The authors suggested that WMHs thus simply reflect changes 

due to cerebrovascular disease, rather than MDD. However, a later prospective study 

by Lyness et al. (2000) determined that cerebrovascular risk factors predicted an 
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increase in depression a year later, providing evidence of causation of vascular 

changes and MDD. 

While the early evidence for this association was predominantly for elderly 

people, it has been suggested that the correlation between vascular changes and MDD 

exists generally across all ages (Thomas et al., 2004). A subsequent study on 102 

young psychiatric inpatients with MDD found the presence of periventricular WMHs, 

which were also positively correlated with past suicide attempts (Ehrlich et al., 2005). 

In addition, there was an association found between WMHs and a history of suicide 

attempts in children and adolescents diagnosed with MDD (Ehrlich et al., 2004), 

suggesting an onset of WMHs at an early age.  

In summary there is a growing body of evidence and plausible mechanisms 

which link MDD to vascular changes in general, not only in the elderly. Compared to 

studies on vascular depression in elderly people, there are still relatively few studies 

on vascular mechanisms underlying MDD in younger people. Further research is 

required in this area. We also suggest that the concept of vascular depression as being 

only a subset of depression that exists in elderly people may require revision. WMHs 

are related to atherosclerotic changes due to hypertension, diabetes and 

hyperlipidemia, and these changes arise from disruption of the PINE physiome with 

chronic stress. It could therefore be argued that the observed vascular changes and 

WMHs can be associated with disruption of the PINE network, contributing to MDD. 

Since vascular changes are cumulative over time, it stands to reason that the 

association of vascular damage and depression may be the strongest in older people. 

We discuss the effect of age on the PINE network in section 5.4.  
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4.3.4.2 Glial-neuronal system pathology in response to chronic stress and 

links to major depressive disorder. 

Chronic stress results in several key changes which affect the glial-neuronal 

system in the CNS. These changes are all related and are all associated with MDD. 

Action by inflammatory chemicals (such as cytokines) and stress hormones (such as 

glucocorticoids) cause changes to glial cell ratios due to loss of glial cells, particularly 

astrocytes. This in turn leads to a disruption of the kynurenine pathway, leading to 

increased IDO activity and disruption of the glutamatergic system. The loss of 

astrocytes in particular is associated with a loss of neuroprotective activities such as 

the secretion of BDNF and other neurotrophins, or reuptake of glutamate, as well as a 

disruption of energy supply to neurons in the form of lactate. These changes result in 

neurotransmitter imbalances, such as low CNS serotonin levels, and neuronal cell 

damage (particularly in brain regions such as the hippocampus as described in section 

4.3.4.3). The changes also result in direct detrimental effects on memory, neural 

plasticity and neurogenesis (Yirmiya & Goshen, 2011). Astrocyte loss in the CNS 

leads to neuropathology associated with major depression, including a reduction in 

synaptic serotonin levels which was originally described in the monoamine 

hypothesis of depression (Bunney Jr & Davis, 1965; Coppen, 1967; Schildkraut, 

1965). 

There is thus a network of pathways linking stress to cytotoxic neuronal 

damage. However, while there are several strands of evidence that support the 

concept of neuronal cell loss or death, particularly in the hippocampus, we are not 

aware of any conclusive evidence of neuronal death in MDD. The theoretical basis for 

potential neuronal death in response to stress via cytotoxic mechanisms has been 

skillfully argued, particularly for hippocampal neurons, given the mechanisms which 
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damage neurons in stress and MDD (Sapolsky, 2000b). However, some empiric 

studies have been explicit about not being able to demonstrate neuronal death per se. 

For example, no conclusive evidence for the death of CA3 pyramidal neurons was 

found after exposure to excess glucocorticoids (Woolley, Gould, & McEwen, 1990). 

Postmortem studies (e.g. of the hippocampus) in depressed individuals would be 

required to substantiate neuronal death (Duman, 2004).  

Glial cell numbers and the ratio of astrocytes to microglial cells have been 

found to be important in the pathogenesis and progression of MDD (e.g. Cotter et al., 

2001; Rajkowska & Miguel-Hidalgo, 2007). The mechanisms by which disruptions in 

glial cell numbers occur can be related to chronic stress and disruption of the PINE 

physiome. There is evidence that MDD is associated with a loss of glial cells in the 

CNS. Loss of glial cells with MDD has been demonstrated, for example, in the 

dorsolateral prefrontal cortex and the orbitofrontal cortex (Rajkowska et al., 1999) as 

well as the anterior cingulate cortex (Öngür, Drevets, & Price, 1998). Impaired 

astrocyte and oligodendrocyte cell proliferation in the cortex has been associated with 

MDD, due to stress-related hormones, and glutamate excess, but also a lack of growth 

and differentiation proteins, which affect cells in the CNS (Rajkowska & Miguel-

Hidalgo, 2007).  

A decline in astrocyte numbers, or a disruption in their function, is important 

in the pathophysiology of MDD through several mechanisms: A loss of their 

protective function towards cells in the brain, the disruption of energy regulation and 

supply in the CNS, dysfunction related to their role in physical brain structure and 

control of blood supply.  

Excessive glutamate, especially extrasynaptic glutamate, is deleterious for 
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neuronal function and contribute to MDD (Pittenger, Sanacora, & Krystal, 2007). The 

inflammatory mediators released by microglia adversely affect astrocyte expression of 

EAAT, impairing glutamate removal and acting as an additional mechanism to 

enhance neurotoxic effects (McNally et al., 2008; Vercellino et al., 2007). Astrocytes 

have a significant role in neuronal maintenance through the secretion of neurotrophins 

(Connor & Dragunow, 1998; Erickson et al., 2001; Lindahl et al., 1997; Malin et al., 

2006; Turner et al., 2006). A decline in astrocyte numbers, or a decline in the 

secretion of neurotrophins, has been associated with increased vulnerability to 

neuronal damage (Connor & Dragunow, 1998). Astrocytes also have a role in brain 

energy delivery, production, utilisation, and storage (Bélanger et al., 2011). Therefore 

if astrocytes are being lost or impaired due to chronic stress, this will affect energy 

provision for neurons, contributing to neuronal dysfunction. It has been shown that an 

alteration of energy provision to neurons is important in MDD (Cotter et al., 2001). 

Astrocytes have glucose transporters in their end-feet which cover capillary walls in 

the brain (Cotter et al., 2001). Astrocytes regulate glucose uptake, and utilise glucose 

to convert glutamate to glutamine, and maintain sodium gradients (Araque, Parpura, 

Sanzgiri, & Haydon, 1999). They also convert glucose to lactate, which is used as an 

energy source by neurons (Cotter et al., 2001).  

Astrocytes are able to induce local vasoconstriction and vasodilatation to 

control localised blood flow (Parri & Crunelli, 2003; Zonta et al., 2002) and they also 

secrete angiogenic factors, which help maintain blood capillaries in the CNS 

(Rajkowska & Miguel-Hidalgo, 2007). Therefore, damaged astrocytes or a reduced 

population of astrocytes could result in limited control of localised blood flow in the 

brain, leading to a loss of precise delivery of nutrients, compromising neuronal 

function (Rajkowska & Miguel-Hidalgo, 2007). Studies have shown adverse changes 
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in both blood flow and vascular morphology in MDD (Drevets, 2000; Kumar, Bilker, 

Jin, & Udupa, 2000; Rajkowska, Miguel-Hidalgo, Dubey, Stockmeier, & Krishnan, 

2005), thus again linking stress related glial changes to MDD. Furthermore, these 

studies provide links to the changes associated with vascular depression.  

While microglia are important for proper CNS function, they can also result in 

cell damage. They can secrete compounds such as nitric oxide, hydroxyl radicals or 

superoxide molecules, which are toxic to glial cells and neurons (Boje & Arora, 1992; 

Chao, Hu, Molitor, Shaskan, & Peterson, 1992). Stress and an excess of 

corticosteroids are linked with a loss of oligodendrocytes and astrocytes, but also the 

proliferation of microglia, which is stimulated by stress-related elevation of 

glucocorticoids (Boje & Arora, 1992; Nair & Bonneau, 2006). This proliferation of 

microglia is important because of their use of the kynurenine pathway, which has 

been implicated in MDD (Müller & Schwarz, 2007). Increased inflammatory markers 

in the brain lead to increased activity of IDO in microglia. Since microglial cells are 

strongly activated by glucocorticoids such as cortisol (Nair & Bonneau, 2006), 

microglial cells promote increased IDO activity during a stress response. This in turn 

leads to the breakdown of tryptophan and a reduction of serotonin production, as well 

as direct serotonin catabolism (as IDO can directly metabolise serotonin) (Shimizu, 

Nomiyama, Hirata, & Hayaishi, 1978). Thus, if there is increased stress-induced IDO 

activity in the CNS, tryptophan levels, and therefore serotonin levels, are reduced 

(Grohmann et al., 2003).  

Increased IDO activity also leads to enhanced quinolinic acid production. 

Glial cells are largely responsible for the production of quinolinic acid in the CNS 

(Müller & Schwarz, 2007). The only other cells with the enzymes capable of 
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producing  quinolinic acid in the brain are macrophages, which can invade the CNS 

(Saito, Crowley, Markey, & Heyes, 1993), although quinolinic acid can also enter the 

CNS directly from the bloodstream, where inflammation increases its systemic 

production (Saito et al., 1993). Quinolinic acid acts as a selective NMDA receptor 

agonist (Stone & Perkins, 1981b). If the metabolism of tryptophan to quinolinic acid 

is increased, it results in increased glutamatergic neurotransmission, which is 

cytotoxic.  

In addition, quinolinic acid leads to increased levels of glutamate in the CNS 

for example in the striatum and in the cortex (Fedele & Foster, 1993). Kynurenic acid 

acts as an NMDA antagonist (Stone & Perkins, 1981b). But inflammatory mediators 

acting on microglia increase the quinolinic acid to kynurenic acid ratio, leading to 

increased glutamate and thus nett NMDA agonism, which leads to neurotoxicity 

(Fedele & Foster, 1993; Myint et al., 2007). Quinolinic acid itself is also neurotoxic, 

and results in neuronal cell damage (Heyes et al., 1998; Müller & Schwarz, 2007). 

Increases of quinolinic acid have been linked to cognitive deficits, such as decrease in 

reaction time and learning (Martin, Heyes, Salazar, Law, & Williams, 1993; Martin & 

Law, 1992). 

At the same time, increased glutamate activity secondary to IDO activity by 

microglia stimulates TNF release from the same activated microglia (Pocock & 

Kettenmann, 2007). This results in a positive feedback loop, whereby inflammatory 

markers in the CNS such as TNF stimulate IDO activity in microglia, which leads to 

increased quinolinic acid production, which then leads to excess glutamate receptor 

agonism, which causes further microglial activation and further release of 

inflammatory mediators (McNally et al., 2008).  
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Cortical glutamate levels are also increased in depressed people (Bhagwagar 

et al., 2007; Sanacora et al., 2004), providing another link between chronic stress and 

MDD. The damage to neurons in some brain regions such as the hippocampus, and 

the effects on hippocampal neurogenesis, are discussed in the next section.  

Given the generally protective nature of astrocytes and the pro-inflammatory 

and toxogenic actions of microglia, it becomes apparent that the ratio of astrocytes to 

microglial cells in the CNS is important in normal brain function. Disruption of this 

ratio occurs in chronic stress and has also been implicated in MDD (Müller & 

Schwarz, 2007). Astrocytes and microglia both have the ability to secrete cytokines. 

Microglial cells are derived from peripheral macrophages and thus secrete Th1 

cytokines, (which are pro-inflammatory), while astrocytes secrete Th2 cytokines 

(which are anti-inflammatory) such as IL10 (Aloisi, Ria, & Adorini, 2000; Xiao & 

Link, 1999). It has been suggested that an imbalance in the activation of microglial 

cells and astrocytes occurs in chronic stress and MDD, whereby dominance of 

microglial activation leads to an overexpression of pro-inflammatory cytokines 

(Müller & Schwarz, 2007). It should also be considered, however, that if astrocyte 

populations are reduced compared to microglial populations, the astrocyte/microglial 

ratio will be such that less anti-inflammatory cytokines can be produced, leading to a 

pro-inflammatory state in the CNS. 

An imbalance in glial cell ratios can also create a positive feedback loop, due 

to the vital function of glial cells, astrocytes in particular, with cell maintenance and 

gliogenesis. Glial cells produce glia promoting factors (GPFs) (Giulian & Young, 

1986), which (in part) promote and regulate gliogenesis (Giulian, Allen, Baker, & 

Tomozawa, 1986; Giulian & Baker, 1985).  Glial cells are therefore responsible for 
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their own maintenance and for gliogenesis, so as glial populations start declining, this 

may impair further gliogenesis, causing further glial cell loss. Since glial cells are 

vital to maintain the health of neurons, there may also be significant compromise of 

neuronal cells, possibly neuronal death, with declining glial cell numbers, which 

could be exacerbated by this positive feedback loop.  

4.3.4.3 Hippocampal pathology in response to chronic stress and links to 

major depressive disorder. 

Several studies have shown that hippocampal volume is reduced in MDD. In 

addition, there is an association between MDD and hippocampal neurogenesis. 

Hippocampal changes have also been linked to specific symptoms of MDD, such as 

cognitive symptoms (Sheline, 2000). All these changes can be shown to be brought 

about by chronic stress and disruption of the PINE physiome.  

Early studies using high-resolution MRI techniques to study volumetric brain 

changes in MDD, showed that MDD is associated with bilateral hippocampal atrophy, 

with volume loss ranging from 8% to 19% (Sheline, 2000). These changes were 

shown to affect hippocampal function in MDD (Sheline, 2000), with abnormalities of 

declarative memory (Burt, Zembar, & Niederehe, 1995) and verbal memory (Sheline, 

Sanghavi, Mintun, & Gado, 1999). These imaging studies measured volumetric 

changes in the hippocampus in people who had a history of MDD but were in 

remission at the time of the study. The studies aimed to avoid any acute brain changes 

due to hypercortisolemia of depression, revealing changes that persisted beyond acute 

MDD (Sheline, 2000). Meta-analysis of the volumetric brain studies comparing MDD 

patients with control groups, shows support for hippocampal volumetric reduction in 

MDD (Arnone, McIntosh, Ebmeier, Munafò, & Anderson, 2012; Kempton et al., 

2011; Koolschijn et al., 2009; Videbech & Ravnkilde, 2004), although other brain 
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structures have also been shown to have significant volumetric loss. A recent meta-

analysis of morphometric studies in MDD found that MDD leads to volumetric 

reductions in the frontal cortex, orbitofrontal cortex, hippocampus, right cingulate 

cortex, caudate and putamen (Arnone et al., 2012).  

Arnone et al. (Arnone et al., 2012) showed the following changes in 

hippocampal volumes: Both hippocampi (407 MDD patients and 301 controls) 

showed an effect size of -0.45 (95% CI -0.22 to -0.68). Left hippocampal volume 

(1512 MDD patients and 1340 controls) showed an effect size of -0.26 (95% CI -0.13 

to -0.39) and right hippocampal volume (1512 MDD patients and 1340 controls) 

showed an effect size of -0.27 (95% CI -0.13 to -0.40). Left hippocampal grey matter 

volume (144 MDD patients and 137 controls) showed an effect size of -0.71 (95% CI 

-0.39 to -1.03) and right hippocampal volume (1512 MDD patients and 1340 controls) 

showed an effect size of -0.60 (95% CI -0.28 to -0.91). The meta-analysis also found 

an excess of white matter lesion volumes in the brain (Arnone et al., 2012), the 

significance of which was discussed in section 4.3.4.1.  

 Stress causes long-term volumetric changes in the hippocampus. Glial cell 

atrophy and cell loss have been linked to hippocampal volume loss due to chronic 

stress (Leff et al., 2010; Manji, Drevets, & Charney, 2001; Öngür et al., 1998; 

Rajkowska, 2000; Rajkowska & Miguel-Hidalgo, 2007; Rajkowska et al., 1999). 

Increased apoptosis after stress occurs mainly in glial cells in the hippocampus, 

raising the possibility that astrocytes and oligodendrocytes might be affected early in 

the sequence of neuropathological changes (Rajkowska & Miguel-Hidalgo, 2007).  

The hippocampus is one of the regions of the brain where adult neurogenesis 

occurs (Leff et al., 2010). Chronic stress produces a marked decrease in both 

neurogenesis and cell proliferation of granular cells in the dentate gyrus of the 
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hippocampus (Gould, Tanapat, McEwen, Flügge, & Fuchs, 1998). The cumulative 

effects of chronic stress on neurogenesis and cell proliferation then cause changes in 

dendritic remodeling of CA3 pyramidal cells (Quan, Whiteside, & Herkenham, 1998). 

This process has been implicated in the pathology of chronic depressive disorder 

(Quan et al., 1998) and cumulatively these processes result in the observed volumetric 

loss in the hippocampus (Malberg, 2004; Malberg & Duman, 2003; McEwen, 1999; 

Tanapat, Galea, & Gould, 1998; Tanapat, Hastings, Rydel, Galea, & Gould, 2001). 

The significant effect of stress in reducing the granule cell layer at the dentate gyrus 

of the hippocampus and the changes induced on CA3 pyramidal neurons have been 

linked to the over-secretion of glucocorticoids with prolonged stress (Liu, Diorio, 

Day, Francis, & Meaney, 2000; Sapolsky, 2000a). Animal studies also showed that 

intravenous administration of glucocorticoids produces a significant decrease in 

hippocampal cell proliferation, supporting the link between glucocorticoids and 

hippocampal changes (Leff et al., 2010). 

In the dentate gyrus granule cells, the effect of glucocorticoids such as cortisol 

on cell proliferation occurs by disruption of the regulatory and signaling pathways 

involved in the differentiation of hippocampal stem cells (Leff et al., 2010). Raised 

levels of glucocorticoids also suppress the synthesis of BDNF, which results in 

neurodegeneration and contributes to symptoms of depression (Kunugi, Hori, Adachi, 

& Numakawa, 2010). It has also been shown that a reduction of hippocampal-cell 

proliferation can occur in the absence of raised glucocorticoid levels (Kempermann, 

2002), implying that other stress induced signaling molecules act on the hippocampus 

to induce the observed functional and structural changes (Quan et al., 1998). 

Interestingly, MDD is associated with an increase in glial cell density in the 
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hippocampal cornu ammonis subfields and in the granule cell layer of the dentate 

gyrus (Stockmeier et al., 2004), rather than a decrease. But the increase in 

hippocampal glial cell density is linked to a reduction in glial processes (Rajkowska 

& Miguel-Hidalgo, 2007). Astrocyte function is compromised, leading to reduced 

secretion of neurotropins and protective factors. For example, stress has been shown 

to cause reduced BDNF mRNA expression in the hippocampus (Duman, Heninger, & 

Nestler, 1997; Schaaf, de Jong, de Kloet, & Vreugdenhil, 1998; Schaaf, Hoetelmans, 

de Kloet, & Vreugdenhil, 1997). BDNF and neurotrophin-3 in turn have been shown 

to significantly affect serotonergic neuron function, growth and regeneration. In a rat 

model, BDNF injected into the neocortex prevented neurotoxin-induced loss of 

serotonergic axons and substantially promoted an increase in serotonergic axon 

density (Mamounas, Blue, Siuciak, & Altar, 1995). BDNF has also been implicated in 

adult neurogenesis. 

However, Tang et al (2012), in a very lucid review of neurogenesis in MDD, 

provided a rebuttal of the importance of neurogenesis in MDD. The authors argue that 

neurogenesis has been reported to occur at a low rate in the adult brain (Gould, 2007) 

and may be negligible in the elderly (Tang et al., 2012). This would make it difficult 

to justify that suppression of neurogenesis is the sole basis of MDD, and also that 

induction of neurogenesis is the mechanism of antidepressant action in the elderly 

(Tang et al., 2012). 

  It is also argued that limbic structures are important for more primitive 

animals and that neurogenesis in these structures is thus an important evolutionary 

trait, whereas in humans the superiority of the cortex over the limbic system results in 

the diminishing dependence on limbic neurogenesis (Tang et al., 2012). Given the 
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importance of emotion in human functioning, which involves limbic structures 

significantly, this latter argument may not hold, particularly in the context of the 

highly integrated PINE network and its control structures, such as the vagus nerve, 

which has very significant links with emotional functioning (Porges, 1995, 1997, 

2001, 2003; W Porges, 1998). Tang et al. (2012) point out that neurogenesis is not 

just specific to MDD and also suggest that hippocampal neurogenesis alone is 

unlikely to be sufficient to explain all the complex symptoms of depression. The 

authors conclude that mechanisms other than purely a hippocampal neurogenesis 

theory of MDD need to be considered. This paper supports this point, which 

reinforces the concept of MDD occurring through a network of pathophysiological 

mechanisms, not just one isolated mechanism. 

 

4.3.4.4 Behavioral mechanisms due to inflammation in response to stress, 

and links to major depressive disorder. 

Infectious diseases cause changes in behaviour such as fatigue, malaise, 

anorexia, sleep disturbance (including hyposomnia or hypersomnia), decreased 

physical activity, social withdrawal and cognitive disturbance, which are collectively 

termed sickness behaviour (Capuron, Lamarque, Dantzer, & Goodall, 1999; Dantzer, 

2009; Dantzer et al., 2008; Maier & Watkins, 1998; Reichenberg et al., 2001). These 

behaviours aid survival, because they allow an animal to withdraw from activity, 

conserve energy and recuperate from infection (Dantzer et al., 2008). Symptoms 

associated with MDD, such as neurovegetative symptoms, have been associated with 

sickness behaviour, which is a natural response to increased levels of circulating pro-

inflammatory cytokines (Reichenberg et al., 2001). MDD is associated with increased 

cytokine production and increased serum levels of pro-inflammatory cytokines (Leff 
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et al., 2010). Pro-inflammatory cytokines such as IL-1, IL-6, and TNF alpha can 

cause increased fatigue, somnolence and withdrawal from social activity (Anisman & 

Merali, 2003; Dantzer et al., 2008; Leff et al., 2010).  

Sickness behaviour can be induced experimentally by the administration into 

the body of pro-inflammatory cytokines, or agents which stimulate inflammation, 

such as bacterial endotoxin. This has been demonstrated in animals and humans. For 

example, administration of IL-1beta peripherally and into the lateral ventricles of the 

brain has been shown to cause behavioural changes associated with depression 

(Anforth et al., 1998). In addition, MDD symptoms caused by the experimental 

administration of pro-inflammatory cytokines can be reversed with antidepressant 

treatment (Anisman & Merali, 2003; Pavón et al., 2006).  

Endotoxin (lipopolysaccharide) is a cell-wall component of gram-negative 

bacteria, which rapidly induces the secretion of pro-inflammatory cytokines (Dantzer 

et al., 1999). Administration of endotoxin in rodents leads to a marked change in 

behaviour, including decreased sucrose preference, which is a model for a loss of 

interest in pleasurable stimuli, or anhedonia (Dantzer et al., 2008). The animals also 

showed reduced exploratory and social behaviour, reduced food intake, and increased 

somnolence (Dantzer et al., 2008).  

If given to humans in high doses, endotoxin induces an immune response 

which includes fevers, headaches and muscle aches (Michie et al., 1988; Suffredini, 

Hochstein, & McMahon, 1999). However a study by Reichenberg et al. (2001) 

showed that lower doses of endotoxin exposure in humans lead to anxiety (one to two 

hours post exposure), depressed mood (three hours to ten hours post exposure) and a 

global decrease in memory function across the exposure time. Similarly, 
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administration of Salmonella typhi vaccine, which also promotes a cytokine immune 

response, results in negative mood (Wright, Strike, Brydon, & Steptoe, 2005).  

In addition, the administration of peripheral intravenous interferon (an 

immune stimulant) can cause MDD (Juengling et al., 2000; Loftis & Hauser, 2004; 

Tanaka et al., 2006) and induces hypo-metabolism in the prefrontal and temporal 

regions on magnetic resonance imaging, findings which correlate to those in MDD 

(Juengling et al., 2000; McNally et al., 2008; Tanaka et al., 2006). 

These findings support the concept of behavioural changes, such as sickness 

behaviour, but also defining symptoms of MDD, arising directly from immune 

stimulation. Chronic stress causes immune stimulation and the release of pro-

inflammatory cytokines as a result of homeostatic disruption of the PINE physiome, 

and immune stimulation then results in behavioural changes, which are consistent 

with symptoms of MDD. This further demonstrates how disruption of the PINE 

physiome is linked to MDD. 

 

4.4 Ongoing Pathophysiological Changes – Emergence of the PINE Pathome 

The pathophysiological changes described thus far due to chronic stress can be 

summarised as follows: Autonomic changes result in increased blood pressure, 

vasoconstriction and increased heart rate. Endocrine changes result in alterations in 

glucose availability, which then result in insulin resistance. There are changes to 

blood coagulability (Dale et al., 2002; De Clerck, 1991; Frasure-Smith & Lespérance, 

2005; Musselman, Evans, & Nemeroff, 1998) due to increased propensity for platelet 

aggregation as well as increased blood viscosity. Increased circulating inflammatory 

markers result in vascular endothelial dysfunction and other vascular changes which 

ultimately promote atherosclerosis (e.g. Kiecolt-Glaser & Glaser, 2002). 
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Glucocorticoid hypersecretion has also been associated with atherosclerosis (Troxler, 

Sprague, Albanese, Fuchs, & Thompson, 1977), as has increased heart rate (Gordon, 

Guyton, & Karnovsky, 1981). Increased pro-inflammatory markers give rise to 

glucocorticoid resistance, which in turn drives further pro-inflammatory cytokine 

release (Raison et al., 2006) and diminishes immune inhibitory control of the 

sympathetic nervous system, further promoting inflammatory activation (Raison & 

Miller, 2003). 

In the CNS, increased inflammatory markers as well as stress hormones such 

as cortisol cause widespread and interlinked effects on both glial cells and neurons. 

The result is a loss of astrocytes due to cell death. This in turn results in poor 

maintenance of neuronal function, an imbalance in neurotransmitter regulation, 

disruption of glutamatergic function and an imbalance of the kynurenic metabolic 

pathway, as well as a decrease in the secretion of agents such as BDNF, which assist 

in the maintenance of neurons and glial cells. These changes subsequently lead to a 

decrease in neuronal function, degeneration of hippocampal neurogenesis and 

neuronal cell compromise in several brain regions. Increased inflammatory 

compounds in the CNS also result in behavioural changes consistent with sickness 

behavior, leading to changes in eating and sleeping, apathy and social withdrawal. 

Hippocampal and pre-frontal cortex changes lead to changes in concentration and 

memory, potentially further exacerbating behavioural changes. Because these 

mechanisms are highly interlinked, and form a network in terms of systems biology, 

they all act in concert, increasing risks for the emergence of pathology (Figure 3.2). 

There are also pathophysiological links between diseases, again shown in 

Figure 3.2. Endothelial changes and vasoconstriction (e.g. Empana et al., 2005), in 

combination with increased blood coagulability, coupled with hypertension and 
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increased cardiac output, act in concert as risk factors for disease-defining thrombotic 

events such as a myocardial infarction or a cerebrovascular accident. 

Insulin resistance can progress to the point of emerging type 2 diabetes. If type 

2 diabetes then progresses, it can contribute to vascular pathology. Severe and 

persistent diabetic illness can also have severe consequences such as autonomic 

neuropathy, which in turn can exacerbate dyscontrol of the PINE network. 

Atherosclerosis can promote further release of pro-inflammatory cytokines 

(Tousoulis, Davies, Stefanadis, Toutouzas, & Ambrose, 2003). Atherosclerosis also 

contributes to the vascular changes in the brain associated with MDD, as described in 

section 4.3.4.1. 

MDD is thought to arise from a number of mechanisms, all discussed in 

section 4.3.4. These include reduced serotonin in the CNS resulting from imbalance 

of the kynurenic pathway, reduced astrocyte numbers and altered glial cell ratios, 

neuronal and glial cell damage or death, and resultant volume reduction in several 

brain regions, including the pre-frontal cortex and hippocampus. In addition MDD is 

associated with vascular changes, as well as increased inflammation in the CNS, 

resulting in behavioural changes.  

MDD in turn can start to contribute to, or exacerbate, the pathophysiology of 

other diseases. Apart from shared physiological pathways in the PINE network, the 

behavioural changes associated with MDD have a significant influence in driving and 

perpetuating diseases such as CHD or type 2 diabetes. For example, MDD has also 

been associated with sympathetic overdrive (Esler et al., 1982; Veith et al., 1994) and 

sympathetic overdrive has been linked to weight gain and obesity (Lambert, 

Straznicky, Lambert, Dixon, & Schlaich, 2010). But independently, MDD has been 

associated with obesity through inactivity, poor diet and other lifestyle factors 
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(Goodman & Whitaker, 2002; Luppino et al., 2010; Pine, Goldstein, Wolk, & 

Weissman, 2001; Vogelzangs et al., 2008). Obesity is in turn associated with MDD 

(Luppino et al., 2010). In addition, it has been shown that people with MDD are less 

compliant with medical treatments (for CHD, for example) (Carney, Freedland, 

Miller, & Jaffe, 2002; DiMatteo, Lepper, & Croghan, 2000; Ziegelstein et al., 2000). 

Although speculative, behavioural changes leading to poorer self-care could also arise 

directly from sickness behaviour. 

Obesity or overweight status, along with hypertension, insulin resistance and a 

deranged blood lipid profile including hypercholesterolaemia, has gained recognition 

as an independent disease entity called the metabolic syndrome (e.g. Eckel, Grundy, 

& Zimmet, 2005). The metabolic syndrome, in turn, has been shown to exacerbate 

sympathetic overdrive (Grassi et al., 2004; Grassi et al., 1995; Lambert et al., 2010; 

Straznicky et al., 2005). 

The systemic imbalance of serotonin results in changes to platelet activation. 

MDD has also been linked to increased platelet activation (Cerrito, Lazzaro, Gaudio, 

Arminio, & Aloisi, 1993; Frasure-Smith & Lespérance, 2005; Shimbo et al., 2002). 

Platelet activation in turn can promote the release of pro-inflammatory cytokines (e.g. 

Vieweg et al., 2006). Platelet activation also exacerbates atherosclerosis (Laghrissi-

Thode, Wagner, Pollock, Johnson, & Finkel, 1997; Nemeroff & Musselman, 2000; 

O’Connor, Gurbel, & Serebruany, 2000). The maintenance of pro-inflammatory 

cytokine levels and promotion of progressive atherosclerotic disease and vascular 

changes are likely, in turn, to maintain MDD and predispose to new or ongoing 

thrombotic events, linked to CHD or CVA. It is evident that all of these 

pathophysiological relationships are significantly interlinked. They constitute the 

PINE pathome.  
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4.5 Predisposition: Genetic, Intrauterine and Developmental Vulnerability 

Factors 

The diathesis stress model for mental illnesses suggests that the development 

of a mental illness is precipitated by stress, but occurs on a background diathesis, or 

vulnerability (Bleuler, 1963; Rosenthal, 1963). Diathesis or vulnerability (terms 

which are used interchangeably) can be defined as genetic, biological, cognitive and 

interpersonal psychological factors that make a person susceptible to psychopathology 

(Monroe & Simons, 1991). Genetic predisposition, intrauterine influences and early 

environmental developmental factors have an impact on the PINE physiome and thus 

predispose to MDD.  While a detailed review of genetic and other diathesis 

mechanisms is beyond the scope of this paper, we present a brief discussion of 

vulnerability factors pertaining to the PINE network and MDD. 

 

4.5.1 Genetic factors. 

A diathesis stress model in MDD has been widely discussed in the context of 

genetic polymorphisms influencing the risk of a person developing MDD in relation 

to life stresses, including early life trauma (Bradley et al., 2008; Caspi et al., 2003; 

Kaufman et al., 2006; Kaufman et al., 2004; Kendler, Kuhn, Vittum, Prescott, & 

Riley, 2005). Genetic predisposition to MDD is complex and likely polygenetic, with 

only a few clear candidate genes definitively contributing to MDD (e.g. reviewed in 

Hettema, 2010). In the context of the PINE pathome, specific examples include the 5-

HTT serotonin transporter gene polymorphism, which has been implicated in 

susceptibility to MDD in the context of stress (Caspi et al., 2003; Eley et al., 2004; 

Hoefgen et al., 2005; Jacobs et al., 2006; Kaufman et al., 2004; Kendler et al., 2005; 
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Wilhelm et al., 2006; Zalsman et al., 2006). Another example is BDNF gene 

polymorphism. Secretion of BDNF is linked to a single nucleotide site on the BDNF 

gene val66met (Chen et al., 2004; Egan et al., 2003). There is an association between 

people who carry the met allele and the incidence of MDD (e.g. Verhagen et al., 

2008). A third example is polymorphism of glucocorticoid receptor genes, such as the 

FKBP5 gene, which regulates glucocorticoid receptors and is also associated with 

vulnerability to depression (Binder et al., 2004). Finally, there are functional allelic 

variants of the genes for IL-1b and TNF-alpha, which increase the risk for depression 

and are also associated with a reduced response to antidepressant medication (Jun et 

al., 2003; Yu, Chen, Hong, Chen, & Tsai, 2003). 

All these examples could be argued to lower the threshold for disruption of the 

PINE physiome, leading to greater vulnerability to diseases like MDD. The question 

then arises whether such genetic vulnerability could also be relevant to other diseases, 

which can arise from disruption of the PINE physiome. For example, does a genetic 

predisposition for MDD also predispose people to CHD? There is evidence that this 

might be the case. For example, in people with CHD, people who carry the s allele of 

the 5-HTTLPR gene are not only more susceptible to depression, but also to 

perceived stress and have high noradrenaline secretion, factors which exacerbate 

negative cardiovascular outcomes in these patients (Otte, McCaffery, Ali, & 

Whooley, 2007). Further research is needed to elucidate whether genes which 

predispose to MDD could predispose to CHD, CVA, type 2 diabetes and other 

medical conditions, and vice versa. 
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4.5.2 Intrauterine factors. 

Intrauterine changes arising from environmental influences, such as maternal 

stress levels or decreased growth in utero, have been shown to be significant in 

influencing the fetal development of the brain and other organ systems, with 

significant effects on subsequent physiology, behaviour, health and mental health 

(Glover, O’Connor, & O’Donnell, 2010). This process has been termed ‘fetal 

programming’ (Glover et al., 2010). Low birth weight due to slow growth in utero is 

linked to the later development of hypertension, CHD and type 2 diabetes in two 

seminal studies, of 13830 people in Helsinki (Barker, Eriksson, Forsen, & Osmond, 

2002; Kajantie et al., 2005) and 37,615 people in Hertfordshire (Syddall et al., 2005). 

Slow growth in utero and low birth weight are also linked to HPA axis changes and 

glucocorticoid physiology which underlie the association of slowed intrauterine 

growth and stress-related cardiovascular, metabolic and neuroendocrine diseases in 

later life (Seckl, Cleasby, & Nyirenda, 2000). Growth restriction of organs in utero 

can lead to reduced functional capacity of organs such as blood vessels or kidneys 

(Kajantie et al., 2005), but also cause life-long changes to the HPA axis, leading to 

hypertension and impaired glucose tolerance later in life (Kajantie et al., 2005; 

Matthews, 2002; Phillips et al., 1998).  

Prenatal maternal stress in particular has been implicated in fetal changes in 

utero, particularly with regards to ‘recalibrating’ HPA axis function in the developing 

fetus. Such maternal stress effects on the fetal HPA axis are variable however, 

depending on the nature of the stress, its timing in gestation, and genetic vulnerability 

of the fetus (Glover et al., 2010). Animal studies demonstrated a wide range of effects 

of maternal stress upon fetal development, resulting in anxious behaviour, attentional 

deficits, altered immune function, altered cardiovascular responses to stress 
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(Igosheva, Taylor, Poston, & Glover, 2007), altered adult stress response (Shors & 

Miesegaes, 2002) and glucose intolerance (Lesage et al., 2004). In humans, maternal 

stress, anxiety or depression lead to neurodevelopmental changes in the fetus (Van 

den Bergh, Mulder, Mennes, & Glover, 2005) which result in long-term changes to 

cognitive development (Huizink, Robles de Medina, Mulder, Visser, & Buitelaar, 

2003) and language development (Laplante et al., 2004) of the child. Maternal stress 

and anxiety also result in hippocampal changes (Cottrell & Seckl, 2009), as well as 

changes to HPA axis regulation (Glover et al., 2010), in children. 

There is also a direct influence in utero of maternal stress on epigenetic 

change in fetal genes (Radtke et al., 2011). Experience of domestic violence by 

mothers during pregnancy causes methylation of glucocorticoid receptor genes in 

their children. These epigenetic modifications were shown to be established in utero, 

were sustained by the children into later life, and were thought to have a lifelong 

influence on HPA axis regulation in these individuals and an impact on later 

psychosocial function (Radtke et al., 2011). Intrauterine changes could act as diathesis 

factors for the destabilisation of the PINE physiome, although further research is 

needed to clearly link intrauterine diathesis with a later onset of MDD or other PINE 

pathome-related diseases. 

4.5.3  Developmental and environmental factors. 

Environmental developmental factors have been shown to be important in the 

emergence of vulnerability to MDD. Such vulnerability can arise directly from early 

life changes to the PINE physiome in response to trauma. The concept of non-genetic 

(often environmental) factors disrupting, or having a long-term impact upon, 

physiological systems has been termed perinatal programming (Maccari et al., 2003). 
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Childhood trauma has been shown to be a significant risk factor for developing 

MDD in adulthood, particularly in response to additional stressors (Brown & Moran, 

1994; Chapman et al., 2004; Felitti et al., 1998; McCauley et al., 1997; Molnar, Buka, 

& Kessler, 2001; Mullen, Martin, Anderson, Romans, & Herbison, 1996). The 

correlation between childhood trauma and later MDD has further been supported by 

twin studies (Kendler et al., 2000; Kendler et al., 1993). In addition, people who have 

suffered early life trauma are more sensitised to acute stress in adulthood, leading to 

MDD (Dougherty, Klein, & Davila, 2004; Hammen, Henry, & Daley, 2000; Kendler, 

Kuhn, & Prescott, 2004). Childhood trauma is associated with impaired 

glucocorticoid-mediated feedback control of the HPA axis during stress (Heim, 

Newport, Mletzko, Miller, & Nemeroff, 2008), which implicates long-term changes in 

PINE network homeostasis giving rise to depression in the context of further stress in 

later life. 

While the diathesis stress model for MDD alone has been extensively 

described in the literature, we propose that the entire PINE network might be subject 

to a diathesis stress model. We suggest that for an individual, chronic stress interacts 

with genetic, intrauterine and other developmental factors to then manifest as one or 

more medical or mental health outcomes with disruption of the PINE physiome. In 

some individuals this will be MDD, in some CHD and in others it might be type 2 

diabetes. Further research is required, however, to explore these concepts. 

 

5.0 Discussion 

In summary, this paper has shown how chronic stress, in the context of 

vulnerability factors, can cause a pervasive disruption of the PINE physiome, 

inducing profound homeostatic shifts in immune function, the autonomic nervous 
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system, the HPA axis and the central nervous system. These homeostatic shifts reach 

a critical threshold, whereby criteria are met for specific disease states, such as MDD, 

CHD, type 2 diabetes or CVA. Disruption of the PINE physiome, in combination with 

diathesis factors, thus represents a simultaneous risk factor for all of these diseases. In 

the discussion below we wish to expand on these themes and explore some of their 

implications. We acknowledge that much of what is proposed below is speculative. 

However, it is hoped that the concepts discussed will provide scope for further 

research. 

 

5.1 Reductionism versus a Systems Biology Approach to Major Depressive 

Disorder, CHD, CVA and Diabetes 

 Several authors have argued that specific theories of MDD are inadequate at 

describing clinical observations, or that evidence for therapies based on a specific 

physiological theory of MDD do not have adequate efficacy. This is certainly true for 

antidepressant drugs like SSRIs, which for years relied on the monoamine hypothesis 

of depression to explain their efficacy (e.g. Maes et al., 2009; Turner et al., 2008).  

 Similarly, Tang et al. (2012), in a rebuttal of the importance of neurogenesis in 

MDD, argue that neurogenesis has been reported to occur at a low rate in the adult 

brain (Gould, 2007) and may be negligible in the elderly, making it difficult to justify 

that suppression of neurogenesis is the basis of MDD in older people (Tang et al., 

2012). The argument above may be valid for neurogenesis or the monoamine 

hypothesis of MDD in isolation, but not for a wider view of MDD in the context of 

the PINE pathome. We hypothesise that several pathological processes are occurring 

simultaneously, which are all contributing to an overall constellation of behavioural, 

cognitive and physical changes, which we collectively refer to as MDD. It is possible 
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that some of these processes are more significant in younger people, such as glial 

changes and hippocampal changes (e.g. Tang et al., 2012) and that some are 

increasingly significant with advancing age, such as vascular mechanisms (e.g. 

Alexopoulos et al., 1997; Post, 1962; Ranga Rama Krishnan & McDonald, 1995). 

 We propose a shift in focus away from a reductionist paradigm of considering 

individual mechanisms as the most prominent cause of MDD, towards a holistic view 

which embraces the complexity of the multitude of interrelated physiological and 

other mechanisms which give rise to MDD. A systems biology approach provides 

both a precedented and structured means of studying such a complex system, 

justifying its use in the study of MDD and its related general medical conditions.  

 

5.2 Pathologies Such as Vascular Disease, Diabetes, CHD and MDD Act to 

Maintain the PINE Network in a Stable Pathological State 

Complex dynamical systems or networks can have critical thresholds, which 

can cause the entire system to shift abruptly from one state to another (Scheffer, 

2009). We hypothesise that chronic stress, by causing ongoing disruption of the PINE 

physiome, pushes the physiome to a critical threshold, and then causes a critical 

transition to occur. The PINE network thus shifts into a new stable state, which we 

have called the PINE pathome (Figure 3.2). Once a complex network has shifted into 

another stable state, the shift is often very difficult or impossible to reverse (Liu et al., 

2012). (Also see Liu et al. (2012) for an example of the application of network 

concepts to the critical transition from health to disease). 

Therefore, when a transition to the PINE pathome occurs, the PINE pathome 

is then not readily able to be changed back to the original PINE physiome because it 
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has stability in its own right. In part, this may be due to genetic and other 

predisposing factors, which create an ongoing vulnerability that maintains the PINE 

pathome. Studies discussed above have suggested that intrauterine factors, or 

childhood trauma and other adverse developmental factors, can permanently ‘reset’ 

the HPA axis, making a person permanently vulnerable to certain illnesses, such as 

MDD. This vulnerability might in turn make established pathology, such as MDD, 

much more difficult to treat.  

A second possible reason why the PINE pathome is not readily able to 

undergo a state change back to the original PINE physiome, is because the pathology 

which arises then acts in a positive feedback loop to drive further pathological 

changes, maintaining the PINE pathome. Over time, in people with chronic disruption 

of PINE network homeostasis, more and more pathophysiological change occurs, 

which is difficult to reverse, or irreversible. An example of this is CHD leading to 

death of cardiac muscle in an MI, thus changing cardiovascular dynamics and leading 

to further chronic cardiac conditions such as cardiac failure (e.g. Hombach et al., 

2005). Progressive vascular disease would also predispose to either maintaining MDD 

or placing a person at increased risk of recurrent major depressive episodes due to 

vascular depression mechanisms (e.g. Alexopoulos et al., 1997). A further example of 

irreversible change within the PINE pathome would be type 2 diabetes leading to 

autonomic neuropathy. We thus hypothesise that while stress is the simultaneous 

causal risk factor for MDD, CHD, type 2 diabetes and CVA, once one of these 

diseases has arisen, it will then serve to stabilise the PINE pathome and may directly 

increase the risk of the other diseases arising via the mechanisms discussed in section 

4.4.  
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Medical therapies are certainly able to treat specific illnesses such as type 2 

diabetes or CHD, and in some cases reverse risk. MDD is generally considered to be a 

treatable illness. However, it has also been shown that once MDD occurs, subsequent 

episodes of MDD require less severe stressors to trigger a recurrent episode (Post, 

1992). This has been discussed in the literature in the context of a ‘kindling 

phenomenon’ (Post, Rubinow, & Ballenger, 1984; Post, 1992; Post, Rubinow, & 

Ballenger, 1986). This raises the question of the long-term reversibility of the PINE 

pathome, even with treatment for the resultant illnesses. Are there permanent changes 

brought about as part of the PINE pathome, even if a remission of depressive 

symptoms can be achieved? 

There is further evidence of such irreversibility of risk. A large prospective 

study by Pratt et al. (1996) showed that people who have a history of two weeks of 

depression are at increased risk of MI (odds ratio 4.54), even decades later and after 

depressive symptoms have presumably resolved.  Similarly, large trials such as 

ENRICHD and SADHART found that antidepressant treatment of people post MI 

helped with symptoms of MDD, but did not lower the risk of recurrent adverse 

cardiac events (Berkman et al., 2003; Carney et al., 2004; Glassman et al., 2002). 

While it has been suggested that studies to date do not have sufficient statistical 

power to resolve the effect of interventions for MDD on CHD outcomes (Rivelli & 

Jiang, 2007), it is possible that once the PINE pathome becomes established, it brings 

with it increased risks which are irreversible with time, treatment, or even the 

remission of illness linked to the PINE pathome. 

Another point for consideration is that if genetic, intrauterine and 

developmental environmental diathesis factors can make a person vulnerable to 

MDD, or make the disease more difficult to treat once it arises, do the risk factors for 
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MDD also act as risk factors for developing type 2 diabetes, CHD and CVA? Does 

any risk factor for dysfunction of the PINE physiome then act as a simultaneous risk 

factor for MDD, type 2 diabetes, CHD or CVA? This is an important area for further 

research.  

 

5.3 The Changing Prominence of Various Mechanisms in the PINE Pathome 

With Age 

There is significant evidence that the pathophysiology of MDD changes with 

age. It has been argued that MDD in younger people is characterised by mild neuronal 

pathology and prominent glial pathology, whereas the pattern is reversed in elderly 

people with MDD (Rajkowska & Miguel-Hidalgo, 2007; Tang et al., 2012). As 

discussed in section 4.3.4.1, several investigators have suggested that cerebrovascular 

changes become an increasingly prominent feature in the pathophysiology of MDD in 

the elderly (e.g. Post, 1962; Ranga Rama Krishnan & McDonald, 1995), to the point 

where vascular depression of the elderly was considered a separate subtype of MDD 

(Alexopoulos et al., 1997). It has even been suggested that genetic and psychosocial 

factors characterise MDD in young age, but are much less significant in MDD in the 

elderly (Hopkinson & Ley, 1969; Mendlewicz & Baron, 1981).  

This paper supports the proposition that certain pathophysiological 

mechanisms become more prominent with age, but suggests that all the mechanisms 

remain as fixed nodes in the PINE network. We postulate that the PINE network does 

not change, but that certain elements of it have a changing prominence or importance 

of contribution to diseases such as MDD, with advancing age. For example, if glial 

pathological mechanisms have been shown to occur more in young people with 

MDD, but are not as prominent as in the elderly, the mechanisms of glial pathology 
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and vascular pathology would still exist side by side in a network representation of 

the PINE pathome, but would be more, or less, prominent as a contributor to MDD, 

depending on the age of the depressed person. This paper proposes that the entire 

PINE network is disrupted by stress and that this promotes pathological mechanisms 

to become active, but potentially each in a different measure, depending on 

vulnerability factors (e.g. genetic vulnerability) and age. 

As discussed in section 5.2, some aspects of the PINE pathome become 

irreversible, such as irreversible structural damage caused by a CVA in the brain, or 

changes to the myocardium with CHD. Many changes are not as dramatic, but do 

accumulate steadily with age, such as atherosclerotic change. Vascular pathology 

builds up over many years and then reaches a critical point, where an index event 

such as an MI or CVA occurs. Glial damage might be more reversible, but also 

appears to build up over time, leading to white matter hyperintensities and reduced 

hippocampal volume even in remission of MDD (see section 4.3).  

In summary, the activity of nodes in the PINE physiome may change with 

time as the body ages, but this paper proposes that the overall structure or topology of 

the network remains the same. Even with a shift from PINE physiome to pathome, 

some pathological mechanisms will be more prominent than others depending on age, 

but this should not invalidate the overall concept of the observed pathology being 

related to a larger psycho-immune-neuroendocrine network of mechanisms. 

 

5.4 Implications of the PINE Network Model for Major Depressive Disorder  

While the PINE network model may have implications for the understanding 

and treatment of other diseases, in the interest of brevity we focus here on some 

implications of the PINE network model for MDD in particular. The close 
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relationship of MDD and the general medical conditions discussed above highlights 

the importance of screening in certain patient populations. Several clinical oversight 

bodies have already called for routine screening of all cardiac patients for depressive 

illness, e.g. in the USA, (Lichtman et al., 2008), in the UK (Depression, 2009) and in 

Australia (Colquhoun et al., 2013). Screening for depression in stroke victims has also 

been widely discussed in the literature, as has screening for depression in people with 

metabolic syndrome (e.g. Skilton, Moulin, Terra, & Bonnet, 2007). The PINE 

network model provides some justification for actively screening for MDD in patients 

with CHD, diabetes, stroke and metabolic syndrome within primary healthcare 

settings. 

Existing pharmacological therapies rely on models such as the monoamine 

hypothesis of depression (Bunney Jr & Davis, 1965; Coppen, 1967; Schildkraut, 

1965), which in its original form could be considered incomplete. Considering 

depression from the perspective of PINE network physiology will (and already has) 

resulted in the consideration of new treatments for depression. Examples of these are 

TNF-alpha-antagonists such as infliximab (Lichtenstein, Bala, Han, DeWoody, & 

Schaible, 2002) and etanerecept (Mathias et al., 2000; Tyring et al., 2006). The latter 

drugs have been shown to have a beneficial effect on mood, albeit in the context of 

chronic inflammatory diseases such as Crohn’s disease or rheumatoid arthritis. 

Another study showed that people taking statin drugs were less likely to develop 

depression (Otte, Zhao, & Whooley, 2012), which could be explained in terms of the 

PINE network and the vascular contribution to MDD. Statin drugs also lower C-

reactive protein (e.g. Albert, Danielson, Rifai, & Ridker, 2001), which provides 

another mechanism whereby MDD might be prevented by action on another part of 

the PINE network. These interventions make sense in terms of systems biology, 
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because if any portion of the PINE network can be pushed back towards equilibrium, 

it could result in a shift of the entire network back towards a ‘healthier’ homeostasis. 

This may provide resolution of emerging disease symptoms, or prevention of disease 

by halting the progression from physiome to pathome. 

A further example is the use of omega 3 fatty acid supplementation, which has 

evidence for efficacy in MDD (e.g. Lin & Su, 2007). Vagal nerve stimulation has also 

been shown to have efficacy in MDD. This is either by invasive means (see 

Rottenberg, Clift, Bolden, & Salomon, 2007) such as implantable vagal nerve 

stimulators, or by non-invasive means such as breathing exercises, which increases 

respiratory sinus arrythmia and thus provides vagal stimulation, or by biofeedback 

training (e.g. Karavidas et al., 2007; Lehrer et al., 2003). These proposed treatments 

again target elements of the PINE network, which reinforces the concept of the entire 

PINE network acting as a whole entity, where treatments targeting one part of the 

PINE network may have beneficial outcomes for the whole network. 

This paper raises several questions and avenues for further research. The PINE 

physiome presented is likely incomplete and requires further elucidation. 

Furthermore, there are illnesses which have fallen beyond the scope of this article, but 

which are also associated with the PINE network, notably Generalised Anxiety 

Disorder (GAD) and cancer (e.g. Reiche, Nunes, & Morimoto, 2004). Anxiety 

disorders in particular, appear to have overlapping pathophysiological mechanisms 

with MDD with reference to the PINE network (e.g. Cortese & Phan, 2005; Faravelli 

et al., 2012; Friedman, 2007; Mathew et al., 2001). Further exploration of the 

relationships between these illnesses and the PINE network is required. We have 

discussed elsewhere the importance of quantifying disease networks which link 

diseases like MDD and CHD (discussed in Stapelberg, Hamilton-Craig, Neumann, 
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Shum, & McConnell, 2012; Stapelberg et al., 2011). Similarly, constructing a 

quantitative model for the PINE pathome would assist in determining key nodes in the 

network where preventative and treatment resources could be directed. 

 

5.0 Conclusion 

This paper has used a systems biology context to discuss the concept of the 

PINE network model. We have discussed the importance of adopting a systems 

approach to understanding the relationship between MDD, CHD, type 2 diabetes, 

CVA, hypertension and atherosclerosis, although this paper has focused in particular 

on the biological mechanisms underpinning MDD within the PINE network model. 

The PINE physiome can be conceptualised as consisting of subsystems including the 

HPA axis, the autonomic nervous system, the immune system and systems within the 

CNS. It has been shown how these systems are integrated into an overarching 

regulatory network termed the PINE physiome. 

It has also been shown how homeostasis of the PINE physiome can be 

disrupted by chronic stress, on a background of genetic and developmental diathesis 

factors, giving rise to pathophysiology, which over time can escalate to meet critical 

thresholds for diagnosis of the general medical conditions above, as well as MDD. 

The stable pathological state of the PINE physiome is termed the PINE pathome. The 

stability of the PINE pathome was discussed, as well as the importance of that 

stability in terms of contributing to the reciprocal risks observed between the illnesses 

discussed in this article. Utilising the PINE network concept as a model for 

understanding the observed relationships between these diseases has implications for 

health policy, such as disease screening, as well as new treatments for illnesses such 

as MDD, and new avenues for research.  
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Chapter 4 

Heart Rate Variability, Cardiac Control Systems and Mood: Theory and 

Methodology 

Preamble 

Chapter 3 highlighted the important role of the sympathetic and 

parasympathetic (vagal) systems in homeostasis. What is also needed, however, is 

more specific information on how mood and cardiac control are related. This 

relationship is mediated primarily by the vagus nerves, which not only dominate 

cardiac control, but also affect mood and emotion directly as explained by polyvagal 

theory and the theory of neurovisceral integration, as reviewed in this chapter. 

Autonomic regulation within the PINE network can also have effects on the activation 

or inhibition of cognitive circuits in the brain (Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2015), having further effects on cognition and 

behaviour. These CNS effects have been linked to mood.  

HRV is a non-invasive method for investigating autonomic function. As 

shown in Figure 4.1, sympathetic outflow and vagal (parasympathetic) tone are 

important nodes in the PINE network, and they can be measured using HRV. The 

paper presented in this chapter (Stapelberg, Hamilton-Craig, Neumann, Shum, & 

McConnell, 2012) reviews the evidence linking autonomic function, and vagal 

function in particular, to both cardiac function and mood. This review thus also 

provides justification for the choice of studying autonomic mechanisms, particularly 

vagal function, in the present research. This chapter addresses the following 

questions: Why should this node in the causal network of mechanisms be 

investigated? Why should vagal function be chosen for quantitative analysis above 
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other mechanisms? Why use HRV methodology? The chapter provides a critical 

review of the literature on HRV in MDD and CHD, as well as HRV methodology. 

The review also provides recommendations on the design of studies investigating the 

relationship between MDD and CHD using HRV measures. In particular, it identifies 

antidepressant medication and anxiety as significant potential confounders in attempts 

to correlate mood and HRV. 
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Figure 4.1. Heart Rate Variability as a Measure of Autonomic 

Function When Conceptualised Within the PINE Network 
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Abstract 

Objective: There is a reciprocal association between Major Depressive Disorder 

(MDD) and Coronary Heart Disease (CHD). These conditions are linked by a causal

network of mechanisms. This causal network should be quantitatively studied and it is 

hypothesised that the investigation of vagal function represents a promising starting 

point. Heart rate variability (HRV) has been used to investigate cardiac vagal control 

in the context of MDD and CHD. This review aims to examine the relationship of 

HRV to both MDD and CHD in the context of vagal function and to make 

recommendations for clinical practice and research. Methods: The search terms 

“Heart Rate Variability”, “Depression” and “Heart Disease” were entered into an 

electronic multiple database search engine. Abstracts were screened for their 

relevance and articles were individually selected and collated. Results: Decreased 

HRV is found in both MDD and CHD. Both diseases are theorised to disrupt 

autonomic control feedback loops on the heart and are linked to vagal function. 

Existing theories link vagal function to both mood and emotion as well as cardiac 

function. However, several factors can potentially confound HRV measures and 

would thus impact on a complete understanding of vagal mechanisms in the link 

between MDD and CHD. Conclusions: The quantitative investigation of vagal 

function using HRV represents a reasonable starting point in the study of the 

relationship between MDD and CHD. Many psychotropic and cardiac medications 

have effects on HRV, which may have clinical importance. Future studies of HRV in 

MDD and CHD should consider antidepressant medication, as well as anxiety, as 

potential confounders.  
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Introduction 

Both MDD and CHD are significant diseases on a worldwide scale. MDD is a 

major contributor to the global burden of disease (Vos & Mathers, 2000), as is CHD 

(World Health Organization, 2008). MDD is currently ranked third in terms of global 

burden of disease worldwide and CHD is ranked fourth globally, although in middle- 

and high-income countries MDD is ranked first and CHD second (World Health 

Organization, 2008). Importantly, there is a reciprocal relationship between MDD 

and CHD. People suffering MDD have an increased risk of adverse ischaemic cardiac 

events (Carney et al., 1988; Rugulies, 2002; Wulsin & Singal, 2003). Conversely, 

there is a greater prevalence of Major Depression in CHD patients (Rozanski, 

Blumenthal, & Kaplan, 1999; Thombs et al., 2006). MDD and CHD are linked by 

several mechanisms, including behavioural mechanisms, genetic mechanisms, 

immune mechanisms, polyunsaturated omega-3 fatty acid deficiency, mechanisms 

involving coagulopathy and endothelial dysfunction, and autonomic mechanisms. 

Several reviews have discussed one or more of these causal mechanisms (e.g. Barth, 

Schumacher, & Herrmann-Lingen, 2004; Goldston & Baillie, 2008; Musselman, 

Evans, & Nemeroff, 1998). These mechanisms may form the nodes in a causal 

network which gives rise to a reciprocal association between the diseases (de Jonge et 

al.; Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig, 2011; Stapelberg, 

Neumann, Shum, McConnell, & Hamilton-Craig). To understand this causal network, 

a quantitative methodology is required to investigate each mechanism or node in the 

network and quantify the contribution that each makes to the entire network. 
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Objective 

The present review aims to explore the use of HRV measures to investigate 

vagal function in both MDD and CHD, with the view to making recommendations for 

clinical practice and research. A recent review in this journal (Stapelberg et al., 2011) 

has already provided a detailed discussion of the various mechanisms linking CHD 

and MDD, including sympathetic and parasympathetic mechanisms. The justification 

to examine vagal function, as a means of investigating the quantitative study of the 

relationship between CHD and MDD, relies on two premises: the central role of vagal 

function in both diseases and the existence of heart rate variability (HRV) as a 

quantitative index of vagal function. 

 Firstly, vagal function is significantly linked with other autonomic 

mechanisms, as well as inflammatory mechanisms, in the causal network linking 

MDD and CHD (Stapelberg et al., 2011). Furthermore, vagal activity is a controlling 

mechanism, as shown by its interaction with sympathetic autonomic mechanisms and 

in the vagal control of immune function. Cardiac vagal control (CVC) is considered to 

be the result of a dynamic equilibrium between sympathetic and parasympathetic 

activity (Rottenberg, 2007), although this equilibrium may be driven primarily by 

vagal influence. Furthermore, the vagal control of immune function is described by 

Tracey (2002) in the context of the theory of the neuro-inflammatory reflex, where it 

is postulated that normal vagal function is a key inhibitor of cytokine release. Vagal 

dysfunction has been linked to increased levels of inflammatory cytokines, which in 

turn has been linked to CHD. 

Secondly, it has been argued that measures of CVC, such as heart rate 

variability (HRV), reflect vagal activity (Brown, Barton, & Lambert, 2009; Levy, 

1990; Thayer & Lane, 2000). Heart rate varies continuously, reflecting the dynamic 
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equilibrium which exists between the various control mechanisms acting on the heart. 

These complex beat-to-beat variations are termed heart rate variability (Carney et al., 

2001). HRV measures have been discussed as direct measures of CVC (Rottenberg, 

2007). As a consequence, the application of linear and non-linear measures of HRV 

can be used to quantitatively assess vagal function in MDD and CHD.  

Methods 

A literature search was conducted with the purpose of cross-referencing HRV 

methods with both MDD and CHD. The terms “Heart Rate Variability” AND 

“Depression” AND  “Heart Disease” were entered to search the following databases: 

MEDLINE 1950 to present (Ovid), BioMed Central, BMJ Clinical Evidence, BMJ 

Journals Online, Cambridge Journals Online, Highwire Press, IngentaConnect, 

LANGE Educational Library, Lippincott, Williams & Wilkins e-journals (Ovid) , 

LOCATORplus, Medi-Lexicon, MEDLINE (EBSCOhost), MEDLINE (via PubMed), 

MEDLINE - OLDMEDLINE 1951-1965 (Ovid), MEDLINE In-Process (Ovid), 

Oxford Journals Online, PLoS: Public Library of Science, ProQuest (multiple 

databases), ProQuest Dissertations and Theses - Full Text, PsycINFO (Ovid), 

PubMed, ScienceDirect, ScienceDirect: Medicine and Dentistry, SCIRUS (Elsevier), 

SpringerLink, STAT!Ref: Nursing and Allied Health Collection, SUMSearch, 

SwetsWise, Taylor and Francis ebook collection, Web of Knowledge (ISI), Web of 

Science (ISI) and Wiley InterScience. There were no constraints applied to the search. 

The abstracts of each article arising from the search were screened for their 

relevance to the topic and scope of the review. During this process, the articles were 

divided up into empirical studies and literature reviews. Articles were individually 

selected and collated. In addition, the reference lists of relevant articles were screened 

for further articles of relevance. The content of the resulting articles were critically 
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synthesised by identifying articles that directly investigated or reviewed vagal 

function and/or HRV in the context of MDD and CHD. The major themes that 

resulted from this review are reported below.    

Results 

Theories of vagal function in the relationship between major depression and 

coronary heart disease 

The literature search revealed two major theories of a vagally mediated link 

between MDD and CHD: Polyvagal Theory and the theory of Neurovisceral 

Integration. Both theories implicate the vagal system in emotion and social 

communication and shed light on the role of autonomic dysfunction in relation to 

MDD and CHD. The theories differ in that while the polyvagal theory utilises 

functional anatomical and evolutionary paradigms, the theory of neurovisceral 

integration expands on these concepts using a dynamical systems perspective. 

Polyvagal Theory 

Polyvagal theory established a link between the autonomic nervous system 

and various aspects of social communication, particularly the communication of 

emotion (Porges, 1995, 1997, 1998, 2001, 2003). The primary hypothesis of the 

polyvagal theory is that the range of affective and social behaviours in mammals is 

dependent on the ability to regulate visceral homeostasis, including cardiac control, 

mediated by vagal signalling (Rottenberg, Chambers, Allen, & Manber, 2007). Vagal 

dysfunction therefore has an impact on emotion and social communication, which can 

manifest as MDD. The polyvagal theory is supported by functional anatomical 

evidence and evolutionary phylogenetic evidence.  
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Functional anatomical evidence 

The vagus nerve has two branches termed the ventrally located nucleus 

ambiguous (nA) (Nabi, Shipley, & Vahtera, 2010) and the dorsal motor nucleus 

(DMN) (Porges, 1995). Porges (1995) suggested that the efferent pathway that 

emerges from the nucleus ambiguous in the brain stem evolved a role in emotion and 

communication of emotion. This branch of the vagus innervates a number of visceral 

organs such as the heart, soft palate, pharynx, larynx, oesophagus, bronchi, and facial 

muscles. These in turn are involved in communication (vocalizations) and emotional 

responses. If the vagus nerve, or a branch thereof, is implicated in facilitating 

communication and in modulating emotional states, vagal dysfunction may be linked 

to emotional changes, particularly psychopathology such as depression (Rottenberg, 

2007). 

Because dysfunction in non-verbal communication and social behaviour are 

central to mood disorders, the polyvagal theory thus provides a link between 

depressed states and vagal dysfunction. Depression has been associated with reduced 

social engagement and social isolation (Rottenberg & Gotlib, 2004), as well as 

relationship problems such as marital difficulties or conflicted relationships with 

family and friends (Segrin & Abramson, 1994). Non-verbal communication is also 

affected. People with depression exhibit a flattening of affect, showing a reduced 

range of facial expressions (Greden, Genero, Price, Feinberg, & Levine, 1986) and 

reduced gaze behaviour (Ellgring, 1989). Depression is also linked to inflexibility in 

responding to environmental demands and changing set when a situation demands it 

(Rottenberg, 2005). For example, depressed patients show a decrease in magnitude of 

startle response compared to normal subjects (Allen, Trinder, & Brennan, 1999). 
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Evolutionary phylogenetic evidence 

The polyvagal theory maintains that the functionally distinct vagal systems in 

mammals are characterized in terms of their evolution (Porges, 1995, 2003). The 

DMN is proposed to be a phylogenetyically more primitive vagal system than the nA. 

It is postulated to exist as the sole vagal system in animals such as reptiles and 

innervates visceral organs such as the gastrointestinal tract (Porges, 2003). Mammals 

have the two vagal systems described above, with the nA having evolved to innervate 

the heart and lungs, but also to gradually have a function in communication and social 

behaviour. However, Grossman and Taylor (Grossman & Taylor, 2007) have argued 

that the polyvagal theory does not accurately depict evolution of vagal control of heart 

rate variability and that the theory does not account for the evolution of a functional 

role for vagal control of the heart, including respiratory sinus arrhythmia (RSA). It 

has been suggested that the evolution of the vagal system as proposed by Porges 

implies that precise vagal control of the heart first evolved in mammals, which is 

controversial (Grossman & Taylor, 2007). 

 

Respiratory Sinus Arrhythmia (RSA) as a measure of the nA vagal branch 

A key tenet of the polyvagal theory is that RSA is a principal measure of nA-

generated vagal efferent discharge. One of the criticisms of the polyvagal theory is 

that RSA does not accurately reflect the activity of the nA vagal branch. It has been 

argued that if RSA is the key measure used to evaluate the premises of the polyvagal 

theory, inaccuracies in the measure could undermine the theory (Grossman & Taylor, 

2007). Interpretation of vagal tone may be subject to many specific confounders, 

including respiratory parameters, differences in how RSA is related to cardiac vagal 

tone in individual people, and levels of physical activity at the time of measurement 
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(Grossman & Taylor, 2007). In addition, beta-adrenergic tone can confound RSA. 

There is also evidence that RSA is not a pure measure of vagal tone as it can be 

affected by sympathetic tone (Grossman & Taylor, 2007). Despite some aspects of the 

theory remaining controversial, however, there has been widespread interest in the 

polyvagal theory as shown by the original paper by Porges (1995) having had 486 

citations to date. 

The Theory of Neurovisceral Integration 

The theory of neurovisceral integration, described by Thayer and Lane (2000) 

arises from the application of dynamical systems theory to the concepts of emotion 

and behaviour. It also builds on the ideas of polyvagal theory. In this context, emotion 

is described as facilitating the rapid initiation of an appropriate behavioural sequence 

in response to environmental stimuli (Thayer & Lane, 2000). An emotional response 

to a given environmental situation thus allows the selection of specific goal-directed 

behaviours - and the inhibition of other less appropriate behaviours - from the 

organisms total behavioural repertoire.  

The evidence for the neurovisceral theory arises from studies which 

demonstrate cortical control of cardiac activity, the inhibition of right cortical input in 

circumstances of stress and vagal control of emotional, physiological and cognitive 

regulation (Thayer & Lane, 2009). Goal directed behaviour is linked to autonomic 

function via systems such as the central autonomic network (CAN) (Benarroch, 1993) 

which links several brain structures with vagal output. These include the anterior 

cingulate, insular, and ventromedial prefrontal cortices, the central nucleus of the 

amygdala, the paraventricular and related nuclei of the hypothalamus, the 

periaquaductal gray matter, the parabrachial nucleus, the nucleus of the solitary tract, 
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the nucleus ambiguus, the ventrolateral medulla, the ventromedial medulla, and the 

medullary tegmental field (Thayer & Lane, 2000). Because this system is linked to 

cardiac control via the vagus nerve, its output is theoretically measurable by HRV 

techniques. Another functional unit associated with goal directed behaviours is the 

Anterior Executive Region (AER) (Devinsky, Morrell, & Vogt, 1995), comprising the 

anterior, insular, and orbitofrontal cortices, the amygdala, the periaquaductal gray, the 

ventral striatum, and autonomic brainstem motor nuclei.  

Structures in the prefrontal cortex play an inhibitory role of subcortical cardiac 

control circuits via a vagal pathway (Ter Horst, 1999). These circuits are 

predominantly right-sided (Thayer & Lane, 2009).  It has been argued that the right 

hemisphere’s greater involvement in emotion is due to the localization of autonomic 

control circuits in that hemisphere and the relative right hemisphere innervation of the 

heart (Ahern et al., 2001). The cortical innervation of the myocardium is 

predominantly mediated by right-sided neural fibers (Chuang, Liu, Liou, & Liu, 2004; 

Ter Horst & Postema, 1997). The prefrontal cortex thus has control over HRV 

changes via vagal pathways, particularly via right-sided anterior neural structures 

(Thayer & Lane, 2009). However, this evidence is in part derived from neuroimaging 

studies (Thayer & Lane, 2009), which has a complex methodology and can be subject 

to confounders, such as physiological noise artifacts, (e.g. see Napadow et al., 2008).  

It has been suggested that attentional regulation and affective regulation 

function as an integrated system to allow an organisms to self-regulate and adapt to 

environmental changes (Heilman, 1997). The neurovisceral integration theory 

proposes that during threat situations the pre-frontal cortex disengages, allowing 

subcortical neural structures such as the amygdala to respond more rapidly to these 

situations (Arnsten & Goldman-Rakic, 1998). However, these responses are also more 
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automatic and non-volitional, lacking flexibility, which could be a disadvantage in 

situations of continual stress (Thayer & Lane, 2009).  

Given that cardiac vagal tone has been related to attentional control and 

emotional regulation (Thayer & Lane, 2000), vagal function (or dysfunction) is thus 

related directly to MDD. It is thought that high vagal tone relates to the ability to self 

regulate, allowing greater adaptability and behavioural flexibility to respond to 

environmental changes or stressors, whereas low vagal tone is associated with poor 

flexibility and adaptability (Porges, 1992). Depressive mental illness represents a 

dysregulation of these processes, leaving the organism trapped in an emotional state 

which renders it less adaptable to environmental stressors and less able to respond to 

them (Thayer & Lane, 2000). The neurovisceral integration theory thus links the 

regulation of key physiological systems that are important for health and disease to 

vagal function and HRV (Thayer & Lane, 2009). Further, Thayer and Lane (Thayer & 

Lane, 2009) suggest that all the risk factors for cardiovascular disease are associated 

with decreased vagal function as indexed by HRV.  

 

Heart rate variability in major depression and in coronary heart disease 

HRV has emerged as a useful, non-invasive, tool for exploring physiological 

changes in a wide variety of illnesses (Sztajzel, 2004; Winchell & Hoyt, 1997). Both 

MDD and CHD have independently been linked with reduced HRV and are both 

theorised to disrupt autonomic control feedback loops acting on the heart, causing 

decreased  HRV (Carney et al., 1995). Historically, HRV was initially linked to 

cardiac disease outcomes such as sudden cardiac death (SCD), myocardial infarction 

(MI) or angina (e.g. Kleiger, Miller, Bigger, & Moss, 1987). Only a few years later, 

HRV was also linked to psychological states such as depression (Dalack & Roose, 
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1990; Lehofer et al., 1999; Rechlin, Claus, & Weis, 1994a; Roose, Glassman, & 

Dalack, 1989). Therefore, HRV is one of the investigative modalities that potentially 

provide a link between cardiac function (and indeed cardiac disease) and 

psychological conditions such as MDD.  

 

HRV and coronary heart disease 

Early HRV changes were shown to occur following myocardial infarction 

(MI) and were then linked prognostically to mortality risk (Bigger et al., 1996; Casolo 

et al., 1992; Farrell et al., 1991; Kleiger et al., 1987; Malik, Farrell, & Camm, 1990; 

Pedretti, Etro, Laporta, Sarzi Braga, & Caru, 1993). It was found that within two 

months following MI, there is a significant recovery of HRV, which has been linked 

to the re-establishment of autonomic cardiac control (Lombardi et al., 1987). After 12 

months there is further significant recovery, but HRV remains reduced compared to 

non-MI sufferers (Bigger, Fleiss, Rolnitzky, Steinman, & Schneider, 1991; Mazzuero, 

Lanfranchi, Colombo, Giannuzzi, & Giordano, 1992; Schwartz et al., 1988). Over 

periods greater than one year, several studies demonstrated that HRV remains lowered 

post MI, and is associated with an increased risk of death (Bigger et al., 1992). The 

relative risk of mortality after MI is significantly higher in patients with decreased 

HRV (Bigger et al., 1988; 1987). A decline in HRV increases the risk of MI and 

coronary insufficiency (Tsuji et al., 1996). Low HRV also increases the relative risk 

of death from cardiovascular disease (Dekker et al., 2000; Dekker et al., 1997) and 

increases the risk for sudden cardiac death (Goldberger, Findley, Blackburn, & 

Mandell, 1984; Myers et al., 1986). Finally, HRV is an independent predictor of 

mortality after MI (Bigger et al., 1992; Kleiger et al., 1987; Malik, Farrell, Cripps, & 

Camm, 1989).  
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HRV and major depressive disorder 

In the 1990’s, several studies examined the relationship between HRV and 

depression (Dalack & Roose, 1990; Lehofer et al., 1999; Rechlin, Weis, & Claus, 

1994b; Roose et al., 1989). Studies initially showed mixed findings (Agelink, Boz, 

Ullrich, & Andrich, 2002; Bar et al., 2004). Some studies reported decreased HRV in 

people with depression, compared to non-depressed controls (Dalack & Roose, 1990; 

Lehofer et al., 1999; Rechlin, Weis, Spitzer, & Kaschka, 1994c; Roose et al., 1989). 

Other studies, however, reported no differences in HRV (Jakobsen, Hauksson, & 

Vestergaard, 1984b; Lehofer et al., 1997; O'Connor, Allen, & Kaszniak, 2002; 

Yeragani et al., 1991). For example, Dalack and Roose (1990) studied HRV in a 

group of depressed patients verses normal controls. They did not find any significant 

difference in the overall HRV between the groups. They found, however, that the 

depressed cohort had significantly decreased high frequency variability. The authors 

linked this variability to decreased parasympathetic tone and suggested an association 

with increased risk of cardiovascular disease.  

The heterogeneity of findings in the relationship between HRV and depression 

was found to be associated with methodological issues such as reporting of a variety 

of different HRV measures and small sample sizes, as well as confounders such as the 

effects of antidepressant medications and anxiety on HRV (Kemp et al., 2010). A 

meta-analysis of 18 studies relating HRV to MDD (Kemp et al., 2010) subsequently 

clarified the effect of small sample sizes and heterogeneity in samples and measures. 

It also examined the impact of antidepressant therapy on HRV. The meta-analysis 

compared 673 depressed participants with 407 non-depressed people and found that 
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depression does result in reduced HRV. Furthermore, the severity of depression 

correlates negatively with HRV, that is, HRV is lower the more severe the depression.  

 

Confounders in HRV measurements 

Psychotropic medications 

Several medications can affect HRV and have the potential to confound 

studies utilising HRV measures. Of particular relevance are antidepressant 

medications used in the treatment of MDD. However, other psychotropic medications 

can also influence HRV and are briefly discussed. In addition, cardiac medications are 

of importance in patients with comorbid MDD and CHD, as these may also influence 

HRV.  

Tricyclic antidepressants (TCAs) suppress HRV in both depressed subjects 

(Rechlin, 1994; Rechlin et al., 1994a; Rechlin et al., 1994b) and in patients with 

anxiety symptoms (McLeod, Hoehn-Saric, Porges, & Zimmerli, 1992). TCAs have 

cardiac effects such as anticholinergic effects acting at the sino-atrial node, causing 

alterations in HRV (Rottenberg, 2007). In addition, TCAs have alpha-1 adrenergic 

properties which may also contribute to a reduction in HRV (Jakobsen, Hauksson, & 

Vestergaard, 1984a).  

Several studies showed a significant reduction in HRV with the use of TCAs, 

to the point where it was questioned whether the reduced HRV seen in depression was 

a confounder due to antidepressant use. Lehofer et al. (1997) demonstrated that when 

depressed patients taking TCAs were compared with both unmedicated depressed 

patients and healthy control subjects, only the TCA group had lower HRV. Rechlin et 

al. (1994b) showed that depressed patients did not exhibit lower HRV than controls 

before TCA therapy, but had lowered HRV after TCA therapy was commenced. A 
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meta-analysis by Kemp et al. (2010) confirmed a reduction in HRV associated with 

TCA treatment and also found that the reduction in HRV with TCA treatment was 

greater than the pre-existing HRV measures in depressed patients before treatment. 

The meta-analysis did however find a difference between HRV in depressed and non-

depressed people. 

Several studies on the effects of TCAs have used short recording times, which 

may point to an initial sharp fall in HRV (van Zyl, Hasegawa, & Nagata, 2008). 

Studies with longer recording times show smaller HRV changes and were not 

consistent with each other (Lederbogen et al., 2001; van Zyl et al., 2008). Thus, while 

studies to date indicate that TCAs may significantly confound the effect of HRV in 

depressed patients, studies with longer recording times are needed to more fully 

understand the effects of TCAs on HRV, especially over long follow-up periods.  

Selective Serotonin Reuptake Inhibitors (SSRIs) can also affect HRV. Initial 

studies on the effects of SSRIs on HRV were contradictory. Some studies showed that 

SSRIs did not influence HRV (Rechlin, 1994; Rechlin et al., 1994b; Roose et al., 

1998) and some studies showed an increase in HRV with SSRIs (Tucker et al., 1997). 

Other authors showed a decrease in HRV with SSRIs (Bar et al., 2004; Rissanen, 

Naukkarinen, Virkkunen, Rawlings, & Linnoila, 1998; Volkers et al., 2004). A review 

by Van Zyl et al. (2008) pointed out that some studies using shorter duration cardiac 

recordings showed a small increase in HRV, but longer-term studies were 

contradictory in their results. A more recent cross-sectional analysis of a large cohort 

study (2373 participants) evaluated whether HRV was lower in depressed individuals 

than in healthy controls (Licht et al., 2008). It was found that depressed participants 

did have lower HRV than control subjects, although it was concluded that the 

association was driven by the effects of antidepressant medication, and not MDD, 
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which the subsequent meta-analysis by Kemp et al. (2010) refuted. The meta-analysis 

also found that SSRIs neither increased nor decreased HRV, clarifying earlier 

contradictory findings (Kemp et al., 2010). 

Apart from SSRIs and TCAs, other antidepressant drugs like mirtazepine also 

have the potential to lower HRV (Agelink et al., 2001b; Bar et al., 2004; Straneva-

Meuse et al., 2004; Tulen et al., 1996a). Seratonergic and noradrenaline reuptake 

inhibitors (SNRIs) were also shown to decrease HRV (Licht, de Geus, van Dyck, & 

Penninx, 2010). This large study followed up 2114 participants over 2 years and 

tracked changes in RSA as a measure of HRV in patients commencing, routinely 

using, and also ceasing TCAs, SSRIs and SNRIs. It was found that TCAs, SSRIs and 

SNRIs all decreased HRV, possibly even accounting for the lowering of HRV 

previously attributed to MDD. However the findings were questioned on the basis of 

study design, statistical methods and concerns over examination of confounds in the 

SSRI class, amongst other concerns (Kemp, Quintana, & Malhi, 2011). The clinical 

relevance of the small changes in RSA that were found was also questioned (Kemp et 

al., 2011), although these concerns were responded to by Licht et al. (2011). 

Other psychotropic medications have also been shown to have an impact on 

HRV. Carbamazepine and lithium, used as mood stabilisers, have been associated 

with low HRV. In the study by Henry et al. , seven participants treated with lithium 

showed evidence of a decrease in the LF/HF ratio. However in the same study sodium 

valproate had no effect on HRV. Tompson and Kenneback (1997) reviewed the 

available studies regarding HRV and carbamazepine and reported that carbamazepine 

is associated with reduced HRV. 

Antipsychotic medications have long been known to have an effect on QTc 

interval. In typical antipsychotic agents this has the potential for fatal cardiac 
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arrythmias such as torsades de pointes (e.g. Zareba et al., 2003). In atypical 

antipsychotics, QTc interval is also increased, but has thus far not been clearly 

associated with torsades de pointes (Glassman 2005). Antipsychotic medications also 

affect HRV. Among antipsychotic medications, clozapine, olanzapine, and 

haloperidol were shown to lower HRV in a study of 56 schizophrenic patients, 

although clozepine resulted in significantly lower HRV compared to the other drugs 

(Cohen, Loewenthal, Matar, & Kotler, 2001).  However, in a study of 16 healthy male 

volunteers, olanzapine administration increased HRV, thioridazine decreased HRV, 

while risperidone had no effect. The study was small and single doses of the 

medications were studied, not continuous administration over any length of time. 

Another study found that treatment with risperidone did not have any significant 

effect on HRV (Henry, Minassian, Paulus, Geyer, & Perry, 2010). There was also no 

significant difference in HRV between participants treated with antipsychotic 

medication alone as compared to people treated with a combination of antipsychotic 

and mood stabilising medication. Another study investigated the effects of four 

atypical antipsychotic medications on HRV (amisulpride, olanzapine, sertindole, and 

clozapine) using 5-minute resting HRV measures (Agelink et al., 2001a). None of the 

patients treated with amisulpride or olanzapine had significant HRV changes. 

Clozapine again was found to reduce HRV significantly. The effect of clozepine on 

HRV has been attributed to its strong anticholinergic effects, whereas other 

neuroleptics (e.g., olanzepine) lack activity at cholinergic or adrenergic receptors. 

(Agelink et al., 2001a). However, participant numbers were small (12 – 13 

participants per medication), the HRV studies were only performed with a fixed, 

arbitrarily chosen dosage and there was only a two week surveillance of the 

cardiovascular effects of the drugs, which is relatively short. 
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Cardiac Medications  

Beta adrenergic blockers affect heart rate variability. Studies have shown an 

effect of beta blockers on HRV in normal subjects (Cook et al., 1991; Pagani et al., 

1986) as well as in people with CHD (Bekheit et al., 1990; Lampert, Ickovics, 

Viscoli, Horwitz, & Lee, 2003; Niemela, Airaksinen, & Huikuri, 1994). Using 

spectral analysis of HRV, it was found that beta adrenergic blockers have a 

dampening effect on sympathetic activity (Bekheit et al., 1990). In this study the low-

frequency range (0.04 to 0.12 Hz) was used as a measure of sympathetic activity. A 

similar decrease in the low frequency component was found in people with essential 

hypertension taking atenolol (Guzzetti et al., 1988), as well as in patients with cardiac 

failure taking acebutolol (Coumel et al., 1991). Guzzetti et al. (1988) also found an 

increase in the high frequency spectral band (around 0.25 Hz), which was used as a 

measure of vagal activity, with long-term use of beta blockers. A similar outcome was 

found in patients post MI who were treated with beta blockers. Treatment with 

propranolol improved recovery of parasympathetic tone and decreased morning 

sympathetic predominance (Lampert et al., 2003).  

In normal subjects, beta adrenergic blockers also cause an increase in vagal 

tone (Cook et al., 1991; Pagani et al., 1986) as well as a reduction in sympathetic 

activity (Pagani et al., 1986). Beta adrenergic blockade thus decreases sympathetic 

activity and increases parasympathetic or vagal activity in normal subjects and people 

with CHD. It has, however, been suggested that in patients with CHD, beta blockers 

restore the imbalance of sympathetic and parasympathetic activity which occurs in 

cardiovascular disease, possibly explaining their therapeutic effect (Rajendra 

Acharya, Paul Joseph, Kannathal, Lim, & Suri, 2006). Overall, beta blockade was 
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found to increase HRV in patients with CHD, which has been linked to the protective 

effects of beta-blockers in CHD (Niemela et al., 1994). 

Less information is available for other cardiac medications. In a study of 20 

normal subjects given the angiotensin converting enzyme inhibitor enalapril, the drug 

did not affect HRV (Kaufman et al., 1993). In the same study, treatment with digoxin 

significantly increased the high frequency component of HRV (Kaufman et al., 1993). 

A study on 18 healthy people using the calcium channel blocker diltiazem, showed no 

effect on HRV (Cook et al., 1991). However diltiazem was found to reduce low 

frequency power of HRV in a group of patients post MI (Bekheit et al., 1990). The 

same study found that the calcium channel blocker nifedipine had no consistent 

effects on HRV. Amiodarone has been found to not affect vagal activity, whereas 

both flecainide and propafenone caused significant decreases in HRV (Zuanetti, 

Latini, Neilson, Schwartz, & Ewing, 1991). 

 

Anxiety as a confounder for low HRV in depression 

Anxiety is significantly associated with decreased HRV (Friedman, 2007; 

Friedman & Thayer, 1998; Gorman & Sloan, 2000; Watkins, Grossman, Krishnan, & 

Sherwood, 1998; Yeragani, Balon, Pohl, & Ramesh, 1995; Yeragani et al., 1991). Co-

morbid anxiety is particularly common in people with depression (Clark, Watson, & 

Mineka, 1994) and occurs in about 30% - 40% of people with MDD between the ages 

of 18 and 65 (Wittchen & Jacobi, 2005). In older people aged 55 – 85, 47.5% of those 

with a major depressive disorder also meet criteria for at least one anxiety disorder 

(Beekman et al., 2000). Co-morbid anxiety might thus be a significant confounder in 

the measurement of HRV in depressed patients. 
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It has been argued that there is a stronger link between anxiety and HRV than 

depression and HRV (Watkins, Grossman, Krishnan, & Blumenthal, 1999). The 

conclusion was based on findings indicating that vagal control correlated with state 

anxiety rather than with depression severity in a group of depressed psychiatric 

patients. The study, however, had a small number of participants and women were 

over-represented. Women are both more prone to anxiety and have lower vagal tone 

than men (Carney et al., 2000). There was also no non-depressed control group. In 

addition, several studies on anxiety and HRV to date have been small or confounded 

(Carney et al., 2000).  

The lower HRV seen in depression could also be due to anxiety-related 

behaviours (not a co-morbid anxiety disorder) while subjects are being examined for a 

study (Rottenberg, 2007). Depressed subjects with anxious traits or co-morbid anxiety 

may exhibit more rapid breathing with lower tidal volume, resulting in lower HRV 

being measured (Tulen et al., 1996b; Wilhelm, Grossman, & Coyle, 2004). However, 

studies that have used specific methodology to control for respiratory rate and depth 

when measuring HRV, such as paced breathing (Grossman, Karemaker, & Wieling, 

1991; Rottenberg, Wilhelm, Gross, & Gotlib, 2002; Wilhelm et al., 2004) still find an 

association.  

 

Conclusions and Recommendations 

Vagal function represents a promising starting point for the quantitative 

elucidation of the network of causal mechanisms linking MDD and CHD. Polyvagal 

theory and the theory of neurovisceral integration demonstrate how vagal function is 

linked to both cardiac control and depression. Vagal function plays a central role in 

autonomic and inflammatory mechanisms in the causal network linking MDD and 



 271 

CHD and is amenable to quantitative study using HRV methods. Given the global 

significance of both MDD and CHD and the importance of the vagal pathway and 

HRV in their inter-relationship, it is important to reflect on some of the implications 

for clinical practice. Recommendations are also suggested for future studies, which, 

by eliminating confounders, could allow a more reliable quantification of the 

contribution of vagal function to the causal network linking MDD and CHD.  

 

HRV in MDD and CHD: Clinical Recommendations  

HRV has emerged as an important measure which has been shown to be 

lowered in both MDD and CHD and has been shown to have predictive value, for 

example in terms of mortality risk in CHD. One of the confounders of HRV measures, 

particularly in MDD, has been medication, where specific effects such as 

anticholinergic action can lower HRV (Rottenberg, 2007), although the specific 

mechanisms through which psychotropic medications impact on cardiac outcomes is 

currently still poorly understood (Sowden & Huffman, 2009). An important clinical 

question is whether lowering of HRV by such mechanisms presents a risk in terms of 

cardiac health or mental health.  

The cardiac safety of some antidepressant drugs should prompt greater 

consideration and is increasingly important in older age-groups, who may have an 

increased cardiovascular risk profile. There may be implications in taking 

psychotropic medications for cardiac health in terms of HRV. Tricyclic antidepressant 

medications have long been known to place patients at risk of QTc prolongation and 

cardiac arrhythmia’s. TCAs exhibit anticholinergic activity, direct myocardial 

depressant activity and adrenergic effects, resulting in potential arrhythmias, blood 

pressure abnormalities and congestive heart failure, even at therapeutic levels 
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(Jefferson, 1975). But TCAs may also have longer term cardiac effects arising from 

HRV changes which increase their risk when used in patients both with and without 

CHD. For example, Cohen et al. (Cohen, Gibson, & Alderman, 2000) found that the 

use of TCAs doubled the risk of a first episode of MI. However, in a large case-

control study of over 60 000 cases of first-time MI, where the impact of prior 

antidepressant administration was evaluated, patients were found to be at significantly 

increased risk of MI only within the initial 28 days of antidepressant use (Tata et al., 

2005). Although people taking SSRIs and TCAs were studied, the observed increases 

were not found to be specific to TCA or SSRI exposure. Prolonged antidepressant 

exposure was not associated with increased risk of MI, suggesting that ultimately it is 

depression, rather than the antidepressant treatments, that confers the increased 

cardiovascular risk. 

SNRIs have shown to increase blood pressure at higher doses, which may be 

of clinical significance in patients with CHD (Sander, 2011) and they have also been 

linked to lower HRV (Licht et al., 2010). Mirtazepine has been shown to lower HRV 

(Agelink et al., 2001b; Bar et al., 2004; Straneva-Meuse et al., 2004; Tulen et al., 

1996a). Interestingly, Mirtazepine has limited evidence for efficacy in patients with 

CHD. The large Myocardial Infarction Depression Intervention Trial (MIND-IT) 

showed no change to depression and no change to cardiac outcomes with mirtazepine 

treatment in depressed patients with CHD (van Melle et al., 2007). Mirtazepine can 

also cause increased blood pressure due to its antagonism of pre-synaptic 

noradrenaline alpha2 receptors and has been associated with weight gain. 

In the treatment of cardiac patients or patients with significant cardiac risk 

factors, Selective Serotonin Reuptake Inhibitors (SSRIs) are considered safe and 

efficacious. The two SSRIs with the best evidence for cardiac safety as shown by 
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large clinical studies are sertraline (Jiang et al., 2008) and citalopram (Lesperance et 

al., 2007). While it has been suggested that SSRI’s as a class might decrease HRV 

(Licht et al., 2010), it has also been shown that the effect of SSRIs as a class on HRV 

is neutral (Kemp et al., 2010). SSRIs may in fact improve cardiac outcomes via 

platelet activation and modulation of the inflammatory response (van Melle et al., 

2006a). The study by Cohen et al. (2000) determined that use of SSRIs reduced the 

risk of MI, supporting this conclusion. While there is still some controversy, the 

findings of this review support the use of SSRIs as a first line treatment for MDD and 

patients with both MDD and CHD compared to TCAs, SNRIs and mirtazepine. 

 Another consideration should be the effects of cardiac medications on MDD. 

For example, beta-adrenergic blockers were previously thought to cause MDD (e.g. 

Fodor, Chockalingam, Drover, Fifield, & Pauls, 1987), although a more recent study 

has refuted this. A study of 381 patients post MI found that prescription of beta-

blockers is not associated with an increase in depressive symptoms or depressive 

disorders in the first year after MI (van Melle et al., 2006b). In addition to this, beta 

blockers increase HRV in CHD patients, again underlining their protective effects in 

CHD (Niemela et al., 1994). Beta-adrenergic blockers are thus safe and beneficial in 

the treatment of people with comorbid CHD and MDD.  

The effects of other cardiac medications on HRV are varied and more research 

is needed to explore their effects, particularly in patients with MDD. It has been 

argued that exploring treatment modalities that specifically increase heart rate 

variability would be desirable for patients post MI and that such strategies might 

include physical exercise, beta-adrenergic blockade, or low-doses of the 

anticholinergic hyoscine hydrobromide. (O Brien & Oyabode, 2003). Similarly, future 

treatments for people with MDD might target treatments which increase HRV.  
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A final clinical consideration is the effect of anxiety on HRV. Most mental 

health workers would screen for symptoms of anxiety on routine assessment. 

However, the links with decreased HRV should underline the importance of 

identifying anxiety symptoms, particularly in the context of occurring comorbidly 

with MDD. 

 

 

 

HRV in MDD and CHD: Recommendations for Future Studies 

TCAs significantly decrease HRV and should be avoided, if possible, in future 

studies of HRV. The question of whether the use of SSRIs represents a potential 

confounder is less clear. Although the recent meta-analysis by Kemp et al. (2010) 

suggests that SSRIs do not affect HRV, longer term studies are needed (Kemp et al., 

2010; van Zyl et al., 2008). The potential of SSRIs to alter HRV should be taken into 

account in any future study design. To entirely avoid this potential confounder, an 

ideal study might involve the recruitment of antidepressant naïve participants. Such a 

study might recruit people with a first episode of mild to moderate depression, which 

could be treated with non-pharmacological therapies, which have a good evidence 

base, such as Cognitive Behavioural Therapy (CBT) (Ellis, 2004). This approach may 

not be as generalisable to patients with severe MDD, but may contribute significantly 

to the further clarification of the relationship between HRV measurements and MDD.  

The issue of other non-antidepressant medications such as beta blockers is 

equally complex. There is evidence to suggest that beta blockers do have an effect on 

HRV, and thus potentially act as a confounder, which needs to be taken into account 

in future studies. However, it may be ethically and clinically difficult to justify 
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withholding this treatment in a clinical study on patients with CHD. Future studies 

could attempt to control for their effect, or recruit participants with CHD in whom 

such medications are not clinically indicated.  

Finally, it is recommended that future studies involving depressed people 

should address the possibility of confounding by comorbid anxiety disorders. An ideal 

study would clearly identify patients with anxiety symptoms or a co-morbid anxiety 

disorder, using a recognised set of diagnostic criteria. Participants with a comorbid 

anxiety disorder could then either be excluded, or statistical procedures used to 

control for the effect of anxiety symptoms.   

 

Conclusion 

MDD and CHD are both important diseases and they share a reciprocal relationship. 

The causal network linking MDD and CHD should be quantitatively studied and the 

investigation of vagal function, using HRV, is a logical starting point. Polyvagal 

theory and the theory of neurovisceral integration provide the theoretical basis for the 

relationship between cardiac function and emotional states, but HRV could provide a 

quantitative measure of the vagal component of this relationship. While HRV is a 

very simple and non-invasive means of gathering data, the data itself, and its meaning, 

remains difficult to interpret. While more research is needed to clarify the 

interpretation of HRV and to quantify the vagal link between MDD and CHD, such 

research is promising in terms of better understanding both diseases and also their 

treatments. 
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Chapter 5 

A Critical Review of Study Methodology and Further Recommendations for 

Future Studies 

 

Preamble 

Several recommendations were made in Chapter 4 for the methodology of an 

“ideal” study to quantify relationships between MDD and CHD using HRV. What is 

required, however, is a critical appraisal of the methodology which has been applied 

to studies on mood and cardiac function, in particular MDD and CHD. This critique is 

provided in this chapter (published as Stapelberg, Neumann, Shum, McConnell, & 

Hamilton-Craig, 2013). It is to be noted again that the literature deals predominantly 

with the disease state of depression, rather than the whole spectrum of mood, and its 

relationship to cardiac function. It was also necessary to review existing methodology 

to inform the study design of the Heart and Mind Study, and the extensive literature 

on relationships between MDD and CHD was drawn upon to achieve this goal. The 

review identifies several gaps in the literature, as well as issues with study design, 

bias and confounders. The recommendations published in Chapter 4 and this chapter 

served as a blueprint for the clinical study described in this thesis, and it is suggested 

that they be utilised in future studies in this field of research.  
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Abstract 

Background: 

A reciprocal association exists between Major Depressive Disorder (MDD) 

and Coronary Heart Disease (CHD). A quantitative evaluation of this association is 

necessary to identify potential areas of clinical intervention. However, the association 

is unclear because of methodological differences and confounders across studies. This 

review examines the impact of methodology and confounding variables on the 

magnitude of the relationship between MDD and CHD.  

Methods:  

The search terms “major depression AND coronary heart disease” were 

entered into an electronic multiple database search engine. Abstracts were screened 

for relevance and individually selected articles were collated. 

Results:  

Nine methodological issues and three confounders are identified, which have 

contributed to uncertainty in the quantitative relationship between MDD and CHD. 

More quantitative, prospective longitudinal studies are needed, which use standard 

definitions for MDD and CHD and define clear outcomes. Studies should clearly 

establish the temporal relationship between the onset of depressed mood and one or 

more adverse cardiac events, should use quantitative measures of depression which 

are treated as continuous data, and have frequent measures of mental state over time, 

correlated with measures of cardiac health. Study design should avoid confounding by 

considering demographic factors, cardiac risk factors and management of MDD in 

CHD patients. 

Conclusions:  

This review raises the need for a standardised methodology in future research, 
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taking into account the biases and confounders listed. Adopting a consensus approach 

to methodology will facilitate the quantitative exploration of the causal network 

linking MDD and CHD. 

 Key Words: Bias, Confounders, Coronary Heart Disease, Major Depressive 

Disorder, Methodology, Study design 
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Introduction: The Relationship Between Major Depression and Coronary Heart 

Disease 

Major Depressive Disorder (MDD) and Coronary Heart Disease (CHD) are 

among the most significant public-health problems, being two of the largest causes of 

morbidity worldwide and contributing heavily to estimates of global burden of disease 

(Vos & Mathers, 2000). These diseases share a complex reciprocal relationship 

(Carney et al., 1988; Frasure-Smith, Lesperance, & Talajic, 1993; Kawachi et al., 

1994; Musselman, Evans, & Nemeroff, 1998; Rugulies, 2002; Wulsin & Singal, 

2003), whereby depressive illness confers a greater risk of adverse cardiac events and 

mortality, while people with CHD have a higher incidence of MDD. Overall, the 

extensive epidemiological literature linking MDD and CHD shows a strong and 

consistent relationship (Bunker et al., 2003; Goldston & Baillie, 2008; Kuper, 

Marmot, & Hemingway, 2002). The point prevalence of major depression in post 

myocardial infarction patients lies between 20% and 30% (Carney, Freedland, Rich, 

& Jaffe, 1995; Cay, Vetter, Philip, & Dugard, 1972; Kurosawa, Shimizu, Nishimatsu, 

Hirose, & Takano, 1983; Stern, Pascale, & Ackerman, 1977) and 15% to 20% of 

hospital inpatients become depressed after suffering a myocardial infarction 

(Lichtman et al., 2008). Patients with pre-existing CHD also have a higher incidence 

and prevalence of depression (Wynn, 1967). Approximately one fifth of people 

suffering from unstable angina become depressed (Rutledge, Reis, Linke, Greenberg, 

& Mills, 2006). Conversely, people with a history of MDD are twice as likely to 

develop CHD compared to the general population (Pratt, Ford, Crum, Armenian, 

Gallo, & Eaton, 1996). The severity of depressive symptomatology is related in a 

dose-dependent manner to clinically significant adverse cardiac events, which affects 

prognosis in cardiac patients (Ariyo et al., 2000). Depression has been linked with a 
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three- to four-fold increase in the risk of recurrent cardiac events as well as death 

(Schulman & Shapiro, 2008). MDD is associated with increased morbidity, mortality 

and re-hospitalization in patients with established congestive heart failure as well as 

coronary artery bypass surgery (Blumenthal et al., 2003; Jiang et al., 2001; Murberg, 

Bru, Svebak, Tveteras, & Aarsland, 1999). 

There are several mechanisms linking MDD and CHD, which are themselves 

inter-related, forming a causal network of pathways which gives rise to the reciprocal 

association between the two diseases (Stapelberg, Neumann, Shum, McConnell, & 

Hamilton-Craig, 2011). Researchers have attempted to measure the overall strength of 

the association between MDD and CHD. For example, five papers published in the 

1990’s yielded a relative risk for myocardial infarction in patients with depressive 

symptoms which ranged from 1.5 to 4.5 (Anda et al., 1993; Aromaa et al., 1994; 

Barefoot et al., 1996; Barefoot & Schroll, 1996; Pratt, Ford, Crum, Armenian, Gallo, 

& Eaton, 1996). These studies, however, do not give an indication of the magnitude 

of effect contributed by each individual node in the causal network. Stapelberg et al. 

(2012) suggested that the causal network be quantified. If those nodes (or pathological 

processes) which have the greatest effect size, or contribute the most to the causation 

of either MDD or CHD (or both), could be identified, this would allow for a more 

focused approach to treatment and prevention.  

The quantitative study of the causal network would require a standardised 

approach. Current measures of the magnitude of the association between MDD and 

CHD are affected by three factors. The first is the significant heterogeneity of studies 

in this area, with different approaches to methodology and study outcomes. The 

second is concern over bias arising from factors such as study design and statistical 

adjustment of results. The third concerns multiple confounding variables, which affect 
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the accurate characterisation of the relationship between MDD and CHD.  

Meta-analyses have attempted to take biases and confounders into account 

(Rugulies, 2002; Van der Kooy et al., 2007; Wulsin & Singal, 2003). Several reviews 

offer lucid discussions of methodological and other difficulties in establishing links 

between the two diseases (see in particular Frasure-Smith & Lesperance, 2006). More 

recent reviews have also highlighted particular methodological issues in the 

relationship between MDD and CHD, although the focus has been primarily on 

clinical management approaches for depressed CHD patients (Goldston & Baillie, 

2008; Lichtman et al., 2008). However, we are not aware of any publication which 

has comprehensively drawn together all the methodological issues in this field of 

research. These issues need to be clearly identified and addressed to progress a 

quantitative and standardised study into the various mechanisms in the causal network 

which link MDD and CHD. This review focuses specifically on these methodological 

issues, particularly aspects of study design, bias and confounders which have 

complicated the quantitative characterisation of the relationship between MDD and 

CHD, and puts forward a list of recommendations for further research.  

 

Methods 

The search terms “major depression AND coronary heart disease” were 

entered into an electronic multiple database search engine (Griffith University Library 

Search). Subject terms for the search were constrained to: (depression OR major 

depression OR myocardial-infarction OR coronary heart disease OR cardiovascular 

disease OR depression diagnosis). The search was constrained to English publications 

and to peer reviewed publications. The search yielded 3255 journal articles. Articles 

were prioritised according to meta-analyses (68 papers), systematic reviews (73 
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papers), non-systematic reviews (282 papers) and the remaining articles described 

empirical clinical trails. Abstracts were screened for relevance and individually 

selected articles were collated. The reference lists of relevant articles were also 

screened for further articles of interest. 

Results: Heterogeneity in Study Methodology, Confounders and 

 the Association Between Major Depression and Coronary Heart Disease 

Despite findings generally supporting an association between MDD and CHD, 

concerns have been raised that study methodology and confounding variables have 

contributed to the wide-ranging magnitude of the association (Frasure-Smith & 

Lesperance, 2005, 2006; Goldston & Baillie, 2008; Musselman et al., 1998; Rugulies, 

2002). A review article by Frasure-Smith and Lesperance (2006) found that since 

1997 (and up until December 2005, after which the review was prepared for 

publication) the number of reviews on the relationship between depressive illness and 

CHD equalled or exceeded the number of primary publications. One reason for this 

has been a concerted effort to integrate and understand the immense heterogeneity in 

the literature in terms of both methodology and results. This heterogeneity stems in 

part from study cohorts varying in location, patient population and sample size (Lane, 

Carroll, Ring, Beevers, & Lip, 2001), but also in defining MDD and CHD, the 

methods for measuring depression and measures for cardiac disease outcomes. The 

present review identifies nine methodological issues and three confounders that have 

contributed to the uncertainty in the quantitative relationship between MDD and 

CHD.  

 

1) Study design 

Up until the late 1970’s, relatively high estimates of the association between 
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depressive illness and CHD were found (Rugulies, 2002). A meta-analysis of studies 

between 1945 and 1984 (Booth-Kewley & Friedman, 1987) compared effect sizes for 

CHD in depressed individuals for studies before and after 1977 (the year was chosen 

arbitrarily to divide the studies equally). The effect sizes were r = 0.204 for pre-1977 

studies and a significantly lower r = 0.108 for post 1977 studies. In a subsequent 

meta-analysis of only three prospective studies, the magnitude of association between 

depressive illness and CHD was shown to be negligible (Matthews, 1988). However, 

a large meta-analysis by Rugulies in 2002 (Rugulies, 2002), based on prospective 

studies, did show a clear association, as did a meta-analysis by Kuper et al. (2002).  

One potential reason for the high association rates between MDD and CHD in 

early studies (compared with studies from the late 1980’s onwards) is that they were 

predominantly cross-sectional in design (Rugulies, 2002). Even in the early meta-

analysis by Booth-Kewley and Friedman (1987) cross-sectional studies were 

compared with longitudinal studies and it was found that the association between 

depression and CHD was lower in the longitudinal studies (r = 0.204 for cross-

sectional studies compared to r = 0.168 for longitudinal studies). One explanation of 

why the cross-sectional studies overestimate this association is inherent to the design 

of cross-sectional studies, in which the calculated odds ratio can overestimate the 

prevalence ratio, which is derived for an association (Barros & Hirakata, 2003). It is 

recommended that future studies be quantitative, prospective, and longitudinal in 

design to avoid this statistical overestimation.  

 

2) Differences in Defining Depressive Illness  

The definitions of depressive illness have varied widely between studies. 

MDD is defined as a person meeting the criteria as described in the Diagnostic and 
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Statistical Manual of Mental Disorders (DSM) 4 TR (American Psychiatric 

Association, 2000). There has been considerable debate over the classification of 

depression (e.g. Parker, 2000) and suggestions for the reclassification of depressive 

illness have been put forward (see for example Denollet, Strik, Lousberg, & Honig, 

2006; Lichtenberg & Belmaker, 2010; Parker, 2000). While a detailed discussion of 

alternative classifications for depressive illness is beyond the scope of this review, it 

should be noted that heterogeneity in these studies does not necessarily arise from the 

use of alternate classifications of depression. As reported by Frasure-Smith and 

Lesperance (Frasure-Smith & Lesperance, 2005), definitions of depressive illness in 

CHD patients ranged from the use of formal diagnostic criteria (e.g. DSM), to 

defining depression based on self-report of symptoms. While many studies have 

demonstrated a relationship between depressive symptoms and adverse CHD 

outcomes, and that a ‘dose-dependent’ relationship may exist between the severity of 

depressive symptoms and adverse CHD outcomes (Goldston & Baillie, 2008), it is 

likely that more liberal definitions of depression inflate the association between MDD 

and CHD. There is a spectrum of deterioration in mental state ranging from 

experiencing psychological stress, to demoralization, through to unipolar depression, 

which are all related to CHD (e.g. Rafanelli et al., 2005). Similarly, there has been a 

significant association between other mood disorders and CHD, such as dysthymia 

and bipolar disorder (e.g. Baune, Adrian, Arolt, & Berger, 2006). If other conditions, 

such as stress, demoralization, dysthymia or bipolar disorder are misinterpreted as 

MDD through a more liberal definition of the term “depression”, the result could be 

an over-estimation of the relative risk of MDD in CHD. While a detailed discussion 

of these other conditions in the context of CHD is beyond the scope of this review, the 

range of mental health conditions, which potentially involve depressive symptoms, 
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associated with CHD clearly emphasises the importance of using standardised 

diagnostic definitions in future research.  

Studies that use different criteria for defining depressive illness are also more 

difficult to compare to each other. It is therefore recommended that a standardised 

approach be adopted towards defining depression, utilising recognised criteria such as 

DSM 4 TR (American Psychiatric Association, 2000) or ICD 10 (Bramer, 1988). 

Alternatively, there are emerging diagnostic frameworks which may be more specific 

to this field, such as the Diagnostic Criteria for Psychosomatic Research framework 

proposed by Ottolini et al. (2005).  

 

3) Differences in Approaches to Measuring Depression  

Researchers have used several different methods to measure depression, 

ranging from self-administered screening tools, physician diagnosis, diagnosis on 

structured clinical interview, and even evidence of past treatment for depression 

(Goldston & Baillie, 2008). For example, a review of 21 etiologic and 43 prognostic 

studies on the relationship between depression and heart disease identified 23 

different approaches to measuring depressive illness (Frasure-Smith & Lesperance, 

2005).  

In many studies, a psychometric screening instrument was used (often self-

report), with higher scores leading to a diagnosis of major depression and lower 

scores indicating minor depression (Goldston & Baillie, 2008). While higher scores 

on a rating scale may be indicative of MDD, the diagnosis is defined nosologically by 

criteria set out, for example, in the DSM 4 TR (American Psychiatric Association, 

2000). A given psychometric instrument may not correspond to all the listed criteria. 

Furthermore, the duration of illness, which is important in diagnosing MDD 
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clinically, may not be adequately captured in a depression rating scale. For these 

reasons, it is possible that psychometric screening instruments may lead to error in the 

quantification of the relationship between MDD and CHD. Two large meta-analyses 

have shown this to be the case, demonstrating that studies using psychometric tests 

under-estimate the future risk of CHD in people with MDD, when compared to 

studies using clinical assessment (Nicholson, Kuper, & Hemingway, 2006; Rugulies, 

2002). However, the reason given for this is that studies employing clinical 

assessment are more likely to have a higher proportion of severely depressed patients 

in their exposed group than studies using symptom scales (Nicholson et al., 2006). 

Psychometric assessment compared to clinical assessment in these studies may 

require further clarification.  

Another issue is the use of psychometric screening for MDD in a population 

of patients with a medical illness. There is a potential overlap of the somatic 

symptoms of depression with the symptoms of CHD. For example, low energy can be 

a feature of both MDD and CHD. Such an overlap can render some psychometric 

tests for depression inaccurate in medically ill people (Poole & Morgan, 2006). 

Alternatively, somatic symptoms of depression may be masked by the physical 

symptoms of CHD, making the detection of MDD in people with CHD more difficult 

(Barkow et al., 2004; Menchetti, Belvederi Murri, Bertakis, Bortolotti, & Berardi, 

2009; Tylee & Gandhi, 2005). Interestingly, it has been shown that it is precisely 

these somatic symptoms of MDD which appear to affect long-term prognosis in CHD 

patients, whereas the cognitive affective symptoms of depression are much less 

significant (de Jonge, Ormel, et al., 2006; Smolderen et al., 2009). 

It is recommended that future studies are quantitative in nature, necessitating 

the use of quantitative psychometric tests for depression, which are linked to a 
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recognized standard diagnostic system. However, since studies using clinical 

measures of depression, such as standard clinical interviews, reported different results 

than those using symptom scales (Nicholson et al., 2006), the use of a combination of 

methods would be beneficial. Psychometric depression measures could be used to 

collect quantitative data in addition to a more qualitative clinical assessment. This 

would allow for an accurate diagnosis of MDD to be made and for other mood 

disorders (e.g. Dysthymic Disorder or Substance Induced Mood Disorder) to be ruled 

out. A combined approach should also result in more accurate estimate of depression 

severity. Furthermore, a study using a combination of clinical interview and 

depression measures may allow for an internal comparison of these methods, making 

the study more robust. 

The Canadian Cardiovascular Society guidelines for assessing depressive 

illness in people who have had a myocardial infarction include the Beck Depression 

Inventory (BDI) as the screening tool of choice. The National Service Framework for 

Coronary Heart Disease in the United Kingdom recommends the use of the Hospital 

Anxiety and Depression Scale (HADS) (Thombs et al., 2007). The HADS and BDI 

are considered the most frequently used screening measures of depression in CHD 

patients (Thombs et al., 2007).  

The HADS (Zigmond & Snaith, 1983) is widely used in cardiac populations, 

as it does not screen for somatic symptoms, which can be confounding (Poole & 

Morgan, 2006). Instead, the HADS assesses the cognitive symptoms often attributed 

to depression and anxiety disorders, in preference to somatic symptoms, which is 

thought to result in less misinterpretation of these symptoms in people with physical 

illness (Kendel et al., 2010). While a systematic review of the HADS-D (the 

depression subscale) in post-MI patients found evidence of good construct validity 
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(Thombs et al., 2007), there was a potential lack of sensitivity of the HADS-D in 

diagnosing MDD in CHD patients (Strik, Honig, Lousberg, & Denollet, 2001). The 

BDI, on the other hand, has adequate sensitivity in the screening of people with CHD, 

with a weighted prevalence of 31.1% of post-MI patients being identified with mild to 

moderate major depression in 6 studies (Thombs et al., 2006).   

Other psychometric tests have been studied in CHD patients. The Hamilton 

Depression Rating Scale (Ham-D) is still considered by many to be the gold standard 

in terms of a rating scale for depression (Demyttenaere & De Fruyt, 2003; Williams, 

2001). It has also been used in large clinical studies involving participants with CHD 

and MDD, such as the Sertraline AntiDepressant Heart Attack Randomized Trial 

(SADHART) (e.g. Glassman et al., 2002) and the Enhancing Recovery in Coronary 

Heart Disease (ENRICHD) trial (e.g. Carney et al., 2004). The Symptom Checklist – 

90 Depression Subscale (SCL-90-Dep) was found to have limited reliability and 

validity data available in CHD patients (Thombs et al., 2007). The Geriatric 

Depression Scale (GDS) was evaluated along with the BDI in a study of 119 people 

who either met criteria for MI or unstable angina pectoris. Both psychometric tests 

showed excellent reliability and sensitivity in screening for major depression, and the 

GDS was evaluated as having better specificity and positive predictive value than the 

BDI (Low, 2007). Our recommendation would be the use of the BDI or the HAM-D 

to provide a quantitative measure of depression. There is also reasonable evidence for 

the use of the HADS in its entirety (Poole & Morgan, 2006) and possibly the GDS.   

 

4) Differences in Defining Cardiac Disease 

As with definitions of depression, cardiac pathologies have been defined 

differently, or have embodied different criteria, across studies (Frasure-Smith & 
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Lesperance, 2005). Several terms are used in the literature to describe different forms 

of heart disease, some of which are non-specific. Many studies refer to cardiovascular 

disease (CVD), which is defined as disease affecting the heart or blood vessels and 

can include arteriosclerosis, coronary artery disease, cardiac valve disease, 

arrhythmias, cardiac failure, hypertension, orthostatic hypotension, shock, 

endocarditis, diseases of the aorta and its branches, disorders of the peripheral 

vascular system, and congenital heart disease (World Health Organization, 2008). A 

large proportion of the literature deals with the relationship between depression and 

coronary heart disease (CHD), coronary artery disease (CAD) or ischaemic heart 

disease (IHD), all of which refer to the disease process of atherosclerosis of the 

coronary arteries leading to myocardial ischaemia (myocardial infarction, angina and 

heart failure) (Alpert, Thygesen, Antman, & Bassand, 2000). The generic term 

Coronary Heart Disease (CHD), has since been recommended as a standard term 

(Tunstall-Pedoe, 2001).  

As with different definitions of depression, studies that diagnose individuals 

using different definitions for cardiac disease, or use broader definitions which 

additionally encompass other vascular pathologies (such as cardiac arrythmias, for 

example), make it difficult to compare studies. It may also distort the true magnitude 

of association with depressive illness. For example, a study on myocardial infarction 

(MI) demonstrated an increase in the number of patients by 26.1% when a newer 

troponin based definition for MI was used as compared with the previous World 

Health Organisation classification (Ferguson, Beckett, Stoddart, Walker, & Fox, 

2002). While the study did not deal with MDD, it illustrates how defining cardiac 

disease and cardiac events such as MI can have an impact on their calculated 

incidence. This in turn could potentially influence estimates of the relationship 
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between MDD and CHD, particularly as events such as MI are accepted as markers 

for CHD in research settings (e.g. (Barth, Schumacher, & Herrmann-Lingen, 2004)). 

Future studies should employ standard definitions for depressive illness and cardiac 

disease. It is recommended that widely accepted criteria are used for defining cardiac 

diseases, such as those published by the American Heart Association or the American 

College of Cardiology guidelines (American Heart Association & American College 

of Cardiology, 2009). 

 

5) Differences in Study Outcomes in Coronary Heart Disease 

The methodology in measuring outcomes for CHD has varied considerably 

between studies. For example, prognostic studies and aetiological studies have 

measured a range of cardiac outcomes (Frasure-Smith & Lesperance, 2005). These 

include different causes of death (either all-cause mortality (e.g. Barefoot & Schroll, 

1996), fatal MI or cardiovascular death (e.g. Penninx et al., 2001), other endpoints 

such as nonfatal MI (e.g. Pratt, Ford, Crum, Armenian, Gallo, & Eaten, 1996) or heart 

failure (e.g. Vaccarino, Kasl, Abramson, & Krumholz, 2001), or angina (e.g. 

Lesperance, Frasure-Smith, Juneau, & Theroux, 2000). When attempting to quantify 

the relationship between MDD and CHD, this heterogeneity has led to further 

difficulty in comparing and integrating study results, due to different outcome 

measures having different magnitudes of association. In addition, some studies have 

used varying numbers of outcome measures (as described in Frasure-Smith, 

Lesperance, Frasure-Smith, & Lesperance, 2006), leading to further heterogeneity. 

Future studies should have clear and concrete study outcomes, such as cardiac death, 

all cause mortality, MI recurrence, or quality of life measures.    
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6) The Temporal Relationship Between MDD and CHD  

Most studies investigating the relationship between CHD and MDD assessed 

patients for depression soon after a cardiac event such as MI, typically within days 

(e.g. Lane et al., 2001) or weeks (e.g. Mazzuero, Lanfranchi, Colombo, Giannuzzi, & 

Giordano, 1992). However, there has been little data on the onset and progression of 

depressive symptoms in the context of CHD. It is not always clear whether patients 

became depressed first or had a cardiac event first. Establishing the temporal 

relationship between MDD and CHD can be challenging because both depression and 

the early stages of cardiovascular disease can go undiagnosed for a substantial period 

of time in the absence of a defining clinical event such as an MI in CHD or significant 

loss of function in MDD (Charlson, Stapelberg, Baxter, & Whiteford, 2011). A large 

meta-analysis (Nicholson et al., 2006) identified reverse causality to be an issue. It 

was argued that many studies did not identify people with CHD who had symptoms 

such as chronic angina (rather than a discrete event such as MI) and that the CHD 

may have caused MDD, rather than the reverse as purported in the studies (Nicholson 

et al., 2006). 

Furthermore, in patients found to be depressed after a cardiac event, it is 

frequently not known for how long they have been depressed. For example, Di 

Benedetto et al. (2006) studied 81 patients around 2 weeks after an acute cardiac 

event. Of these, 33% had a previous major depressive episode on Composite 

International Diagnostic Interview (CIDI). However, there was no indication of 

whether they had developed the depression in the two weeks since the acute cardiac 

event or whether the depression had in fact preceded the cardiac event.  

More recent studies have investigated whether episodes of major depression 

associated with CHD represented a first depressive episode or a recurrent episode. 
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The first study to demonstrate that a history of major depression influences both post-

MI depression and mortality was reported by Lesperance et al. (1996). It was found 

that having a past history of MDD increased the risk of subsequent depression in the 

hospital and after discharge. Suffering an episode of depression in hospital post MI 

was associated with an increased risk of mortality over the subsequent 18 months and 

people who experienced a recurrent depression post-MI were at particularly high risk. 

The finding could be interpreted as more exposure to MDD as a risk factor leading to 

higher risk of subsequent adverse cardiac events (Carney et al., 2009).  

However, the question is also raised as to whether depression before MI and 

depression after MI vary in terms of outcome for cardiac risk. A study of 468 people 

who had suffered a MI examined whether incident episodes of depression (clearly 

occurring after the MI) were different from non-incident depression (episodes of 

depression which were either ongoing or were a recurrence of a pre-existing MDD) 

(de Jonge, van den Brink, Spijkerman, & Ormel, 2006). The findings showed that 

only patients with incident post-MI depression had an impaired cardiovascular 

prognosis. A subsequent study of 588 post-MI patients produced similar findings, 

showing increased cardiac mortality only in patients who develop depression after 

suffering a MI, whereas pre-MI depression did not convey any additional risk of 

cardiac mortality (Dickens et al., 2008). Analysis of data from the large ENRICHD 

clinical trial found that both incident and recurrent episodes of depression predict 

shorter survival post MI, but that people with incident episodes of depression had 

poorer survival than people with recurrent episodes (Carney et al., 2009). What 

remains unclear is the mechanism for these differences in conferring risk (Carney et 

al., 2009). 

Causality cannot be clearly shown if the temporal relationship between 
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depression and cardiac disease is not fully clarified. Clarification of patient history 

with regards to prior episodes of depression, as well as onset and duration of any 

symptoms measured at the time of the study, and clear reporting of the same, would 

assist in clarifying the temporal relationship between the two diseases.  

 

7) The Collection and Use of Continuous Quantitative Data 

Several studies have compared clinical depression or major depression to less 

severe states of depressive mood, or minor depression, or no depression. While 

depression or depressive symptoms were diagnosed using a standard clinical 

interview or psychometric tools, patients were ordinally ranked as depressed or non-

depressed without taking into account the continuum of severity of depression. For 

example, study by Carney et al. (1988) concluded that CHD predisposes to 

depression. Depression was measured using a modified version of the Diagnostic 

Interview Schedule (DIS) and patients were characterised only as “depressed” or 

“non-depressed”. There was no measurement of severity of depression. Cassano and 

Fava (2002) have suggested that depression should be viewed as continuous data 

rather than a dichotomous “on” or “off” state. Algorithms for measuring depression 

have also been put forward with a view to then tailoring clinical management for 

depressed patients with CHD (e.g. Lichtman et al., 2008). However, such algorithms 

make use of cut-off scores or score ranges, which can be useful in a clinical setting, 

but may again work against the use of quantitative measures of depression as 

continuous data. Furthermore, in terms of study power, sample size requirements for 

categorical or dichotomous outcomes can be higher than for continuous outcomes 

(Campbell, 1995). 

In the same way, the diagnosis of CHD is frequently treated as categorical 
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data (present or absent).  CHD is the tip of a continuous iceberg of atherothrombotic 

disease burden that can be quantified by such tests as coronary calcium score, 

ultrasonography, CT scan and MRI imaging. Modern methodology, such as MRI-

determined volume of myocardial scar and LVEF determined with echocardiography 

after MI, would allow continuous quantitative measurement of CHD also. It is 

recommended that continuous quantitative measures of MDD and CHD be used in 

future research. 

 

8) Length of Follow Up 

Length of follow-up has introduced significant variation of results. Studies 

with longer follow-up periods have a trend towards lower risk estimates, suggesting 

that shorter prospective cohort studies are providing inaccurate estimates and are 

subject to confounding (Nicholson et al., 2006). Barth et al. (2004) showed in their 

meta-analysis that the prognostic impact of initial depression increased over time, 

with higher odds ratios for mortality post diagnosis of depression in CHD in studies 

with longer follow-up periods. Meta-analysis revealed evidence that within the first 6 

months, depressive disorders have no significant effect on mortality (OR, 2.07; CI, 

0.82–5.26). However, after 2 years the risk more than doubles for CHD patients with 

clinical depression (OR, 2.61; 1.53– 4.47). Studies with longer term follow-up show 

higher odds ratios. One such study followed 275 patients over 10 years and yielded an 

odds ratio of 3.16 for cardiovascular mortality after diagnosis with depression (Welin, 

Lappas, & Wilhelmsen, 2000). In this case, the odds ratio was adjusted for other 

factors such as smoking, hypertension, hypercholesterolaemia, gender, and level of 

social support.  

One of the key gaps in the literature is the examination of the relationship 
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between MDD and CHD as a function of period of follow up. The authors are not 

aware of any large studies where quantitative changes in severity of MDD are 

followed frequently over time. It is recommended that frequent measures of patient 

mental state be correlated over time with measures of cardiac health to provide more 

accurate longitudinal estimates of patient progress. Since shorter prospective cohort 

studies may be subject to confounding (Nicholson et al., 2006), studies should follow 

participant cohorts for the maximum possible time, ideally longer than 2 years. 

 

9) Statistical Adjustment of Results 

Adjustment of results for potential confounders is itself a potential source of 

variation in estimates of mortality after depression, diagnosed after an initial cardiac 

event. In particular, statistical measures such as odds ratios tend to yield lower values 

after such adjustment. A meta-analysis was carried out to quantify the effect of 

depression on CHD etiology and prognosis, in order to estimate the contribution of 

confounding by coronary risk factors and disease severity in prognostic studies 

(Nicholson et al., 2006). The meta-analysis found that, in contrast to previous studies, 

a lower prevalence of depression at baseline was associated with higher risk of CHD 

incidence. The risk for fatal and non-fatal endpoints was similar in patients with 

depression. When factors such as smoking were adjusted for, both etiological and 

prognostic studies without adjusted results had lower unadjusted effect sizes than 

studies which included adjusted results (p = .01). The researchers concluded that 

depression has yet to be confirmed as an independent risk factor for CHD because of 

incomplete and biased availability of adjustment for conventional risk factors and 

severity of CHD. An effect did exist, although it was diminished by the adjustments 

that were made. A meta-analysis by Barth et al. (2004) yielded similar findings, with 
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an adjusted hazard ratio of 1.76 (95% confidence interval 1.27–2.43) for longer 

mortality in patients with CHD and depression. It is recommended that variation of 

results due to statistical adjustment for confounders be taken into account. 

 

Confounders 

Confounding factors have been identified which may distort the magnitude of 

the association between MDD and CHD. Three such factors are identified and 

discussed below, comprising demographic factors, cardiovascular risk factors, and the 

management of MDD in CHD patients. 

   

1) Demographic Factors 

Demographic factors can have a significant impact on the measured 

association between depression and CHD (Mallik et al., 2006).  Age is one such factor 

because it is negatively related to depression (younger people have higher rates of 

depression) and positively related to CHD (older people are more likely to suffer from 

various forms of heart disease) (Pratt, Ford, Crum, Armenian, Gallo, & Eaton, 1996). 

Gender can also be a significant confounder. Women have a higher prevalence of 

depression in the general population (Kessler, 2003) and among those with 

cardiovascular disease (Pilote et al., 2007). Younger women in particular have the 

highest rates of depression after myocardial infarction (Mallik et al., 2006). Women 

have worse functional outcomes from coronary artery bypass graft (CABG) surgery 

(Vaccarino et al., 2003). Perioperative depressive symptoms are associated with 

worse cardiac outcomes in CABG surgery patients (Mallik et al., 2005). This 

relationship is more pronounced in women than men, and perioperative depression 

might contribute to worse CABG outcomes in women (Rumsfeld & Ho, 2005).  
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Socioeconomic status (SES) has been shown to be a significant factor in both 

CHD and MDD and may act as a confounder. CHD has been shown to be more 

prevalent in people of low SES as defined by education, occupational rank, or income 

(Steptoe A., 2004). Both childhood and adult SES factors have an association with 

CHD, and the association is maintained after retirement (Marmot & Shipley, 1996; 

Wannamethee, Whincup, Shaper, & Walker, 1996). Occupational rank in particular 

has been shown to have a strong association with CHD. The original Whitehall study 

collected data on over 18,000 male white collar civil servants working in the 

Whitehall area of London, and showed a significant relationship between employment 

grade and CHD (Marmot, Rose, Shipley, & Hamilton, 1978). The Whitehall 2 study 

duplicated these findings, hypothesising that increased control or decision-making 

capacity within the workplace could underlie the relationship between employment 

level and CHD (Marmot et al., 1991). Similarly, SES has been associated with MDD 

(R. Anda et al., 1993; Mendes de Leon et al., 1998; Pratt, Ford, Crum, Armenian, 

Gallo, & Eaten, 1996; Whooley & Browner, 1998). Prospective studies have shown 

that people with lower SES are at increased risk for developing both depressive 

symptoms and MDD (Kaplan, Roberts, Camacho, & Coyne, 1987; Murphy et al., 

1991).  

It is possible that past studies overestimated the association between 

depression and CHD because demographic differences were not accounted for. 

Confounding, which arises from demographic differences, can be avoided with 

appropriate methodology. For example, researchers should ensure that the samples are 

either matched on age, gender, and SES, or that studies statistically separate out these 

differences by stratifying data or using multivariate analysis. 
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2) Cardiovascular Risk Factors 

Factors associated with an individual’s lifestyle, such as smoking, weight, 

activity, blood pressure and cholesterol level, have been shown to increase the risk of 

CHD. Early research suggested that cardiovascular risk factors were implicated as 

confounders for the higher incidence of cardiac related death in patients who also had 

depression (Anda et al., 1993; Glassman & Shapiro, 1998). Glassman and Shapiro 

(1998) offer a lucid discussion of the confounding effect of other cardiac risk factors 

(smoking, weight, activity, blood pressure and cholesterol) towards the measured 

relationship between MDD and CHD. Such factors can again be addressed in the 

study methodology, for example, by controlling for cardiac risk factors through the 

matching of groups or by measuring these factors and using statistical controls.  

 

3) The Management of Depression in Cardiac Patients 

With the evidence for a link between depression and cardiac disease described 

above, it could be postulated that if either cardiac disease or depression were treated, 

the impact of the other disease would be diminished. However, several large studies 

provide evidence that this is not the case. 

  Frasure-Smith et al. (1997) reported on the Montreal Heart Attack 

Readjustment Trial (M-HART), in which 1,376 post-MI patients received usual care 

from their physicians or monthly phone calls to discuss stressors. Patients received 

home nursing visits if they had stressors and were given supportive intervention but 

no formal talking therapy. Telephone and nursing supportive intervention had no 

overall impact on the risk of subsequent cardiac events. 

The ENRICHD study was a multicenter trial, which enrolled 2,481 patients 

(Berkman et al., 2003). The trial studied the effects of psychosocial intervention on 
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CHD mortality in depressed patients post-MI. One study cohort received cognitive 

behavioural therapy for 6 months as well as antidepressant medication if indicated. 

Patients with depression improved with treatment, but no change in CHD mortality 

with treatment of depression was found (Berkman et al., 2003). Jiang et al. (2008) 

published results from the SADHART trial, a multicenter trial involving 40 centers 

which studied 369 patients with MDD and congestive heart failure (CHF). Patients 

were given Sertraline, a selective serotonin reuptake inhibitor (SSRI), in a dose of 50 

to 200 mg/day. Sertraline was found to be safe in CHF patients. The medication was 

effective in treating the patients’ depression, but the authors found no statistically 

significant reduction in the risk of subsequent cardiac events. Similarly, no change 

was found with regard to cardiac outcomes or depression in a large trial using 

mirtazepine (van Melle et al., 2007). In summary, even when MDD responds to 

treatment, depression treatment does not modify cardiac risk. 

Work by Pratt et al. (1996) demonstrated that patients with a history of only 2 

weeks of sadness or dysphoria had a doubled risk of MI. The study was prospective in 

design and followed participants up over a period of 13 years. The study utilised self-

report for both history of dysphoria and MI. Participants were screened for a history 

of having had dysphoria for two weeks or more over their lifetime. The odds ratio for 

MI among people with a history of at least two weeks of dysphoria compared with 

people who had no such history was 2.0 (95% confidence interval 1.1 to 3.5). The 

odds ratio for people with a history of major depressive episode compared with a 

reference group was 4.8 (95% confidence interval 1.8 to 12.7). The authors thus 

provide evidence that depression confers a long-term risk, which does not diminish 

over time. This evidence, along with the work cited above, indicates that MDD, even 

when successfully treated, confers a long term increased of risk of cardiac events. 
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This suggests that any physiological or other changes brought about by MDD are 

permanent and irreversible. Confirmation of this hypothesis, as well as the elucidation 

of the underlying mechanisms, constitutes a significant gap in the current literature 

and requires further clarification. 

 

Conclusion: Scope for Future Research and Recommendations: The Need for a 

Standardised Quantitative Approach 

The number of studies showing a robust association between MDD and CHD, 

after adjustment for confounders, outnumbers the number reporting no association 

(Carney & Freedland, 2003; Frasure-Smith & Lesperance, 2006; Lauzon et al., 2003; 

Lichtman et al., 2008; Mayou et al., 2000; Nicholson et al., 2006) and it is generally 

accepted that MDD is a risk factor for new cardiovascular disease as well as a 

negative prognostic factor for those with existing cardiovascular disease. It has also 

been suggested that major depression be considered as an independent etiological risk 

factor in the development of CHD for the purpose of global burden of disease 

estimates (Charlson et al., 2011). The recognition of the predictive value of the 

relationship between the two diseases, particularly in terms of predicting cardiac risk, 

has prompted quantitative study of this relationship. Differences in effect size 

produced by methodological heterogeneity and confounders is significant and the 

need for a standardisation of research protocols in future studies in this field is 

increasingly being called for (Charlson et al., 2011; Frasure-Smith & Lesperance, 

2006; Goldston & Baillie, 2008).  It has even been suggested that confounders and 

methodological heterogeneity may in part be responsible for the perceived slow 

acceptance of MDD as a major risk factor for CHD by key medical and research 

bodies (Frasure-Smith & Lesperance, 2006).  
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The recent conceptualization of causal pathways underlying both diseases as 

an interlinked network, has prompted the need for more precise quantification of each 

causal mechanism (Stapelberg et al., 2012). This in turn raises the question about 

whether more standardisation is required in a field of study where the causal 

relationship between MDD and CHD is generally accepted. This review would 

suggest that this is indeed the case, and a summary of the recommendations made 

above is presented in Table 5.1.  

 The scope for future research in this field is immense and much remains to be 

clarified. It is hoped that if a consensus is reached on standardising study design and 

methodology, a reduction in methodological heterogeneity and elimination of 

confounders can be achieved. This will be particularly fruitful in applying quantitative 

methodology to the elucidation of the network of mechanisms which link MDD and 

CHD. If the causal network between MDD and CHD could be firmly established and 

quantified, it would allow the most significant mechanisms (or nodes in the causal 

network) to be identified. This knowledge could be applied to improve treatment and 

prevention for two of the leading contributors to the global burden of disease. 
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Table 5.1. Recommendations for Future Studies of the Relationship Between 

Major Depressive Disorder and Coronary Heart Disease.  

1) It is recommended that future studies be quantitative, prospective, and 
longitudinal in design. 
 

2) A standardised approach should be adopted towards defining depression, 
utilising recognised criteria such as DSM 4 TR or ICD 10, or emerging 
diagnostic frameworks such as the Diagnostic Criteria for Psychosomatic 
Research. 
 

3) The most appropriate psychometric depression tests for use in people with CHD 
are the BDI, the HAM-D or the full HADS. 
 

4) It is recommended that widely accepted criteria are used for defining cardiac 
diseases, such as the guidelines put forward by The American Heart Association 
or American College of Cardiology. 
 

5) CHD studies should have clear and concrete study outcomes, such as cardiac 
death, all cause mortality, MI recurrence, or quality of life measures.    
 

6) The temporal relationship between depression and cardiac disease, and the 
effects this has on prognostic factors, particularly for CHD, requires further 
clarification in future studies. 
 

7) It is recommended that continuous quantitative data be used in studies on MDD 
and CHD. 
 

8) It is recommended that studies employ multiple and frequent measures of 
patient mental state, correlated over time with measures of cardiac health, and 
that studies follow participant cohorts for the maximum possible time, ideally 
longer than 2 years. 
 

9) It is recommended that variation of results due to statistical adjustment for 
confounders be taken into account. 
 

10) Studies should account for demographic factors such as age, gender or socio-
economic status to avoid confounding. 
 

11)  Cardiovascular risk factors such as smoking, weight, activity, blood pressure 
and cholesterol level should be taken into account to avoid confounding. 
 

12) The long term effects of MDD (even resolved MDD) on the risk of adverse 
cardiac events require further clarification. 
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Chapter 6 : Methodology 

Introduction 

The description of the study methodology is divided into three sections. The 

first section details the overall methodological design and the rationale for particular 

design elements. The second section deals with data collection in the Heart and Mind 

Study. The third section deals with the methodology of data conversion for Holter 

data, the generation of HRV measures and the original software developed by the 

PhD candidate for batch data conversion and extraction. As described in Chapter 1, 

the methodology for data analysis has been split across Chapters 8 through 11, as 

these methodological descriptions form part of papers submitted for publication. The 

methodology for the pilot study is also separately described in Chapter 7.  

Part 1: Study Design 

Gaps in the Literature as Identified in a Review of the Literature 

The issues of significant suspected confounding of studies by antidepressant 

medication and anxiety represented a gap in knowledge. For example, while a meta-

analysis by Kemp et al. (2010) found that MDD reduces HRV despite the effects of 

antidepressant medication, investigators of the Netherlands Study of Depression and 

Anxiety (NESDA) concluded that antidepressant medication is largely responsible for 

the observed reduction in HRV in depressed people (Licht, de Geus, van Dyck, & 

Penninx, 2009, 2010; Licht et al., 2008). What is needed is a study design which 

circumvents the confounding effects of antidepressants by recruiting participants who 
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are on not currently taking antidepressant, or other psychotropic, medication. In 

addition, the confounding effects of beta-adrenergic drugs in particular need to be 

taken into account in participants with CHD. There is also a significant co-occurrence 

of anxiety symptoms and the broad spectrum of depressive symptoms (from euthymia 

to depressed mood). Accordingly, the present study aimed to account for the effects of 

anxiety symptoms and medications on HRV.  

One of the significant gaps in the literature is the lack of studies examining 

HRV changes in euthymic as well as depressed mood. The literature has focused 

primarily on disorders of mood, such as MDD. For this reason the literature on MDD 

was critically reviewed to identify methodological issues, as a proxy for the study of 

mood as a whole with regard to cardiac function. No studies were found which 

correlate changes in the full range of mood (euthymia to depressed mood) with HRV, 

over frequent periods of prospective follow-up. Recommendations for future studies 

from Chapters 4 and 5 were used in the design of the Heart and Mind Study. The 

contributions of all the literature review papers to the study design and methodology 

of the Heart and Mind Study are illustrated in Figure 6.1. Table 6.1 indicates how 

these recommendations were then implemented.    

Finally, it is not known how much artefact from Holter recordings contributes 

to individual HRV measures, or to different types of HRV measures, such as time 

domain, frequency domain, and non-linear HRV measures. It is, therefore, not known 

whether recording artefact acts as a systematic bias for HRV studies on MDD and 

CHD, or whether some HRV measures are sensitive to artefact, while others are not. 

What is needed is a quantitative study where the effect of progressively added artefact 

on various HRV measures is assessed. This study is described in Chapter 8.  
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Figure 6.1 The Contribution of the Literature Review to the Study Design and 

Methodology of the Heart and Mind Study 
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Table 6.1 Implementation of Recommendations on Methodology into  

the Heart and Mind Study 

Recommendation Implementation in the Heart and Mind Study 
It was recommended that future studies be 
quantitative, prospective, and longitudinal 
in design. 

This design was adopted. 

A standardised approach should be 
adopted towards defining depression, 
utilising recognised criteria such as DSM 
4 TR or ICD 10, or emerging diagnostic 
frameworks such as the Diagnostic 
Criteria for Psychosomatic Research. 

DSM 4 TR criteria for clinical diagnosis was used. 

The most appropriate psychometric 
depression tests for use in people with 
CHD are the BDI, the HAM-D or the full 
HADS. 

The Heart and Mind Study used the BDI2 as a self-report 
measure, and the HAM-D as a clinician-rated measure. 

Anxiety is a significant potential 
confounder in HRV studies of CHD and 
MDD and should be screened for. 

The HAM-A was used to rate anxiety in the Heart and 
Mind Study and anxiety disorders were screened for in 
the clinical interview. 

Antidepressant medication can 
significantly confound HRV measures. 

the Heart and Mind Study recruited only depressed 
participants who were not on any antidepressant or other 
psychotropic medication. 

It was recommended that studies employ 
multiple and frequent measures of patient 
mental state, correlated over time with 
measures of cardiac function (Heart Rate 
Variability). 

Participants were followed up every two months for a 
period of six months, with a total of four review 
episodes.  

Studies should follow participant cohorts 
for the maximum possible time, ideally 
longer than two years. 

Due to practical limitations, it was not possible to follow 
up participants for two years, although participants were 
followed up for 6 months. 

It was recommended that continuous 
quantitative data be used in studies. 

The Heart and Mind Study adopted this recommendation 
by using psychometric measures as continuous data and 
not utilising cut-off scores for depression or anxiety. 

It was recommended that widely accepted 
criteria are used for defining cardiac 
diseases, such as the guidelines put 
forward by The American Heart 
Association or American College of 
Cardiology. CHD studies should have 
clear and concrete study outcomes, such 
as cardiac death, all cause mortality, 
myocardial infarct recurrence, or quality 
of life measures. 

The Heart and Mind study used recognised diagnostic 
frameworks for the diagnosis of CHD and used MI or 
cardiac surgical intervention as a time-stamped clinical 
marker for CHD.!
 

Studies should account for demographic 
factors such as age, gender or socio-
economic status to avoid confounding. 

These were taken into account in the analysis of data for 
the Heart and Mind Study 

Cardiovascular risk factors such as 
smoking, weight, activity, blood pressure 
and cholesterol level should be taken into 
account to avoid confounding. 

This data was collected. Due to small sample sizes, not 
all possible confounders were incorporated in the 
analysis of the data. However, several potential 
confounders were screened for using methods such as 
bivariate correlation (see Chapter 10). 
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Study Design, Study Cohorts and Power Analysis. 

 The Heart and Mind Study employed a longitudinal study design and was a 

single blinded Prospective Cohort Study, which incorporated two cohorts of 

participants and a Cognitive Behavioural Therapy (CBT) treatment arm. The study 

compared participants who had coronary heart disease and had suffered a myocardial 

infarction, and participants without heart disease. Across these two cohorts, mood was 

assessed using two psychometric measures, the Beck Depression Inventory (self-

rated) and the Hamilton Depression Rating Scale (researcher rated). An overview of 

the study design is shown in Figure 6.2. 
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Figure 6.2 An Overview of Study Design for the Heart and Mind Study 
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Composition of the study cohorts for recruitment and analysis. 

One of the aims of the Heart and Mind Study was to examine how HRV 

correlated with psychometric measures of mood in people with and without CHD. 

Mood was to be measured as a continuous variable covering the range from euthymic 

mood to depressed mood. For the purpose of recruitment, however, the study 

recruitment strategies targeted people who were either healthy, or who had one or 

both of MDD and CHD. This yielded four groups as shown in Table 6.2 below. 

 

Table 6.2 Participant Cohorts in the Heart and Mind Study 

 

 

The power analysis was also initially conducted to take into account the four 

groups. However, since measures of mood (such as BDI2 score) would be treated as 

discrete variables in the data analysis, at the analysis stage there would only be two 
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groups (CHD and Non-CHD), with mood measures varying (for both CHD and Non-

CHD groups) continuously between a zero score on psychometric testing and a score 

which was consistent with moderate or severe depressive illness.  

Power analysis. 

Given the requirements around recruitment, the initial power analysis was 

conducted on the basis of four cohorts, recommending 30 participants in each cohort 

for a total of 120 participants. This power analysis was completed during the early 

planning stage of the study, when both recruitment and analysis were considered for 

four cohorts, i.e. using mood as a categorical variable. The power analysis showed 

that including 30 people per cohort would provide statistically robust results for the 

study. The assumptions for the power analysis were as follows: The d value for the 

magnitude of effect that depression has on HRV is 0.332 (Rottenberg, 2007). Also, 

the effect size of anxiety on HRV is d = 0.69, which is much higher than the effect 

size of depression, (Thayer & Sternberg, 2006). The study utilised categorical 

analysis for groups and correlation analysis for linking the HRV and depression 

scores. The study co-varied for anxiety. Using regression analysis, there is 87% power 

to detect a significant correlation of 0.2 or greater between up to 3 regressors with a 

total sample size of 60 participants (i.e 15 in each cohort) (Faul, Erdfelder, Buchner, 

& Lang, 2009; Faul, Erdfelder, Lang, & Buchner, 2007). With a total of 100 

participants, power rises to 98%. This calculation, however, assumes reasonable 

matching between cohorts in terms of gender, age and smokers/non-smokers. It was 

assumed that there would be some participants who would drop out of the study. Thus 

by recruiting 120 subjects, it allowed for attrition of 20 participants (almost 17%), 

without any concerns over loss in power.  
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Given that mood was subsequently analysed as a continuous variable, and 

CHD and non-CHD cohorts were examined separately, the power analysis was 

repeated for both CHD and non-CHD participants. Estimation of sample size was 

based on Pearson’s r of the bivariate correlation between psychometric measures and 

HRV measures, with both as continuous measures. Bivariate correlations were 

calculated separately from the first review CHD (N = 48) and non-CHD (N = 39) 

cohort data. Sample size estimation was then calculated using estimation from 

correlation coefficients (Suresh & Chandrashekara, 2012) and yielded an estimate of 

29 people for the CHD cohort and 32 participants for the non-CHD cohort.  

 

Justification of the inclusion of participants with coronary heart disease. 

As reviewed in Chapter 1 and 2, MDD and CHD have both been shown to 

cause a decrease in HRV, but by different mechanisms. CHD is thought to lower 

HRV due to the disruption of the autonomic control mechanisms of the heart, causing 

the SA node to become more prominent in pacing cardiac rhythm, resulting in a more 

regular heart rate overall and thus a reduction in HRV. In contrast, MDD causes 

changes in HRV via different actions on the autonomic cardiac control mechanisms. 

Vagal dysfunction is hypothesised to be a key mechanism in depression, as described 

in the polyvagal theory and the theory of neurovisceral integration. Dysfunction of the 

vagal system arising in the nucleus ambiguus (nA) is linked with both symptoms of 

depression, but also dysregulation of cardiac rhythm, resulting in lowered HRV. 

In people who suffer from both CHD and MDD, and even in people who only 

have one of these conditions, there is likely to be a complex network of mechanisms 

at play, which has been described in Chapter 3 as the PINE pathome. It has been 

hypothesised that in people with MDD, who have not been diagnosed with CHD, the 



 352 

same causal network of mechanisms are at play, resulting in the higher risk for 

metabolic syndrome, diabetes, coagulopathy, atherosclerotic disease and finally CHD. 

Therefore, in people entering the Heart and Mind Study with MDD but no CHD, one 

would have expected to see lowered HRV. The literature suggests (e.g. Kemp et al., 

2010) that the drop in HRV is proportional to the severity of depression. However, 

given the complex nature of mechanisms at work, the precise changes in HRV over 

time, as compared to a participant’s mood state, remained to be elucidated. In study 

participants who have both CHD and MDD, it was again expected that a complex 

picture might emerge, possibly of lowered HRV, due to cardiac injury superimposed 

upon HRV changes wrought by vagal dysfunction, as well as other mechanisms. One 

of the hypotheses stated in Chapter 1 is that there would be a cumulative effect from 

both diseases acting on cardiac control mechanisms. It was reasoned that comparing 

changes in mood and HRV measures across healthy participants and people with 

CHD would yield more information on changes in cardiac control with mood than a 

study of either group alone.   

 

Inclusion criteria, exclusion criteria and their justification. 

For the purpose of recruitment, depressed participants were defined as meeting 

DSM4TR criteria for Major Depressive Disorder (American Psychiatric Association, 

2000). Participants with coronary heart disease had to meet criteria as set out by 

regulatory bodies such as the National Heart Foundation Australia guidelines (e.g. 

Chew et al., 2011). Participants with coronary heart disease were defined as having 

suffered a ST elevation myocardial infarction (STEMI), a non-ST elevation 

myocardial infarction (NSTEMI), or having had significant occlusion of one or more 

coronary arteries requiring a surgical procedure such as stenting, more than 3 months 
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prior to recruitment. An episode of either myocardial infarction (MI), or surgical 

intervention in the event of significant coronary artery disease, was regarded as an 

index event in CHD participants.  

The exclusion criteria were as follows: 

Severe major depressive disorder and other mental illness. 

While people with Mild, Moderate and Severe Major Depressive Episode 

were accepted, participants were excluded if they were assessed to be at risk of self 

harm or harm to others. People were excluded if they met criteria for involuntary 

treatment under the mental health act, which meant they may lack capacity to consent. 

Participants were excluded if they had catatonic features as part of their depressive 

illness, or if they demonstrated psychotic features.  

People with mental illness other than DSM4TR Major Depressive Disorder 

(American Psychiatric Association, 2000) on axis 1 were excluded. Individuals with 

depressive episodes as part of Bipolar Disorder were excluded on the grounds that 

Bipolar Disorder is recognised as constituting a different clinical disorder from 

unipolar major depression (American Psychiatric Association, 2000). Likewise, 

accepting people with other co-morbid mental health diagnoses would confound the 

study. In addition, people with other mental health disorders would possibly be taking 

pharmacological treatment, which might have a direct effect on HRV. The one 

exception to these exclusion criteria is Generalised Anxiety Disorder (GAD). As 

discussed in Chapter 1, GAD frequently co-occurs with MDD. GAD was therefore 

screened for in the study and the effect of anxiety symptoms and GAD was separated 

out using statistical methodology. However, the presence of other anxiety disorders, 

such as Obsessive Compulsive Disorder, Post Traumatic Stress Disorder or Panic 

Disorder, which met diagnostic criteria, resulted in the exclusion of the participant.  
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Individuals with a significant psychiatric diagnosis on DSM4TR axis 2, 

including developmental disorders such as autism, or personality disorders, such as 

Borderline Personality Disorder, were also excluded. This was again due to the 

potential for such diagnoses to confound the study. For example, Borderline 

Personality Disorder has been associated with HRV changes (Weinberg, Klonsky, & 

Hajcak, 2009). 

 

Capacity. 

It was deemed that all participants must have capacity to consent to the study 

due to ethical considerations. Therefore people with severe symptoms of depression 

that rendered them unable to consent were excluded. In addition, it was considered 

that people might enter the study who, for reasons of age related cognitive decline, 

were not be able to provide consent. This would result in the exclusion of some 

elderly patients with cardiac disease. Similarly, people who were identified as having 

intellectual impairment or who were suffering from acquired brain injury, or organic 

brain syndromes, were excluded. Finally, all participants had to be over the age of 18, 

as including minors in such a study would have introduced ethical issues around 

consent. In addition, there are considerable differences in cardiovascular physiology 

between children and adults (Bell, 2008, p.114).  

 

Chronic Medical Conditions. 

People with chronic medical illnesses, such as asthma, diabetes or epilepsy, 

were excluded from the study. Forms of cardiac disease other than CHD cause 

changes in HRV and would therefore confound the study. Other chronic illnesses can 

cause changes in HRV, such as diabetes (Schroeder et al., 2005) or multiple sclerosis 
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(Neubauer & Gundersen, 1978). It was also considered that the pharmacological 

treatments for these illnesses may either result in cardiac side effects, or direct 

changes to HRV measures, which would again confound the study data.  

 

Pregnancy. 

Pregnant women were excluded because pregnancy introduces significant 

cardiovascular changes such as increased circulating blood volume and changes to 

blood flow dynamics (Ueland & Metcalfe, 1975). All these factors were considered 

likely to change HRV parameters and thus act as a source of bias.  

 

 Substance abuse or dependence. 

Patients who met criteria for substance abuse or substance dependence, as 

defined by DSM4TR (American Psychiatric Association, 2000), were excluded. 

People who were current, regular or heavy users of illicit drugs were also excluded. 

People found to be dependent on, or abusing, licit drugs such as benzodiazepines or 

opiate medications were also excluded.  

 

Blinding. 

Although it would have been ideal if the PhD candidate could be blinded to the 

identities and the group allocation of each patient, this was not possible, as the PhD 

candidate was performing all the clinical psychiatric assessments on participants, 

including psychometric testing and the gathering of a medical history. However, 

single blinding occurred between the workers gathering Holter data and the workers 

gathering clinical data. As such, holter data collection was not performed by the PhD 

candidate, but by cardiac technicians at the local hospital, or by trained practitioners 
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at a private clinic, the Lakeside Rooms. These workers knew the participants’ 

demographic information for booking and identification purposes, but had no access 

to any clinical information about them. 

The medical record and all psychometric tests of each study participant were 

assigned a unique identity code by the research administration staff at Lakeside 

Rooms. The research administrative staff entered all psychometric test data into an 

electronic database and labeled this data with the numeric identity code for each 

participant. The same numeric codes were assigned to all Holter data sets for a 

participant. When data analysis was commenced, the PhD candidate analysed the de-

identified Holter data and then compared it to the de-identified psychometric 

database, blinding the PhD candidate to the identity and group allocation of any 

individual participant.  

 

Ethical Approval 

Approval for the Heart and Mind Study was obtained from the Griffith 

University Human Research Ethics Committee (HREC), the Gold Coast Hospital 

Human Research Ethics Committee (HREC) within Queensland Health, the state run 

public medical service in Queensland, Australia, and the Queensland Health Research 

Governance Committee.  

 

Part 2: Participant Recruitment and Data Collection 

The flow of participants is summarised in Figure 6.3.  
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Figure 6.3 Flow of Participants Through the Heart and Mind Study: 

Recruitment of Participants 

 

Participant recruitment 

Recruitment of participants occurred in one of five ways: 

! Referral via the Gold Coast Cardiac Rehabilitation Service 

! Referral via general practitioners in the Gold Coast region 

! Referral via media interest in the Gold Coast region 

! Recruitment via word of mouth by study participants (snowball sampling) 

Participants with CHD were referred mainly from the Gold Coast Cardiac 

Rehabilitation Service, with some referrals from general practitioners and non-
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government organisations (NGO’s) like Heart Support Australia, Gold Coast Branch. 

Depressed participants without CHD were recruited via general practice, but also 

from the public mental health system and from private psychiatric practice. These 

participants were recruited from these sources, but some people also responded after 

media promotion. Non-CHD, non-depressed participants were recruited either via 

general practice, but also from word of mouth by existing study participants and 

through volunteers.  

 

Initial screening for inclusion and exclusion criteria. 

Prospective participants were contacted via telephone by a research 

administrative officer. The role of the research officer was to answer questions about 

the study or send out information to prospective participants. If the prospective 

participant was willing to proceed, verbal consent was sought for an initial telephone 

consult to ask screening questions pertaining to the inclusion and exclusion criteria.  

All initial screening telephone interviews were conducted by the PhD 

candidate in the early phase of the study. As the number of participants being 

recruited increased, the PhD candidate trained two research administrative officers to 

perform this role. It is to be noted that the two staff members recruited for this role 

were experienced staff at the Lakeside rooms who had extensive experience dealing 

with patients and also handling confidential medical information. Initially, these 

workers used a list of medical and mental health conditions which would meet 

inclusion criteria, but also particularly a list of exclusion criteria for the study.  
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The Consent and Assessment Process 

The initial interview with the PhD candidate lasted 75 minutes. The potential 

participant was again formally offered information about the study and given a chance 

to ask questions or seek clarification. The participant then gave written consent. The 

participant next underwent a full and structured psychiatric interview, followed by 

psychometric testing. The participant was also booked in for a Holter Study within 

five days of their initial interview. After the initial consult, correspondence was sent 

out to the general practitioners of the new participant, as well as to any other relevant 

medical specialists or services (e.g. cardiologist or a Gold Coast Hospital inpatient 

unit) to request collateral medical information.  

All participants were routinely followed up with a repeat Holter study and 

psychiatric as well as psychometric assessment every two months. If at any point 

during the initial assessment, or the follow-up period, participants were identified as 

having any new mental health problems, they were referred for treatment as 

appropriate. If participants were found to be suffering from a major depressive 

disorder or generalised anxiety disorder during the initial psychiatric interview, they 

were referred back to their general practitioner for a mental health plan and referral 

for cognitive behavioural therapy (CBT). If any other mental health problems were 

identified, participants were either referred to their general practitioner or directly to 

mental health services. If any medical problems were identified, the participant was 

referred back to their general practitioner. 

 

Consent. 

Consent for the Heart and Mind Study involved three separate consent steps. 

The first step was to seek verbal consent from a prospective participant as to whether 
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they wished to proceed with the screening telephone interview. The second step was 

consent provided by the prospective participant at the beginning of the initial 

interview with the PhD candidate. The process involved actively questioning the 

prospective participant what they understood about the Heart and Mind Study, 

providing further information as needed, then allowing the prospective participant to 

ask any questions. The participant read the written consent form and signed it. The 

form was co-signed by the PhD candidate. The third step occurred after formal 

consent for participation in the study was obtained in which the participant provided a 

Release of Information Form. The form allowed obtaining collateral medical 

information in the form of medical history, examination findings and investigation 

results from other treating clinicians or services, such as the participant’s general 

practitioner, medical specialists, allied health practitioners or hospital records. All 

consent forms, as well as the covering letter are appended in Appendix K.  

 

Psychiatric assessment. 

The psychiatric and psychometric assessment of participants comprised the 

initial assessment, which lasted 75 minutes, and three follow-up assessments, each of 

which lasted 30 minutes per participant. The initial assessment was divided up into 

four steps (a) obtaining informed consent, (b) performing a comprehensive psychiatric 

assessment and taking a medical history, (c) performing psychometric testing, and (d) 

fitting a Holter monitor for 24 hours. The comprehensive psychiatric assessment and 

medical history were intended as a qualitative assessment to confirm any pre-existing 

diagnosis of depression, to explore co-morbid anxiety disorders and to rule out other 

psychiatric disorders on Axis 1 and Axis 2 as per the DSM4TR multi-axial diagnostic 

system (American Psychiatric Association, 2000). The PhD candidate is a medical 
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doctor who specialised as a psychiatrist, with 12 years of psychiatric experience. The 

candidate was thus highly competent in performing the assessments.  

 

Follow-up assessment. 

The follow-up assessments lasted 30 minutes. Participants were followed up 

three times after their initial assessment at two monthly intervals. Follow-up 

psychiatric assessments again consisted of four steps, namely a brief psychiatric 

follow-up, brief medical follow-up, repeat psychometric testing and repeat 24 hour 

Holter monitoring. The importance of a brief psychiatric follow-up interview was to 

determine if there had been any significant life events, life changes or stressors since 

the last review. These may have been linked to mood changes in participants. Any 

new psychiatric symptoms or significant changes to symptoms were briefly explored. 

A brief Mental Status Examination (MSE) was conducted, with emphasis on any 

changes.  

A brief medical follow-up was conducted to ascertain if there were any new 

medical problems of illnesses. In particular, any cardiac symptoms were screened for. 

Participants with CHD were asked about symptoms such as chest pain since last 

review, shortness of breath and exercise tolerance. Current levels of smoking, alcohol 

use and other substance use was ascertained. The participants were also asked about 

weight (self-report) and current exercise levels. Following this, the psychometric tests 

were repeated (see below). 

 

Holter data collection. 

The gathering of 24h ambulatory heart beat recordings for HRV analysis was 

achieved using ambulatory Holter monitors (Philips Zymed Digtrak XT 24hr 
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Recorder [PH-860322 A01]). Holter monitoring equipment is safe, comfortable to 

wear and not physically invasive. Study participants had four Holter recordings over 

approximately 6 months – one on initial assessment, and three follow-up assessments 

every two months.  

The duration of Holter monitoring was 24 hours, as opposed to a short 

recording period, e.g. 5 minutes (European Task Force, 1996). Longer recording 

periods have been found to give greater accuracy to certain frequency domain 

measures such as VLF and ULF (European Task Force, 1996). The 24 h monitoring 

duration is well validated (European Task Force, 1996). Having larger data sets, based 

on 24h recording periods, have been suggested to be optimal for non-linear analysis 

(Ksela et al., 2009).  

The sampling rate was 1000 Hz. The optimal range for sampling was 

considered to be 250Hz to 500 Hz more than a decade ago (European Task Force, 

1996) by more recently greater computer storage capacity and processing power have 

allowed routine use of higher sampling rates. Furthermore, low sampling rates have 

been associated with jitter in the estimation of the R-wave fiducial point, which can 

alter the measured spectrum, whereas higher sampling rates can eliminate the need to 

use interpolation algorithms to refine the R-wave fiducial point (Bianchi et al., 1993). 

Holter studies were performed using the Philips Zymed Holter monitoring 

system, which comprises the Philips Zymed Digtrak XT 24hr Recorder [PH-860322 

A01] and the supporting computer hardware and software to download and read the 

Holter recordings. Holter bookings were made to coincide as closely as possible with 

the psychometric assessments, but within five days of psychometric assessment. Most  

Holter recordings were obtained within 24 hours of psychometric assessment (see 

Chapter 10). 
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Clinical treatment 

The Heart and Mind Study operated in a clinical setting, received referrals 

from clinical service providers and there was a responsibility not only to adhere to a 

clinical research ethical framework, but also to the ethical (and legal) frameworks 

around duty of care in the medical and psychiatric context. As part of both 

frameworks, there was a duty to ensure adequate and appropriate treatment for any 

participant found to be suffering from a previously undiagnosed medical or mental 

health condition. Therefore, the study design took into account this ethical and 

clinical duty of care to participants.  

Any treatment provided had to fulfill several criteria, both in terms of accepted 

clinical practice and for the research purposes of the Heart and Mind Study. Firstly, 

the treatment had to be appropriate, but also adequate, in a medical context. Secondly, 

the treatment had to be separated from the study. Finally, there was a requirement for 

the treatment to be as standardised as possible for the purposes of the study design.  

A Cognitive Behavioural Therapy (CBT) treatment arm was incorporated into 

the Heart and Mind Study for participants with depression, to meet ethical and clinical 

treatment requirements. CBT has demonstrated efficacy in the literature and is widely 

used and validated throughout the world (Roth & Fonagy, 1996; Whitfield & 

Williams, 2003). CBT has similar efficacy to SSRI’s and is the recommended 

treatment over SSRI’s for mild to moderate depression (P. Ellis, 2004; P. M. Ellis, 

Hickie, & Smith, 2003; National Institute for Health and Clinical Excellence, 2007). 

In addition, the NICE guidelines state that “Antidepressants are not recommended for 

the initial treatment of mild depression, because the risk–benefit ratio is poor” 

(National Institute for Health and Clinical Excellence, 2007, p. 7). CBT is not known 
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to have direct effects on HRV above those may be attributable to changes to mood 

with treatment, making it suitable for the proposed study. 

While it was important to provide treatment options for participants who 

required it, it was also necessary to separate this treatment from the Heart and Mind 

Study. This was done to allow both completely unbiased treatment and to ensure the 

voluntariness of treatment in relation to the study. Participants had to feel able to 

leave the study and know that it would not affect their treatment. Conversely, 

participants had to feel able to leave a treatment (or pursue another treatment) without 

fear of prejudice or consequences with respect to being part of a research study. 

Secondly, the decoupling of clinical treatment from the study also allowed 

participants to legitimately claim treatment expenses from Medicare, which is an 

important ethical consideration in terms of financial access to medical care within the 

Australian healthcare system. However, there was also a requirement for the treatment 

to be as standardised as possible for the purposes of the study design. These issues 

were addressed as follows. 

In partnership with the Lakeside Rooms, a highly structured (and therefore 

reproducible) CBT program was offered which was administered at the Lakeside 

Rooms by one senior psychologist. A modified CBT protocol for patients with 

chronic medical conditions was used.  

If a participant was identified as depressed and requiring CBT, they were 

referred back to their general practitioner. A letter was sent to the general practitioner 

informing that the participant had been diagnosed with MDD. The general 

practitioner was asked to complete a mental health plan for the participant. This 

allows for treatment under the Better Outcomes in Mental Health Program 

(Commonwealth Government, 2009). The general practitioner was informed in 
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writing that as part of the design of the Heart and Mind Study, treatment was being 

offered in the form of standardised CBT for participants who were suffering from 

anxiety or depression. They were informed that this treatment was run separately from 

the study, was available under the Better Outcomes program and that the only 

potential difference from any other psychological treatment is that it was standardised 

to make it completely evidence based and reproducible. The general practitioner was 

asked in the letter to consider referring the participant back to this program, but it was 

made clear that this was completely as per their clinical discretion.  

If participants did not respond to CBT, or if their mental state deteriorated 

(e.g. to the degree where they became suicidal or developed psychotic symptoms) 

more intensive management options were initiated. These included pharmacotherapy, 

hospitalisation, or even electroconvulsive therapy. As previously discussed, these 

participants exited the study. 

 

Part 3: Methodology for Processing Holter Data: Data Format Conversion, the 

Generation of HRV Measures and Software Development 

 

This section describes the methodology of data conversion for Holter data, the 

generation of HRV measures and the original software developed by the PhD 

candidate for batch data conversion and extraction. It is to be noted that throughout 

this thesis, the entire range of steps required to progress from unprocessed Holter 

recordings to HRV measures for that data will be referred to as “Data Processing”. 

The specific step in removing artefact from recorded Holter data will be referred to as 

“Preprocessing”, a term derived from the literature (e.g. Tarvainen, Niskanen, 
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Lipponen, Ranta-Aho, & Karjalainen, 2009). Preprocessing of Holter data is 

described in Chapter 8. An overview of Holter data processing is shown in Figure 6.4. 

 

Figure 6.4 An Overview Of Holter Data Processing 



 367 

Workflow for Holter Data Processing  

 Due to the use of multiple proprietary hardware and software systems to 

gather and analyse RR interval data from Holter recordings, it was necessary to 

convert the RR interval data to different formats for it to be appropriately processed. 

In addition, a workflow was needed to handle large volumes of data. A typical Holter 

file for a participant having an average heart rate of 70 beats per minute would 

contain approximately 100,000 RR intervals. Processing 90 participants who each had 

four Holter studies would mean processing 360 participant Holters for a single run of 

data analysis. Multiple runs were employed to generate the regression model 

described in Chapter 10, as well as the comparative analysis of change in HRV 

measures with mood over time (Chapter 11). In addition, the analysis of noise 

sensitivity for HRV measures (Chapter 8) required another 532 Holter data files to be 

analysed. Figure 6.5 shows how all the computer software programs (both proprietary 

software and programs developed by the PhD candidate) fit into the workflow for 

both data processing and analysis. 
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Figure 6.5 Software Programs Used in Data Processing and Analysis 

 

 



 369 

Philips Zymed Holter Software 

The Philips Zymed Holter system was used in the Heart and Mind Study 

because this was the system used for Holter monitor investigations at the Gold Coast 

Hospital Department of Cardiology. The use of a system already in place, however, 

meant that other systems required for this project, such as HRV analysis software, had 

to be made compatible with the Philips system, and not vice versa. This provided 

some initial challenges in terms of data format conversions.  

 

Data Translation to SDF Format 

 The Kubios HRV software (Tarvainen et al., 2009; Tarvainen, Niskanen, 

Lipponen, Ranta-Aho, & Karjalainen, 2014) was used to calculate the HRV measures 

because it calculated 47 HRV measures and was provided free of charge by the 

developers. However, Kubios HRV did not support any of the file formats used by the 

Philips Zymed system. For this reason, a Matlab module, which allowed the 

conversion of the BEA Holter file output format from the Philips Zymed system to 

the SDF file format which could be imported into Kubios HRV, was used (Dr Mika 

Tarveinen, personal communication).  

Preprocessing of Holter Data  

While Kubios HRV contains an algorithm for preprocessing HRV data 

(removing artefact) based on spline interpolation (Tarvainen & Niskanen, 2008), it 

was found that this was not adequate to remove artefact from HRV data files that!

contained!a!high!amount!of!artefact. In addition, this algorithm did not provide any 

calculation of the percentage of the data that had been changed by the algorithm. A 

literature search was conducted for preprocessing algorithms which were automated 

and could be applied in bulk to Holter data files (see Chapter 8). Software packages 
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that could remove artefact were also reviewed. However, due to lack of details in the 

algorithms used or data compatibility issues with propriety software, original software 

in Matlab was developed using algorithms based on those found in the literature. A 

detailed description of the preprocessing computer program is given in Chapter 8. 

 

Calculation of Heart Rate Variability Measures Using Kubios HRV Software 

The Kubios HRV software can calculate 47 HRV measures, including linear, 

frequency domain, as well as non-linear HRV measures. The steps taken, the settings 

used and the measures calculated by Kubios HRV are shown in Figure 6.6.  
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Figure 6.6 Workflow for the Kubios HRV Software 
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Workflow with Kubios HRV occurred as follows. Text files containing 

preprocessed Holter data was imported into the program. The Kubios HRV program 

has preprocessing options available to reduce noise and artefact in RR interval data 

using spline interpolation. As discussed above, this was not adequate to remove 

artefact and was not utilised. Kubios HRV also has an algorithm used to correct slow 

nonstationarities (also called detrending), which was utilised (Tarvainen et al., 2009; 

Tarvainen, Ranta-aho, & Karjalainen, 2002). The smoothness priors setting 

(Tarvainen et al., 2009; Tarvainen, Ranta-aho, & Karjalainen, 2002) was used to 

detrend all Holter data files. Due to the possible bias introduced to non-linear HRV 

measures by this correction (e.g. Yoo & Yi, 2004), Kubios HRV automatically does 

not use the smooth priors algorithm when calculating non-linear measures (Tarvainen, 

pers comm).  

The following default settings were used in Kubios HRV to calculate 

frequency domain measures. Frequency bands were set at ranges of 0 Hz to 0.04 Hz 

for the very low frequency (VLF) band, 0.04 Hz to 0.15 Hz for the low frequency 

(LF) band and 0.15 Hz to 0.4 Hz for the high frequency (HF) band. The interpolation 

rate for the RR interval series was set at 4 Hz. The window width for fast Fourier 

transform (FFT) calculations was set at 256 seconds with a window overlap of 50%. 

The model order for the auto-regression (AR) spectrum calculations was set at 16. 

The Kubios HRV program calculated all 47 HRV measures for each Holter 

recording and the results exported to a text file. Workflow was improved by using  a 

separate automation software (Do It Again http://www.spacetornado.com) to record, 

and then “play back” keystrokes, mouse movement and mouse clicks  for the Kubios 

HRV software, allowing for batch processing of data files.  
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Additional Matlab Programs and Other Software Used in Data Processing and 

Analysis 

Several other software programs were written by the PhD candidate to 

simplify workflow and process large numbers of data files. A software programs was 

written to extract calculated HRV measures from output text files generated by 

Kubios HRV. Output text files from SPSS were read by another Matlab program 

written by the PhD candidate. This program would read a text output file of a multiple 

linear regression analysis, extract specific values, such as ANOVA results, and 

display them in a reformatted table. The PhD candidate also developed another 

similar extraction program to extract linear regression with curve fitting results from 

SPSS text files. All programs were written to batch process multiple input files. A 

standalone plot generator was also developed which could read RR interval data and 

provide a plot of RR intervals (Y axis) against time (X axis). This allowed RR 

interval plots to be generated to visualize the data, which proved invaluable for 

building the RR interval preprocessing software (for removing artefact from RR 

interval data) and for visualizing RR interval data with added white Gaussian noise, 

described in Chapter 8. In addition, batch processing instructions were written as text 

files and then copied into SPSS in order to perform multiple statistical operations 

sequentially. 

 

Introduction to Data Analysis for the Heart and Mind Study 

Data analysis methodology for the Heart and Mind Study is described 

separately in Chapter 10 and Chapter 11. Descriptions of individual study 

methodologies are included within Chapters 8 through 11 as they form part of 
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manuscripts contained in those chapters, which were submitted for publication. Those 

sections describe the methodology used to preprocess Holter recordings in Chapter 8. 

They also include an analysis of the correlation between depression and anxiety 

psychometric measures (Chapter 9), multiple linear regression analysis of the study 

data (Chapter 10), and comparative analysis of change in HRV measures with mood 

over time (Chapter 11). 
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Chapter 7 

Quantitative Relationships Between Clinical Measures Of Depression And Heart 

Rate Variability As Measured By Linear And Nonlinear Methods: A Pilot Study 

 

A pilot study was conducted before the Heart and Mind Study. The primary aim of 

the pilot study was to demonstrate the feasibility of recruitment, psychological 

assessment, and data gathering. The pilot study was useful in providing an estimate of 

the time it would take to complete a combined medical history, psychiatric interview 

and three psychometric tests. It also clarified the logistics of coordinating medical and 

psychometric assessments with Holter fitting and the data processing approach.  

 

Pilot Study Design and Methodology 

 

The design of the pilot study is shown in Figure 7.1. Ten Griffith University 

psychology students (8 females, 2 males, mean age 19.8 years, SD = 2.5 years) were 

recruited through a printed advertisement displayed at the Griffith University campus. 

The pilot study received ethical approval from the Griffith University Human 

Research Ethics Committee. 
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Figure 7.1. Design and Aims of the Pilot Study 
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Participants underwent a medical systems review to identify any current or 

chronic medical conditions. Participants also underwent a qualitative mental health 

interview to identify any current or past mental health issues. Participants completed 

the Beck depression inventory (self rated). The Hamilton Depression Rating Scale 

and the Hamilton Anxiety Rating Scale as rated by the PhD candidate were also 

completed. A Holter monitor was fitted within 5 days of their interview. The 

participants wore the Holter monitor for 24 hours. The process of data conversion and 

the final formats chosen for input into the Kubios HRV software (Tarvainen, 

Niskanen, Lipponen, Ranta-Aho, & Karjalainen, 2014) are as described in Chapter 6.  

The collected data was later preprocessed to remove artefact (described in 

Chapter 8). The results were imported into SPSS (IBMCorp, 2011). It should again be 

clarified that analysis of the data was not part of the initial pilot study, but performed 

later, once the preprocessing methodology and the data analysis methodology for the 

Heart and Mind Study were well established and could be applied here post hoc.  

 

Results and Discussion 

The pilot study provided confirmation of the feasibility of the data collection 

protocol. It showed that data could be reliably gathered and converted to a format 

which would allow calculation of 47 HRV parameters in the Kubios HRV software. 

Therefore, the four key data elements for the Heart and Mind Study could be gathered 

successfully. These were firstly the psychometric test scores, secondly the qualitative 

mental health assessment, thirdly the HRV measures calculated from Holter data, and 

fourthly the demographic and medical information which was identified as possibly 
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confounding in the literature review (Chapters 2 through 5). Table 7.1 shows the 

participant characteristics and the assessment and Holter fitting dates. 

Table 7.1 Pilot Study Participant Characteristics  

Participant Gender Age 
Clinical 

Impression 

Days from 
Assessment to 
Holter Fitting 

1 Female 20 Depressed Mood 1 
2 Female 18 Euthymic 4 
3 Female 21 Euthymic 5 
4 Female 25 Depressed Mood 3 
5 Female 23 Euthymic 4 
6 Male 18 Depressed Mood 2 
7 Male 19 Euthymic 2 
8 Female 18 Euthymic 1 
9 Female 17 Euthymic 2 
10 Female 19 Euthymic 3 

M = 19.8 years 
(SD = 2.5 

years) 

M = 2.7 days 
(SD = 1.3 

days) 

The mean duration from interview to Holter fitting was 2.7 days (standard deviation 

1.3 days). Table 7.2 shows the psychometric scores for pilot study participants, 

(normalised by adding 1 and taking the natural logarithm). 
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Table  7.2  Psychometric Scores For Pilot Study Participants 

Participant BDI HDRS HARS ln (BDI) ln (HDRS) ln (HARS) 
1 1 4 1 0.69 1.61 0.69 
2 5 7 7 1.79 2.08 2.08 
3 10 7 14 2.40 2.08 2.71 
4 11 13 11 2.48 2.64 2.48 
5 31 19 17 3.47 3.00 2.89 
6 18 9 7 2.94 2.30 2.08 
7 3 3 3 1.39 1.39 1.39 
8 3 2 5 1.39 1.10 1.79 
9 1 1 4 0.69 0.69 1.61 
10 16 11 10 2.83 2.48 2.40 

 

 

The average time from psychometric assessment to Holter fitting was 2.7 days for the 

pilot study. This variable was largely out of the control of the PhD candidate due to 

the medical services involved. However, funding was applied for to purchase the 

Philips software licence and Holter data cradle required to perform Holter monitoring 

at the same site where psychometric testing was conducted. The grant was successful 

and subsequently psychometric assessment and fitting occurred within 24 hours of 

each other.  

The pilot study cohort is different from the cohorts recruited for the Heart and 

Mind Study. They are younger (mean age 19.8 years compared to 58.7 years), 

physically healthy, and females were over-represented, and age was relatively 

uniform. The 47 HRV measures calculated from the pilot data are not presented here, 

and given a sample size of only 10 participants, this data was not further analysed. 

However, the pilot study was valuable in providing a demonstration that Holter data 
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could be collected and converted to a different format, preprocessed, and analysed (as 

described in Chapter 6).  
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Chapter 8 

A Preprocessing Tool For Removing Artefact From Cardiac RR Interval 

Recordings Using Three Dimensional Spatial Distribution Mapping  

Preamble 

In the experimental approach to the Heart and Mind Study, several sources of 

bias and confounding were considered. A significant source of potential bias in RR 

interval data is artefact. Artefact can cause increased error variance, and can reduce 

the sensitivity of measures derived from the data, such as HRV measures. This 

chapter provides background on artefact in RR interval data and explains how artefact 

arises, particularly in 24 hour ambulatory Holter recordings. In order to remove 

artefact from the RR interval recordings obtained for the Heart and Mind Study, a 

preprocessing computer program was developed. The preprocessing computer 

program is described in this chapter. The program incorporated spatial distribution 

mapping of RR interval magnitude and relationships to adjacent values in three 

dimensions to detect artefact. 

In the methodological investigation described below, the preprocessing tool 

was validated using technician-assessed human Holter recordings from the Heart and 

Mind Study, as well as artificial RR interval data. The effect of this tool on 10 HRV 

measures was also established, to assess whether HRV measures calculated for the 

Heart and Mind Study would be affected by the preprocessing of RR interval data. 

The results of this methodological investigation significantly informed the testing of 

the primary research hypotheses of the Heart and Mind Study and are presented in the 

paper below, which was submitted for publication in a peer reviewed journal. The 

novel methodology used to preprocess Holter data for the Heart and Mind Study 

represents an innovative contribution to the literature.  



388 

The work presented here gave rise to a further investigation into the 

robustness of various HRV measures to increasing increments of added artefact. In 

the interests of brevity, the key findings from this further work are presented in an 

addendum to this chapter. Also included are recommendations for selecting HRV 

measures which are robust to artefact. In combination, the preprocessing tool 

development and empirical investigation on robustness to artefact informed the 

selection of HRV measures for analysis as described in Chapter 10 and 11. 
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Abstract 

Artefact is common in cardiac RR interval data that is recorded for heart rate 

variability (HRV) analysis. A novel algorithm for artefact detection and interpolation 

in RR interval data is described. It is based on spatial distribution mapping of RR 

interval magnitude and relationships to adjacent values in three dimensions. The 

characteristics of normal physiological RR intervals and artefact intervals were 

established using 24 hr recordings from 20 technician-assessed human cardiac 

recordings. The algorithm was incorporated into a preprocessing tool and validated 

using 30 artificial RR (ARR) interval data files, to which known quantities of artefact 

(0.5%, 1%, 2%, 3%, 5%, 7% and 10%) were added. The impact of preprocessing 

ARR files with 1% added artefact was also assessed using ten time domain and 

frequency domain HRV metrics. The preprocessing tool was also used to preprocess 

69 24 hr human cardiac recordings. The tool was able to remove artefact from 

technician-assessed human cardiac recordings (sensitivity 0.84, SD = 0.09, specificity 

of 1.00, SD 0.01) and artificial data files. The removal of artefact had a low impact on 

time domain and frequency domain HRV metrics (ranging from 0% to 2.5% change 

in values). This novel preprocessing tool can be used with human 24 hr cardiac 

recordings to remove artefact while minimally affecting physiological data and 

therefore having a low impact on HRV measures of that data. 
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Introduction 

Heart rate is not constant. It is controlled by various mechanisms, which act in 

a complex network of feedback loops, resulting in a continuous variation of heart rate 

(Carney et al., 1995; Goldberger & West, 1987). This variation, known as heart rate 

variability (HRV), can be analyzed using different linear and non-linear mathematical 

techniques. Regardless of the mathematical approach used, they all base their analysis 

on the interval between identical points in the cardiac cycle, most commonly the 

distance between R-wave peaks (RR interval) from electrocardiogram (ECG) 

recordings.  

The acquisition of RR interval data is based on recording bioelectric signals 

produced by the beating heart via instruments such as a Holter monitor. Despite 

various practices to minimize artefact in these recordings, signal degradation due to 

artefact remains widespread (Berntson, Quigley, Jang, & Boysen, 1990; Citi, Brown, 

& Barbieri, 2012). Artefact can be divided into ECG signal artefact, which comprises 

errors introduced into an RR interval recording by mechanical means, or HRV 

analysis artefact, which comprises physiological phenomena which directly affect 

HRV measures, such as ectopic beats (Lippman, Stein, & Lerman, 1994; Wen & He, 

2011) or slow linear or complex non-stationaries (Berntson et al., 1997).  

ECG artefact has several possible causes, including power line interference, 

changes in conductivity between the skin and the electrode caused by perspiration or 

by loose contact, or baseline drift with respiration (Friesen et al., 1990; Manis, 

Alexandridi, Nikolopoulos, & Davos, 2005). One of the most common causes of ECG 

artefact is motion artefact due to physical movement and muscle contraction 

associated with normal movement of the wearer (Friesen et al., 1990). Muscle 

contraction can produce a short (10ms) artefact and motion artefact can last 100ms to 
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500ms (Friesen et al., 1990). This results in an artefact RR interval (artefact peak to 

next R wave peak) which is usually shorter than physiological RR intervals. In 

addition, the RR-1 interval (the RR interval before the artefact peak) is shortened. 

ECG artifact can also result in the non-recognition of several adjacent cardiac 

intervals. Such artefact is of large magnitude, the magnitude being a multiple of 

adjacent physiological RR intervals. 

HRV analysis artefact can be caused by physiological processes which differ 

from normal sinus cardiac rhythm. One example is ventricular ectopic beats (VEBs), 

a common form of non-sinus rhythm RR interval (Lippman et al., 1994; Wen & He, 

2011). VEBs are present in 40% to 75% of 24 hr Holter recordings taken from healthy 

people (Ng, 2006). These sources of error can either result in ‘missing beats’, which 

generally give rise to falsely prolonged RR intervals, or RR intervals that are shorter 

than those associated with normal sinus rhythm (Lippman et al., 1994). All of these 

sources of error are referred to as ‘noise’, or ‘artefact’. For clarity, we refer to sources 

of error throughout this paper, including HRV analysis artefact, as ‘artefact’ and we 

refer to all normal beats as ‘physiological beats’. 

An effective way of eliminating artefact is important if HRV measures derived 

from RR interval data are to be valid. Definitive methodological papers such as the 

Task Force of the European Society of Cardiology (ESC) and North American 

Society of Pacing Electrophysiology (NASPE) (1996) suggest visual inspection of RR 

interval recordings to remove artefact. While human assessment remains the ‘gold 

standard’, it has also been recognized as being prone to error and dependent on the 

level of skill of the assessor (Berntson et al., 1990). Furthermore, for research or 

clinical applications involving large numbers of participants or patients, human 

inspection and manual correction of HRV recordings is labor intensive, costly, and 
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time consuming (Malik, Farrell, Cripps, & Camm, 1989). With large volumes of data, 

such as in large epidemiological studies, this approach has been deemed untenable 

(Acar, Savelieva, Hemingway, & Malik, 2000). 

The challenges of human assessment have increasingly led to different 

automated methods for preprocessing data to eliminate artefact. These include 

algorithms for correcting ectopic beats (Barbieri & Brown, 2006; Brennan, 

Palaniswami, & Kamen, 2001; Clifford, McSharry, & Tarassenko, 2002; Kamath & 

Fallen, 1995; Lippman et al., 1994; Mateo & Laguna, 2003; Wen & He, 2011), 

missing beats (Chatlapalli et al., 2004; Kamath & Fallen, 1995), and noise (e.g. Malik 

et al., 1989; Sapoznikov, Luria, Mahler, & Gotsman, 1992; Schreiber, 1993; Widjaja 

et al., 2010). This paper describes a novel algorithm for the detection and 

interpolation of RR interval data, which is based on spatial distribution mapping of 

RR interval magnitude and relationships to adjacent values in three dimensions. The 

algorithm was applied to develop a preprocessing tool to screen Holter recordings 

from a longitudinal prospective cohort study (the Heart and Mind Study). Important 

considerations were that the algorithm was justified by the literature, could be applied 

to participants with diverse characteristics, could be automated to process large 

numbers of data files, and minimally affected HRV measures. It was decided to 

develop an algorithm de novo to meet these requirements. 

 

Method 

A preprocessing tool that incorporated algorithms for artefact detection and 

correction was developed following a review of the literature. The relationships 

between artefact and normal RR intervals were examined using 20 human 24 hr 

cardiac recordings, which had been assessed and annotated by a cardiac technician to 



 395 

identify normal physiological cardiac beats from artefact. This dataset comprised 

2,008,910 RR intervals. These cardiac recordings were used as a ‘gold standard’ to 

calibrate the preprocessing tool. ROC curves were used to optimize preprocessing 

parameters. The tool was validated using artificial RR interval data, to which known 

quantities of artefact were added. Ten HRV metrics were used as outcome measures. 

In addition, the preprocessing tool was used to preprocess 69 Holter recordings from 

Heart and Mind Study participants. The aim was to demonstrate similar rates of 

artefact interpolation in the un-annotated physiological data as with the technician-

assessed data. 

 

Characterization of the Relationship Between Normal RR Intervals and Artefact 

in Technician Assessed Cardiac Recordings 

Twenty 24 hr human cardiac recordings from the Heart and Mind Study were 

manually assessed by a cardiac technician with 10 years clinical experience, using  

the Philips Zymed™ (Amsterdam, The Netherlands) system. The technician scanned 

the entire recording visually and manually annotated cardiac beats. Performing this 

work within the Philips system then allowed the annotated files to be exported in a 

file format which could be imported into the preprocessing tool. The 20 recordings 

were selected at random from a pool of 89 participants. Of the recordings, 10 were 

from male and 10 were from female participants. Ages ranged from 34 years to 76 

years (M = 57.6 years, SD = 10.4). Ten of the participants had coronary heart disease 

(CHD) and 10 were medically healthy. Six participants suffered from major 

depression. The magnitude of RR intervals and the change in magnitude between 

adjacent RR intervals was used to determine how artefact intervals differed from 

physiological RR intervals. Three-dimensional spatial distribution maps were 
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generated from these parameters and allowed the relationships between artefact and 

normal RR intervals to be visualized as distinct patterns of distribution. 

 

A Preprocessing Tool for RR Interval Data 

A preprocessing tool was written in MATLAB (The MathWorks, 2012) to 

identify and interpolate different types of artefact. The tool was calibrated using the 

20 ‘gold standard’ technician-assessed cardiac recordings. Three separate cycles of 

artefact identification and interpolation were used. The first cycle identified single 

ECG artifact intervals resulting from non-cardiac events in the recording being 

misinterpreted as a QRS complex. This artefact was detected by its distinct crescent-

shaped pattern in the spatial distribution plot of the change between adjacent RR 

intervals as explained in the results. This algorithm was optimized using a ROC 

curve. The second cycle identified and interpolated artefact using threshold filters 

based on the magnitude of RR intervals, set at 350ms and 1715ms respectively. The 

third cycle identified HRV analysis artefact including VEBs and premature atrial 

contractions (PACs) and interpolated these. 

Those RR interval values identified as artefact were replaced by interpolated 

values using two different interpolation algorithms. Both interpolation algorithms are 

based on degree zero interpolation (Peltola, Seppänen, Mäkikallio, & Huikuri, 2004; 

Salo, Huikuri, & Seppanen, 2001). The first algorithm corrected single ECG artifact 

intervals, RR intervals below 350ms and HRV analysis artefact including VEBs. The 

second algorithm corrected RR intervals longer than 1715ms. Degree zero 

interpolation was used to calculate an average RR interval magnitude. This interval 

was repeatedly inserted at the location of the artefact until the combined magnitude of 

the inserted intervals approximately matched the magnitude of the artefact interval. 
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The preprocessing program has a batch processing capability, allowing pre-processing 

of multiple RR interval data files. 

 

Validation of the Preprocessing Tool using Artificial RR Interval Data Sets 

Artificial RR (ARR) interval data sets were used for the validation process. 

The validation itself proceeded in three steps to address specific aims. Firstly, the 

unprocessed ARR files (with no added artefact) were preprocessed to ascertain the 

amount of physiological (non-artefact) data that was inappropriately detected and 

interpolated.  

Secondly, fixed amounts of artefact (0.5%, 1%, 2%, 3%, 5%, 7% and 10%) 

were added to each of the 30 ARR data sets. The artefact-added files were subjected 

to preprocessing to detect and interpolate the artefact. The mean amount of artefact 

removed by interpolation was calculated for each group of 30 ARR files. This step 

also assessed whether the amount of artefact removed remained constant as the 

percentage of added artefact increased.  

Thirdly, the unprocessed and preprocessed ARR files were used to calculate 

10 HRV measures. Calculations were done for 1% of added artefact. Changes in HRV 

values from the original artefact free files to the preprocessed artefact added files 

were calculated for the 10 HRV measures. The aim of this step was to assess the 

impact of the preprocessing tool on HRV measures, since interpolation of artefact 

cannot restore the original physiological RR interval data, it can only approximate it. 

Ideally, interpolation should have a minimal impact on the data being preprocessed 

and this should translate into a minimal impact on the calculated HRV measures.  

 

 



 398 

Artificial RR Interval Data Files 

Artificial RR interval data files were created using open source code written in 

MATLAB by Clifford and colleagues (Clifford, Azuaje, & McSharry, 2006; 

McSharry, Clifford, Tarassenko, & Smith, 2002). The original code used is contained 

in the files tachogram.m and runtach.m 

(http://www.robots.ox.ac.uk/~gari/CODE/RRGEN/cinc2005/). The code generates an 

artificial 24 hr RR interval plot, with HRV fluctuations that correspond to 

physiologically observed variability and also simulates diurnal RR interval changes 

over 24 hrs (Clifford et al., 2006). Other investigators have used these algorithms to 

generate artificial RR interval plots, which were found to have very similar long range 

HRV correlations of RR intervals to those found in the RR interval plots of humans, 

providing verification of the algorithm (Aziz, Abbas, & Arif, 2005). The software was 

used to generate 30 ARR data files. The algorithm employs a random number 

generator to produce RR interval files which are individually unique, even though 

their RR intervals remain within physiological parameters, analogous to what would 

be observed in the Holter recordings of different human research participants.  

 

The Addition of Predetermined Amounts of Artefact to RR interval Data 

Sets 

A software program written in MATLAB was used to add artefact to each of 

the 30 ARR files in a batch process. The program counted the total number of RR 

intervals (RRTotal) in the preprocessed Holter file and the number of RR intervals (NRR) 

to which a percentage of artefact (%A) would be added was calculated as follows:   

!!! =
%!

100×!!!"#$%
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Artefact levels detected in human RR interval data differ depending on 

whether participants are ambulant or at rest under controlled conditions (Rand et al., 

2007). Studies have reported artefact levels as low as 0.002% (Berntson et al., 1990) 

and as high as 10% (Rand et al., 2007) for ambulant participants. Data sets with more 

than 10% artefact could be considered significantly compromised. Specific amounts 

of artefact were added to the ARR files within the range of 0% to 10% (0.5%, 1%, 

2%, 3%, 5%, 7% or 10%) to reflect artefact levels in usable real-world data sets. 

Artefact was simulated based on the artefact data contained in the technician-assessed 

human cardiac recordings, using the same distribution of magnitude, as well as the 

spatial distribution characteristics of artefact to adjacent RR intervals. For example, 

the addition of short-duration artefact involved creating two short adjacent RR 

intervals, RR and RR-1, which added up in magnitude to a physiological RR interval. 

 

Heart Rate Variability Measures 

Ten HRV metrics were used as outcome measures (Acharya, Joseph, 

Kannathal, Lim, & Suri, 2006; NASPE, 1996; Tarvainen & Niskanen, 2008; Voss, 

Schulz, Schroeder, Baumert, & Caminal, 2009). Time domain measures are derived 

from statistical calculations on RR intervals (Kleiger, Stein, Bosner, & Rottman, 

1992). They include the SD of normal RR intervals (SDNN) and the SD of the 

average RR intervals (SDANN), which were used in this study. SDANN is calculated 

over short periods (5 mins), whereas SDNN represents total variability over 24 hrs. 

The root mean square of successive RR interval differences (RMSSD), also used here, 

represents the square root of the mean of the squares of the successive differences 

between adjacent RR intervals. One geometric HRV measure, RR triangular index, 



 400 

was also used. RR triangular index is calculated by obtaining the integral of the 

histogram for all RR intervals, divided by divided by the height of the histogram.  

Frequency domain measures are based on the spectral analysis of RR interval 

sequences. The measures determine how power (i.e., variance in the RR intervals) is 

distributed as a function of frequency (van Zyl, Hasegawa, & Nagata, 2008) and are 

calculated by using either fast Fourier transform (FFT) methods or autoregressive 

modeling (AR) (Marple Jr, 1987). Holter recordings generally yield three frequency 

distribution peaks of interest. These are in the very low frequency range (VLF) of 

0.003 to 0.04 Hz, low frequency range (LF) of 0.04 to 0.15 Hz, and high frequency 

range (HF) of 0.15 to 0.4 Hz. Both FFT and AR calculations yield absolute powers, 

expressed in units of ms2 (Tarvainen & Niskanen, 2008). FFT and AR calculations of 

absolute powers for HF, LF, and VLF were used.  

Kubios HRV software (Tarvainen, Niskanen, Lipponen, Ranta-Aho, & 

Karjalainen, 2014) was used to calculate the 10 HRV measures for each ARR file. 

The difference was calculated between HRV measures taken from the unprocessed 

ARR files and from ARR files where 1% artefact had been added and then 

preprocessed. This range of artefact was used as it was comparable to the mean 

amount of artefact present in the 20 technician-assessed cardiac recordings of 0.72% 

(SD 1.04%, min 0.01, max 4.46). 

 

The Preprocessing of Un-Annotated Human Cardiac Recordings 

The preprocessing tool was used to preprocess ambulatory 24 hr Holter 

recordings from the remaining 69 participants in the Heart and Mind Study whose 

recordings had not been assessed by the cardiac technician. The aim was to 

demonstrate similar rates of artefact interpolation in the un-annotated physiological 
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data as with the technician-assessed data. Holter recordings were collected from 40 

males and 29 females. The age of participants ranged from 38 to 80 years, with a 

mean age of 59 years (SD = 10.6). The Holter recordings represented a heterogeneous 

group of participants, comprising 38 people with and 31 people without CHD. In 

addition, 25 people met criteria for major depression while 44 were not depressed.  

Results 

Characterization of the Relationship Between Normal RR Intervals and Artefact 

in Technician-Assessed Cardiac Recordings 

A useful physiological parameter to distinguish physiological RR intervals 

from artefact is based on the concept that cardiac control mechanisms are limited in 

the rate of change to heart rate which can occur between heart beats, frequently 

operationalized in the literature as percentage change between beats (Aubert et al., 

1999; Clifford et al., 2002; Malik & Camm, 1995). Using percentage change rather 

than absolute difference between RR intervals may be more sensitive to differences 

between individuals (e.g., when comparing a person with a lower mean heart rate with 

a person with a higher mean heart rate) as well as from time to time in the same 

individual. The magnitude of RR intervals, as well as the change in magnitude 

between adjacent RR intervals, was used here to determine how artefact intervals 

differed from physiological RR intervals.  

A three-dimensional (3-D) spatial distribution map allowed different patterns 

of distribution for artefact and physiological RR intervals to be identified. In this plot, 

the horizontal axis represents the change in RR interval magnitude from the preceding 

RR interval to the current RR interval.  

Delta1 = (RR – RR-1 ) / RR-1  
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The depth axis represents the change in RR interval magnitude from the 

current RR interval to the next RR interval.  

Delta2 = (RR+1 – RR ) / RR   

The vertical axis is the unaltered magnitude of the current RR interval. We 

have adopted the convention of plotting these changes as percentages (Aubert et al., 

1999; Clifford et al., 2002; Malik & Camm, 1995), by multiplying Delta1 and Delta2 

by 100. Figure 8.1 shows three 3-D distribution maps for the 20 technician-assessed 

cardiac recordings. Figure 8.1A shows physiological RR intervals only (i.e. intervals 

remaining after screening for artefact). Figure 8.1B shows only RR intervals 

identified as artefact. Figure 8.1C shows the physiological RR intervals adjacent to 

artefact intervals, with RR-1 adjacent to an artefact interval in magenta and RR+1 in 

cyan. Figure 8.1D shows VEBs.  

 

 

 

 

 

 

 

 

 

 

 

 

 





 404 

Figure 8.2 shows three 3-D histograms. Figure 8.2A and Figure 8.2B represent 

physiological RR intervals only. In Figure 8.2A, the horizontal axis represents Delta1, 

the depth axis represents Delta2 and the vertical axis represents the frequency of RR 

intervals. In Figure 8.2B, Delta1 is plotted against RR magnitude, and the vertical axis 

again represents the frequency of RR intervals. Figure 8.2C shows all the artefact 

intervals in a histogram of Delta1 (horizontal axis) Delta2 (depth axis) and frequency 

of artefact intervals (horizontal axis). Figure 8.2A and 8.2B relate to Figure 8.1A, 

while Figure 8.2C relates to Figure 8.1B. The spatial distribution maps appear to 

show a complex distribution of physiological RR intervals. However, the histograms 

of physiological RR intervals indicate that the majority of physiological beats form a 

prolate spheroid shape. A much smaller number of RR intervals are distributed around 

this spheroid shape. Most of these are the cyan and magenta RR intervals shown in 

Figure 8.1C. These RR intervals fall outside the spheroid shape because of the abrupt 

change in magnitude from normal to artefact RR intervals. Removal of artefact results 

in these RR intervals again falling within the prolate spheroid shape.  
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A significant proportion of artefact forms a crescent-shaped curve, which 

allows it to be differentiated from normal beats (Figures 8.1B and 8.2C). The 

crescent-shaped curve arises from short duration ECG artefact. These artifact events 

are situated between two physiological beats. This results in an artefact RR interval 

which is shorter than a physiological RR interval. Because it is inserted between two 

physiological beats, the RR-1 interval is also shortened. If it is assumed that the 

adjacent physiological beats are equal in magnitude, then the formula for the artefact 

curve can be calculated. Let the RR-1 interval and the current artefact interval, RR, be 

equal to the RR+1 interval: 

 

RR+1 = RR-1 + RR 

In a plot of Delta1 versus Delta 2: 

x = Delta1 = (RR – RR-1 ) / RR-1 

y = Delta2 = (RR+1 – RR ) / RR  

Substituting for RR+1: 

y = (RR-1 + RR – RR) / RR 

y = RR-1 / RR 

RR = RR-1 / y 

 

Substituting for RR in the formula: 

x = (RR – RR-1 ) / RR-1 

x = (RR-1 / y  -  RR-1 ) / RR-1 

Solving for y yields: 

y = 1/x – 1 
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This formula provides a fitted hyperbolic curve for the observed ‘artifact 

crescent’. This curve has been superimposed onto a plot of Delta1 and Delta2 for the 

20 technician-assessed cardiac recordings in Figure 8.3. Note that in Figure 8.3, the 

hyperbolic curve formula has been modified to reflect percentage change between RR 

intervals. In a cardiac recording, adjacent physiological beats are not equal in 

magnitude, but the vast majority differ by up to 15% (Clifford et al., 2002). Using the 

formula above, and introducing a range of variation in both Delta1 and Delta2 of 

between 0% and 15% results in a range of curves. This range is shown in Figure 8.3 

and encapsulates a significant proportion of artefact intervals. 

Artefact can also be differentiated based on its magnitude in absolute time. RR 

intervals shorter than 350 ms are less than the normal refractory period of cardiac 

tissue and thus likely to be artefact, or represent an increase in heart rate which is not 

compatible with normal sinus rhythm (dos Santos, Barroso, Macau, & de Godoy, 

2013). Histograms of RR magnitude are shown in Figure 8.4. Figure 8.4A represents 

overlapping histograms of physiological RR magnitudes (blue) and artefact RR 

magnitudes (red). Figure 8.4B shows a histogram created from 9115 RR intervals (the 

total number of artefact intervals in the technician-assessed cardiac recordings) using 

a skewed and kurtosed normal distribution. The distribution was made using the 

pearsrand function in MATLAB with the parameters (µ = 350, σ = 200, skew = 0.7, 

kurtosis = 4.85). This distribution was used to introduce artefact into artificial RR 

interval files. Figure 8.4A shows that the vast majority of physiological RR intervals 

fall in a range of approximately 400 ms to 1600 ms. Artefact intervals occur most 

frequently below this range, although taper off in a positively skewed distribution, 

with a small number of RR intervals exceeding 3000ms.  
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Magnitude can thus also be used to differentiate physiological RR intervals 

from artefact for RR intervals lower and higher than the physiological range. It should 

be noted that the mean age of the participants whose cardiac recordings were 

manually assessed was 57.6 years. Younger people can have higher peak heart rates 

during exertion, for example (Fletcher, Froelicher, Hartley, Haskell, & Pollock, 

1990). 

 

Design and Optimization of Parameters for the Preprocessing Tool 

A key feature of the preprocessing software should be that it can recognize 

and correct as much of the added artefact as possible, while interpolating a minimum 

of the non-artefact RR intervals. A tool with a high sensitivity would detect and 

interpolate the highest number of artefact RR intervals, but would also interpolate a 

significant number of physiological RR intervals (false positive interpolations). A tool 

with a high specificity would detect and interpolate less artefact RR intervals but 

would leave the highest number of physiological RR intervals intact. Several studies 

have evaluated the impact of different interpolation methods on subsequent HRV 

analysis (e.g., see review by Peltola, 2012). While different interpolation methods 

may vary in their impact on different HRV measures, they all invariably have some 

impact, and therefore a minimum of physiological RR intervals should be interpolated 

(Peltola, 2012). Therefore, for HRV analysis, high specificity is preferable, even if 

this results in lower sensitivity. 

The preprocessing tool was developed using a spatial distribution mapping 

approach. The tool was optimized using the data from the technician assessed cardiac 

recordings. Optimization towards high specificity was sought. The resulting 
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algorithms were incorporated into a MATLAB (The MathWorks, 2012) program. The 

tool processes a given cardiac recording in three cycles.  

In the first cycle, Delta1 and Delta2 are calculated for all RR intervals. RR 

intervals with values greater than the fitted curve on the plane defined by Delta1 and 

Delta2 are interpolated. Note that the formula  

y = 1/x – 1 

can be expressed as: 

y = 1/x - a 

where a represents the horizontal asymptote. The optimum value of a to detect 

the most artefact while preserving the most physiological RR intervals was 

established using a ROC curve (Figure 8.5A). The value of a = 0.8 (or 80%) was 

used, as this gives the maximum specificity (1.0) but still allows a sensitivity of 0.65. 

Interpolation was performed using degree zero interpolation. Correction of 

artefact RR data was performed by a simple averaging of the previous 10 RR 

intervals, which introduces less high frequency artefact into the data set (Aubert et al., 

1999). This method, also termed degree zero interpolation, has been found to be more 

suitable for RR interval recordings from cardiac patients and equally suitable than 

degree one methods, for recordings from healthy participants, when using time 

domain and frequency domain HRV metrics (Salo et al., 2001). Degree one methods 

comprise interpolation by calculating a line of best fit from previous RR intervals 

(Salo et al., 2001). 
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One method that has been described for degree zero interpolation is to replace 

the artefact RR value by the mean value of the five preceding and the five subsequent 

values (Aubert et al., 1999). However, here the mean of the 10 preceding values 

before RR-1 were used. Both RR-1 and RR were replaced by this mean value. The 

reason for using preceding values is that RR intervals after RR may contain artefact, 

whereas preceding values have already been processed by the algorithm. This method 

is comparable to those used in the literature (e.g. Aubert et al., 1999; Clifford et al., 

2002).   

In the second cycle, threshold filters were used to detect artefact intervals 

having a magnitude outside of physiological range. Threshold filters have been used 

extensively in the literature to differentiate artefact from physiological RR intervals. It 

has been suggested that RR intervals shorter than 350 ms are less than the normal 

refractory period of cardiac tissue and thus likely to be artefact, or represent an 

increase in heart rate which is not compatible with normal sinus rhythm (dos Santos et 

al., 2013). At the other extreme, an RR interval of 2400 ms implies a heart rate of 25 

beats per minute, which is physiologically incompatible with a normal sinus rhythm 

(dos Santos et al., 2013). In combination, such cutoff values act as a physiological 

bandpass filter to eliminate extreme values. Lee and Yu (2010), used cutoffs of 400 

ms and 1200 ms and Dos Santos et al. (2013) used a filter with cutoff values of 350 

ms and 1200 ms to preprocess RR interval data. The preprocessing tool described 

here uses static cutoff values with a lower limit of 350ms and a maximum of 1715ms 

(35 beats per minute).  

RR intervals with a magnitude below 350 ms were interpolated using the first 

interpolation algorithm described above. A second algorithm was used to interpolate 

RR intervals above 1715ms. Artefact resulting in very long RR intervals frequently 
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arises from normal RR intervals not being recognized due to issues with peak 

detection, or from sustained artefact, such as movement artefact, obscuring cardiac 

beats, making their detection difficult (e.g. Peltola, 2012). Replacing such an interval, 

which represents many beats, with one interpolated interval shortens the overall RR 

recording. It has been suggested that large artefact RR intervals be split into identical 

smaller intervals for interpolation to preserve the total length of the recording 

(Saalasti, 2003). RR intervals above 1715 ms were interpolated using a mean value of 

the previous 10 RR intervals before RR-1, which was inserted multiple times to 

approximate the magnitude of the artefact interval. This method preserved the overall 

length of the cardiac recording.  

In the third cycle, HRV analysis artefact was identified using a second 

hyperbolic function with the formula: 

y = -b / x 

The optimum value of b was determined using a ROC curve shown in Figure 8.5B. 

The optimum value was determined to be b = 600. The optimized tool has a mean 

sensitivity across the 20 technician assessed cardiac recordings of 0.84 (SD = 0.09) 

and a specificity of 1.00 (SD 0.01). Of the artefact intervals identified manually, a 

mean of 84.32% were interpolated, SD = 8.6%. Ectopic beats are common in both 

healthy individuals and those with CHD (Brodsky, Wu, Denes, Kanakis, & Rosen, 

1977; Glasser, Clark, & Applebaum, 1979). Of the 1356 VEBs identified across the 

20 cardiac recordings, 85.41% were interpolated, SD = 21.72%. A mean of 0.04%  

(SD = 0.05%) intervals over 1715 ms was interpolated. However, the preprocessing 

algorithm preserved the length of recordings, with a mean change in length of the 

cardiac recordings of 0.01% (SD = 1.58%). The mean percentage of physiological 

intervals interpolated was 0.26% (SD = 0.24%). If the normal intervals interpolated 
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are expressed as a percentage of all artefact interpolated, the mean is 81.84% (SD = 

59.74%). This means that on average less normal intervals were falsely interpolated 

than artefact intervals were correctly interpolated.  

 

Validation of the Preprocessing Tool using Artificial RR Interval Data Sets 

The 30 unaltered ARR files were subjected to preprocessing to ascertain how 

much “true physiological data” was interpolated. There was no interpolation of the 

unaltered ARR data. Next, the artefact added ARR files were preprocessed. The mean 

amount of RR intervals that were interpolated was calculated. The preprocessing tool 

tended to interpolate more RR intervals than were artificially added for each of 0.5% 

(M = 0.55%, SD = 0.02), 1% (M = 1.08%, SD = 0.03), 2% (M = 2.16%, SD = 0.05), 

3% (M = 3.24%, SD = 0.08), 5% (M = 5.42%, SD = 0.13), 7% (M = 7.66%, SD = 

0.18), and 10% (M = 11.09%, SD = 0.27) added artefact. The amount of additional 

RR intervals interpolated rises proportionately with increasing amounts of added 

artefact, such that the amount of additional interpolation is around 9% of the amount 

of artefact added. 

 

The Impact Of Preprocessing On 10 HRV Measures. 

The HRV values obtained from the preprocessed artificial RR interval data 

sets with artefact added were subtracted from the HRV values obtained from the 

unprocessed artificial RR interval data sets for the 30 ARR files. The absolute values 

were used to calculate a mean percentage change and SD. HRV measures were 

ranked according to the magnitude of the percentage change between unprocessed and 

preprocessed RR interval data sets. Measures of HF (AR) and VLF (AR) performed 

on unprocessed artificial data and again after the removal of added artefact showed 
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0% change. Five HRV measures showed changes of less than 1%. SDANN showed 

0.16% change (SD = 0.15), HF (FFT) showed 0.33% change (SD = 1.24), SDNN 

Index showed 0.43% change (SD = 0.44), VLF (FFT) showed 0.56% change (SD = 

0.37) and RMSSD showed 0.64% change (SD = 1.36). Three HRV measures showed 

changes above 1%, with LF (AR) showing 1.06% change (SD = 1.95), LF (FFT) 

showing 1.32% change (SD = 0.39) and RR Triangular Index showing 2.5% change 

(SD = 1.65). There is no clear differentiation between time domain measures and 

frequency domain measures in terms of their sensitivity to preprocessing. SDNN 

(index), SDANN, RR triangular index and LF and VLF (both FFT and AR) are all 

longer term (or low frequency) measures of HRV. In contrast, RMSSD and HF (both 

FFT and AR) are short term (or high frequency) HRV measures. There is no 

differentiation of short term or long term HRV measures with regards to change 

following preprocessing.  

 

 Human Data 

The 69 participants in the Heart and Mind Study had a mean percentage of 

artefact of 1.86% (SD = 2.76%, range = 0.07% to 15.73%). Interpolation resulted in a 

mean total change in length between the original recordings and the preprocessed 

recordings, of 0.62 % (SD = 1.18). An example of a single human RR interval file, 

before and after preprocessing, is shown in Figure 8.6. This cardiac recording 

contained 1.82% artefact.  
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Discussion 

The preprocessing tool for RR interval data presented here is unique in using 

spatial distribution mapping of RR interval magnitude and relationship to adjacent 

values in three dimensions to detect artefact. This approach is also unique in 

establishing the physiological range of RR intervals used in the spatial distribution 

maps using ‘gold standard’ RR interval data. Most, but not all, physiological RR 

intervals occupy an oblate spheroid shape in this representation, whereas artefact 

occupies hyperbolic curves. The differences can be computationally differentiated by 

the preprocessing tool, but are also evident when viewing the 3-D plots generated by 

the software. Importantly, physiological RR intervals adjacent to artefact RR internals 

do not form part of the spheroid shape, either due to a characteristic of the artefact 

(e.g., VEB’s having a shortened RR interval followed by a prolonged RR interval) or 

because of abrupt transitions between physiological intervals and artefact intervals. 

The preprocessing tool uses an algorithm which interpolates artefact back to values 

which fall within normal physiological parameters. Using technician-assessed human 

RR interval data, as well as artificial data, we have demonstrated that the 

preprocessing tool has a sensitivity of 0.84 (SD = 0.09) and a specificity of 1.00 (SD = 

0.01). 

 

HRV Measures 

The 10 HRV measures used to examine how time domain and frequency 

domain HRV metrics are affected by preprocessing showed modest effects. Some 

HRV measures are more sensitive to changes in the RR interval data, including those 

brought about by preprocessing. HRV measures have been used previously to validate 

preprocessing methods (e.g. Peters, Vullings, Bergmans, Oei, & Wijn, 2008). 
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Different HRV measures can vary in their sensitivity to changes in the RR interval 

data that they are calculated from. For example, Peters et al. (2008) studied artefact 

correction in FFT frequency domain measures performed on RR interval data sourced 

from neonates. They found that at LF power could be calculated reliably when up to 

25% of the data are missing due to artefact correction, but HF power range could not 

be calculated reliably for the same range of missing data. Their study used simulated 

artefact correction, which was introduced artefact artificially to the original data and 

then generated artefact corrected segments. Interestingly, the present study shows 

more change in LF power than HF spectral measures, although the SDs are higher for 

the HF than the LF measures.  

It is well established in the literature that several HRV measures are highly 

correlated with each other. RMSSD and HF power both measure the short term 

components, or the high frequency components, of HRV and are highly correlated 

(NASPE, 1996). SDNN and HRV Triangular Index are correlated with Total Power 

and have been associated with long term components of HRV in 24 hr Holter 

recordings (NASPE, 1996). Given these correlations, it might be expected that 

measures such as HF power and RMSSD cluster together, or that LF power, SDNN 

and HRV Triangular Index will cluster together in how they are affected by artefact 

correction. This was not the case here, although the significant variability of the data, 

possibly due to a small and heterogeneous sample, makes this conclusion tentative. A 

larger study is recommended to further explore the effects of artefact on various types 

of HRV measures where further analysis could separate participants by health status 

(e.g., CHD and non-CHD). 
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A Preprocessing Tool for RR Interval Data: Algorithms Used 

Combinations of preprocessing methods for detecting and eliminating artefact 

from RR interval data can be superior to individual methods of data preprocessing 

(Sapoznikov et al., 1992). The rate of change between successive RR intervals has 

been used in the literature to distinguish artefact from physiological RR intervals 

(Aubert et al., 1999; Kleiger, Miller, Bigger, & Moss, 1987; Pipilis, Flather, Ormerod, 

& Sleight, 1991). The advantage of examining the transition between three, rather 

than two adjacent intervals, has been discussed by Clifford et al. (2002). Furthermore, 

a similar approach has been used before in two dimensions, for example, to 

discriminate between atrial fibrillation and normal sinus rhythm using RR interval 

data (Lian, Wang, & Muessig, 2011).  

Preprocessing methods using simple transitions between RR intervals have 

also been compared to human-assessed data. Haaksma and colleagues (1995) 

compared a 10%, 20%, and 30% change rule was used against human screening of 

RR intervals (as a gold standard) to detect artefact, finding 30% to be the most 

effective. However, RR interval interpolation when adjacent RR intervals differ by 

more than 20% in magnitude has also been frequently recommended (Aubert et al., 

1999; Kleiger et al., 1987; Pipilis et al., 1991). It has been suggested that an abrupt 

change in RR interval of more than 20% from one heart beat to the next is highly 

unlikely to have a physiological basis and is therefore due to artefact (Aubert et al., 

1999; Clifford et al., 2002; Malik & Camm, 1995). Clifford and colleagues (2002) 

suggested a cutoff for normal sinus rhythm at or below 15%. The researchers 

established the range of percentage RR interval changes for ventricular ectopic beats 

at between15% to 50%, and changes of above 50% as artefact.  
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Figure 8.2A demonstrates that the vast majority of cardiac beats do show 

relatively modest variation from beat to beat. These transitions lie within the 15%-

20% range, as described in the literature (Aubert et al., 1999; Kleiger et al., 1987; 

Pipilis et al., 1991). However, in the representation of data described here, 

physiological RR intervals adjacent to artefact RR intervals do not conform to the 

spheroid shape described. Simply interpolating data outside of the range of the oblate 

spheroid would lead to large amounts of normal RR intervals being falsely 

interpolated. In addition, physiological RR intervals occurring outside the spheroid 

distribution might to some extent also represent ‘state changes’, which are dramatic 

changes between nearby RR intervals due to relatively sudden physiological events, 

such as waking from sleep (Clifford et al., 2002). Our results also indicate a complex 

distribution for HRV analysis artefact such as VEBs. The use of spatial distribution 

mapping arguably provides an elegant solution to their accurate interpolation. 

 

RR Interval Interpolation 

Various methods of interpolation were evaluated. The aim was to create an 

interpolated value which took into account the local trend of RR intervals and fell 

within the determined physiological range of RR interval magnitude. The 

interpolation method that yielded the best result was a variation of degree zero 

interpolation (Peltola et al., 2004; Salo et al., 2001).  

A further consideration was whether the interpolation should preserve the 

number of RR intervals or the length of the recording. It has been argued that 

interpolation of aberrant RR intervals is superior to simply removing erroneous data, 

because removing data could result in disturbance of the time sequences of cardiac 

events, potentially affecting the calculation of HRV measures (e.g. Citi et al., 2012; 
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Clifford et al., 2002). It has been suggested that interpolation should generally 

preserve the number of RR intervals in a series (Salo et al., 2001) and we have used 

an approach for short artefact intervals of interpolation to preserve the number of 

intervals. It has been suggested that large artefact RR intervals be split into identical 

smaller intervals and that as many interpolated RR intervals be added as is needed to 

preserve the total length of the recording (Saalasti, 2003). We have used this approach 

for large magnitude artefact intervals, but acknowledge that it results in the addition 

of several identical adjacent RR intervals. This method of interpolation could thus be 

argued to falsely reduce HRV. While it has been argued that the introduction of 

identical interpolated intervals can be varied by adding a noise component (Saalasti, 

2003), the additional random variability could confound HRV measures on the 

modified cardiac recording, for example, spectral heart rate variability analysis 

(Clifford, 2006).  

Limitations of the Study 

Human evaluation of artefact has been the gold standard to date in the 

literature, established in seminal texts such as the guidelines by NASPE (1996). 

While the use of technician-assessed human cardiac recordings is a strength in this 

study, this approach has also introduced limitations. Direct visual assessment of the 

ECG traces allowed the technician to annotate cardiac beats which were 

superimposed on noise such as movement artefact, which may not have been 

recognized by an automated QRS-complex detection system and is a common source 

of artefact (Peltola, 2012). The technician was in effect removing some sources of 

artefact. However, the use of a positively skewed distribution of artefact magnitudes 

when simulated artefact was added to ARR files allowed large magnitude artefact to 
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be generated to evaluate the preprocessing tool. In addition, the preprocessing tool 

does not rectify some sources of artefact such as baseline drift (Manis et al., 2005). 

A further limitation is the relatively modest sample of technician-assessed 

human data to validate the tool. Cardiac recordings were sourced from a 

heterogeneous cohort comprising males and females of different ages, with and 

without CHD, and with and without major depression. These participants had a mean 

age of 57.6 years. The preprocessing tool was originally developed for use in the 

Heart and Mind Study, and for the participant cohort of this study, the technician-

assessed recordings are representative. The combined use of technician-assessed 

human recordings and ARR files to evaluate the preprocessing tool does add to the 

generalizability of this work. However, future validation studies should include 

people from a wider age range to make the tool more generalizable.  

A simpler algorithm could have been used to add artefact to ARR files, such 

as adding simulated ectopic beats (Clifford & Tarassenko, 2005) or the deletion of 

data (Kim, Kim, Lim, & Park, 2009). However, the methodology used here has two 

strengths. Firstly, it is based on the characteristics of artefact obtained from real 

human recordings. Secondly, because this artefact is added back in an exactly 

specified quantity to standardized artificial RR interval files, this method is arguably 

comparable in rigor to other protocols for adding known quantities of artefact to RR 

interval data. However, this assertion should be tested in future studies, where other 

artefact-adding algorithms could be compared. Caution is also required in the 

interpretation of the ARR files as representing “physiological” data. Such an 

algorithm represents a model of human RR interval data only.  

A comparison of a greater number of HRV measures to the preprocessing tool 

described should be addressed in a future study. In addition, it would be of interest to 
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examine the effect of increasing amounts of artefact, added to ARR files, on various 

HRV measures in the absence of preprocessing. This would allow the elucidation of 

the sensitivity of various HRV measures to increasing artefact, which may have 

benefit for researchers selecting HRV measures for studies where increased amounts 

of artefact may be present, such as in ambulatory Holter recordings (Rand et al., 

2007). 

Finally, the algorithm described performs multiple passes over the data. This 

approach takes more time to process a cardiac recording and may represent a 

limitation in settings where real-time output is required (e.g., Citi et al., 2012). The 

intention was not to write a program for real-time artefact interpolation, but the 

approach presented here could be modified for such use in future. 

 

Conclusion 

A novel preprocessing tool was developed, based on a review of the literature, 

which relies on spatial distribution mapping of RR interval magnitude and 

relationships to adjacent values in three dimensions. The characteristics of normal 

physiological RR intervals and artefact intervals were established using a ‘gold 

standard’ of technician-assessed 24 hr human cardiac recordings. The algorithm was 

incorporated into a preprocessing tool and validated using artificial RR interval data 

files and human cardiac recordings. The tool was able to remove artefact from 

technician-assessed human cardiac recordings with good specificity and sensitivity, 

and remove a corresponding amount of artefact from artificial data compared to the 

amount of artefact added. The removal of artefact had a low impact on time domain 

and frequency domain HRV metrics. This novel preprocessing tool can thus be used 
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with human 24 hr cardiac recordings to remove artefact while minimally affecting 

physiological data and having a low impact on HRV measures of that data.  
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Figures 

Figure 8.1 Three Dimensional Spatial Distribution Maps of Normal Physiological 

RR Intervals, Artefact Intervals, RR Intervals Adjacent to Artefact RR 

Intervals, and Ventricular Ectopic RR Intervals 

Figure 8.2  Three Dimensional Histograms of Normal Physiological and Artefact 

RR Intervals   

Figure 8.3 Crescent Shaped Distribution of Short Duration Artefact 

Figure 8.4 Histograms of RR Interval Magnitude 

Figure 8.5   Receiver Operator Characteristic Curves for Hyperbolic Functions 

Used to Identify Artefact 

Figure 8.6  A Three Dimensional Spatial Distribution Map of a Human 24 Hour 

Cardiac Recording Before and After Preprocessing 
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Addendum 

Artefact is common in cardiac RR interval data derived from 24 hour 

recordings. Artefact has been shown to have a significant impact on time domain, 

frequency domain and non-linear heart rate variability (HRV) measures. Two 

approaches may be used to address the problem of artefact present in recordings. The 

first approach involves the detection and removal of artefact from the recordings. This 

approach was described in the published article presented earlier in this chapter. The 

second approach is to use HRV measures that are robust to the presence of artefact. A 

combination of the two approaches may also be used. 

The relative impact of progressively added artefact on a large group of 

commonly used HRV measures has not been assessed. For this reason, further 

investigation was conducted to examine this issue. A computer program was used to 

add specific amounts of artefact to 20 artificial RR (ARR) files and 20 human cardiac 

recordings, which had been assessed for artefact by a cardiac technician. The added 

artefact simulated deletion of RR intervals and insertion of individual short RR 

intervals. Up to 10% artefact was added to each file in 1% increments. Files were 

subjected to HRV analysis and 38 HRV measures were calculated for each file. 

Regression analysis was used to find the slope for each HRV measure and all 

measures were ranked according to their sensitivity to artefact as determined by the 

magnitude of slope.  

Table 8.1 shows ranked slopes (B values) for all the HRV measures. Time 

domain measures appear in bold script and frequency domain measures are presented 

in cursive script for easy differentiation. Table 8.1 shows adjusted R squared values 

and P values for each regression. Results for the ARR files and the human files are 

shown separately. Magnitude of slope for HRV measures has also been presented in 
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different colours for ease of interpretation. HRV measures with B values below 0.1 

are highlighted in green, B values below 1.0 are highlighted in blue, while measures 

with B values above 1.0 are presented in red. 

Table 8.2 shows HRV measures separated by class of HRV measure and 

ranked by absolute value of B. Table 8.3 shows ranked results for correlated HRV 

measures, which fall into groups of short term and long term HRV measures. It was 

found that short-term time domain HRV measures were more sensitive to added 

artefact than long-term measures. Absolute power frequency domain measures across 

all frequency bands were more sensitive than normalised and relative frequency 

domain measures. Most non-linear HRV measures assessed were relatively robust to 

added artefact, with Poincare plot SD1 being most sensitive to artefact.  
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Table 8.1. HRV Measures Ranked by Slope (B Value) on Linear Regression 
 

ARR Files       Human Cardiac Recordings       
HRV Measure Adj R Square P B HRV Measure Adj R Square P B 

Recurrence rate  0.704 < 0.001 -0.107 Recurrence rate  0.854 < 0.001 -0.089 

Mean line length   0.711 < 0.001 -0.086 Mean line length   0.715 < 0.001 -0.078 

Max line length   0.421 < 0.001 -0.054 AR VLF (Relative Power)   0.598 < 0.001 -0.064 

alpha 2  0.715 < 0.001 -0.049 FFT VLF (Relative Power)   0.604 < 0.001 -0.063 

FFT VLF (Relative Power)   0.365 < 0.001 -0.046 alpha 2  0.764 < 0.001 -0.053 

AR VLF (Relative Power)   0.359 < 0.001 -0.045 Max line length   0.396 < 0.001 -0.052 

Shannon entropy  0.777 < 0.001 -0.044 Shannon entropy  0.875 < 0.001 -0.043 

Sample entropy  0.427 < 0.001 -0.043 FFT LF/HF ratio  0.116 < 0.001 -0.034 

Approximate entropy  0.284 < 0.001 -0.028 Sample entropy  0.306 < 0.001 -0.032 

FFT HF (Normalised Power)   0.013 0.049 -0.025 AR LF/HF ratio  0.107 < 0.001 -0.032 

alpha 1  0.379 < 0.001 -0.017 alpha 1  0.33 < 0.001 -0.022 

AR HF (Normalised Power)   0.007 0.119 -0.016 FFT LF (Normalised Power)   0.056 < 0.001 -0.022 

SDANN   0.963 < 0.001 -0.013 AR LF (Normalised Power)   0.06 < 0.001 -0.022 

Determinism   0.624 < 0.001 -0.003 Approximate entropy  0.132 < 0.001 -0.015 

AR LF (Normalised Power)   0.003 0.511 0.004 SDANN   0.961 < 0.001 -0.011 

FFT LF (Normalised Power)   0.002 0.247 0.008 Determinism   0.891 < 0.001 -0.004 

RR tri index  0.606 < 0.001 0.019 RR tri index  0.856 < 0.001 0.019 

FFT LF/HF ratio  0.024 0.012 0.058 Correlation dimension  0.09 < 0.001 0.019 

AR LF/HF ratio  0.028 0.007 0.071 TINN   0.43 < 0.001 0.034 

TINN   0.301 < 0.001 0.1 SD2   0.495 < 0.001 0.041 

SD2   0.582 < 0.001 0.103 AR HF (Normalised Power)   0.029 0.006 0.05 

SDNN 0.634 < 0.001 0.147 SDNN 0.552 < 0.001 0.064 

Correlation dimension  0.365 < 0.001 0.25 FFT HF (Normalised Power)   0.025 0.011 0.067 

SDNN index   0.774 < 0.001 0.427 SDNN index   0.584 < 0.001 0.247 

FFT HF (Relative Power)  0.013 0.05 0.591 AR VLF (Absolute Power)  0.046 0.001 0.276 

FFT LF (Relative Power)   0.146 < 0.001 0.839 FFT VLF (Absolute Power)  0.036 0.003 0.374 

AR HF (Relative Power)  0.017 0.032 0.928 FFT LF (Relative Power)   0.137 < 0.001 0.458 

SD1   0.597 < 0.001 1.003 SD1   0.445 < 0.001 0.662 

RMSSD   0.597 < 0.001 1.003 RMSSD   0.445 < 0.001 0.662 

AR LF (Relative Power)   0.101 < 0.001 1.168 AR LF (Relative Power)   0.128 < 0.001 0.735 

AR VLF (Absolute Power)  0.115 < 0.001 2.109 pNN50  0.068 < 0.001 1.04 

FFT VLF (Absolute Power)  0.101 < 0.001 2.544 NN50   0.072 < 0.001 1.142 

pNN50  0.239 < 0.001 7.117 FFT HF (Relative Power)  0.093 < 0.001 2.81 

NN50   0.246 < 0.001 7.679 AR HF (Relative Power)  0.115 < 0.001 3.171 

FFT HF (Absolute Power)  0.156 < 0.001 90.125 FFT LF (Absolute Power)  0.026 0.009 18.658 

AR HF (Absolute Power)  0.119 < 0.001 93.97 AR LF (Absolute Power)  0.031 0.005 20.466 

FFT LF (Absolute Power)  0.05 0.001 139.432 AR HF (Absolute Power)  0.188 < 0.001 43.295 

AR LF (Absolute Power)  0.035 0.004 186.614 FFT HF (Absolute Power)  0.207 < 0.001 44.564 
 
Green = Slope (B) < 0.1, Blue = B lies between 0.1 and 1.0, Red = B > 1.0 
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Table 8.2. Time Domain, Frequency Domain and Non-Linear HRV Measures 
Ranked by Absolute Slope 

 
ARR Files 

   
Human Cardiac Recordings 

  Time Domain Measures             
Rank HRV Measure Abs(B) ST/ LT/ Other Rank HRV Measure Abs(B) ST/ LT/ Other 

1 SDANN   0.013 LT 1 SDANN   0.011 LT 
2 RR tri index  0.019 LT 2 RR tri index  0.019 LT 
3 TINN   0.1 LT 3 TINN   0.034 LT 
4 SDNN 0.147 LT 4 SDNN 0.064 LT 
5 SDNN index   0.427 LT 5 SDNN index   0.247 LT 
6 RMSSD   1.003 ST 6 RMSSD   0.662 ST 
7 pNN50  7.117 ST 7 pNN50  1.04 ST 
8 NN50   7.679 ST 8 NN50   1.142 ST 

Frequency Domain Measures             
Rank HRV Measure Abs(B) ST/ LT/ Other Rank HRV Measure Abs(B) ST/ LT/ Other 

1 AR LF (Normalised Power)   0.004 LT 1 FFT LF (Normalised Power)   0.022 LT 
2 FFT LF (Normalised Power)   0.008 LT 2 AR LF (Normalised Power)   0.022 LT 
3 AR HF (Normalised Power)   0.016 ST 3 AR LF/HF ratio  0.032 Other 
4 FFT HF (Normalised Power)   0.025 ST 4 FFT LF/HF ratio  0.034 Other 
5 AR VLF (Relative Power)   0.045 LT 5 AR HF (Normalised Power)   0.05 ST 
6 FFT VLF (Relative Power)   0.046 LT 6 FFT VLF (Relative Power)   0.063 LT 
7 FFT LF/HF ratio  0.058 Other 7 AR VLF (Relative Power)   0.064 LT 
8 AR LF/HF ratio  0.071 Other 8 FFT HF (Normalised Power)   0.067 ST 
9 FFT HF (Relative Power)  0.591 ST 9 AR VLF (Absolute Power)  0.276 LT 

10 FFT LF (Relative Power)   0.839 LT 10 FFT VLF (Absolute Power)  0.374 LT 
11 AR HF (Relative Power)  0.928 ST 11 FFT LF (Relative Power)   0.458 LT 
12 AR LF (Relative Power)   1.168 LT 12 AR LF (Relative Power)   0.735 LT 
13 AR VLF (Absolute Power)  2.109 LT 13 FFT HF (Relative Power)  2.81 ST 
14 FFT VLF (Absolute Power)  2.544 LT 14 AR HF (Relative Power)  3.171 ST 
15 FFT HF (Absolute Power)  90.125 ST 15 FFT LF (Absolute Power)  18.658 LT 
16 AR HF (Absolute Power)  93.97 ST 16 AR LF (Absolute Power)  20.466 LT 
17 FFT LF (Absolute Power)  139.432 LT 17 AR HF (Absolute Power)  43.295 ST 
18 AR LF (Absolute Power)  186.614 LT 18 FFT HF (Absolute Power)  44.564 ST 

Non-Linear Measures             
Rank HRV Measure Abs(B) ST/ LT/ Other Rank HRV Measure Abs(B) ST/ LT/ Other 

1 Determinism   0.003 Other 1 Determinism   0.004 Other 
2 alpha 1  0.017 ST 2 Approximate entropy  0.015 Other 
3 Approximate entropy  0.028 Other 3 Correlation dimension  0.019 Other 
4 Sample entropy  0.043 Other 4 alpha 1  0.022 ST 
5 Shannon entropy  0.044 Other 5 Sample entropy  0.032 Other 
6 alpha 2  0.049 LT 6 SD2   0.041 ST 
7 Max line length   0.054 Other 7 Shannon entropy  0.043 Other 
8 Mean line length   0.086 Other 8 Max line length   0.052 Other 
9 SD2   0.103 ST 9 alpha 2  0.053 LT 

10 Recurrence rate  0.107 Other 10 Mean line length   0.078 Other 
11 Correlation dimension  0.25 Other 11 Recurrence rate  0.089 Other 
12 SD1   1.003 LT 12 SD1   0.662 LT 

 
Green = Slope (B) < 0.1, Blue = B lies between 0.1 and 1.0, Red = B > 1.0 
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Table 8.3. Short Term, Long Term and Other HRV Measures Ranked by 
Absolute Slope 

 
ARR Files 

  
Human Cardiac Recordings 

 Short Term HRV Measures         
Rank HRV Measure Abs(B) Rank HRV Measure Abs(B) 

1 AR HF (Normalised Power)   0.016 4 alpha 1  0.022 
2 alpha 1  0.017 6 SD2   0.041 
3 FFT HF (Normalised Power)   0.025 5 AR HF (Normalised Power)   0.05 
4 SD2   0.103 8 FFT HF (Normalised Power)   0.067 
5 FFT HF (Relative Power)  0.591 6 RMSSD   0.662 
6 AR HF (Relative Power)  0.928 7 pNN50  1.04 
7 RMSSD   1.003 8 NN50   1.142 
8 pNN50  7.117 13 FFT HF (Relative Power)  2.81 
9 NN50   7.679 14 AR HF (Relative Power)  3.171 

10 FFT HF (Absolute Power)  90.125 17 AR HF (Absolute Power)  43.295 
11 AR HF (Absolute Power)  93.97 18 FFT HF (Absolute Power)  44.564 

Long Term HRV Measures         
Rank HRV Measure Abs(B) Rank HRV Measure Abs(B) 

1 AR LF (Normalised Power)   0.004 1 SDANN   0.011 
2 FFT LF (Normalised Power)   0.008 2 RR tri index  0.019 
3 SDANN   0.013 1 FFT LF (Normalised Power)   0.022 
4 RR tri index  0.019 2 AR LF (Normalised Power)   0.022 
5 AR VLF (Relative Power)   0.045 3 TINN   0.034 
6 FFT VLF (Relative Power)   0.046 9 alpha 2  0.053 
7 alpha 2  0.049 6 FFT VLF (Relative Power)   0.063 
8 TINN   0.1 4 SDNN 0.064 
9 SDNN 0.147 7 AR VLF (Relative Power)   0.064 

10 SDNN index   0.427 5 SDNN index   0.247 
11 FFT LF (Relative Power)   0.839 9 AR VLF (Absolute Power)  0.276 
12 SD1   1.003 10 FFT VLF (Absolute Power)  0.374 
13 AR LF (Relative Power)   1.168 11 FFT LF (Relative Power)   0.458 
14 AR VLF (Absolute Power)  2.109 12 SD1   0.662 
15 FFT VLF (Absolute Power)  2.544 12 AR LF (Relative Power)   0.735 
16 FFT LF (Absolute Power)  139.432 15 FFT LF (Absolute Power)  18.658 
17 AR LF (Absolute Power)  186.614 16 AR LF (Absolute Power)  20.466 

Other HRV Measures         
Rank HRV Measure Abs(B) Rank HRV Measure Abs(B) 

1 Determinism   0.003 1 Determinism   0.004 
2 Approximate entropy  0.028 2 Approximate entropy  0.015 
3 Sample entropy  0.043 3 Correlation dimension  0.019 
4 Shannon entropy  0.044 3 AR LF/HF ratio  0.032 
5 Max line length   0.054 5 Sample entropy  0.032 
6 FFT LF/HF ratio  0.058 4 FFT LF/HF ratio  0.034 
7 AR LF/HF ratio  0.071 7 Shannon entropy  0.043 
8 Mean line length   0.086 8 Max line length   0.052 
9 Recurrence rate  0.107 10 Mean line length   0.078 

10 Correlation dimension  0.25 11 Recurrence rate  0.089 
 
Green = Slope (B) < 0.1, Blue = B lies between 0.1 and 1.0, Red = B > 1.0 
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Recommendations may be made with regard to choosing HRV measures in 

situations where cardiac recordings are likely to have significant amounts of artefact, 

such as ambulatory recordings where participants have high levels of physical 

activity. The following recommendations are suggested: 

• SDANN, and possibly SDNN, along with the geometric measures RR triangular 

index and TINN, should be used as long term measures of time domain HRV. 

RMSSD is recommended for use as a short term time domain HRV measure 

above pNN50 and NN50. Interestingly, this recommendation coincides with the 

recommendation by the Task Force of the European Society of Cardiology & the 

North American Society of Pacing and Electrophysiology to use four ‘standard 

measures’ of time domain together (SDNN, SDANN, RMSSD, and HRV 

triangular index) (NASPE, 1996) 

• Among the frequency domain HRV measures, normalised power measures and 

relative power measures are recommended above measures of absolute power for 

both FFT and AR calculation methods. The LF/HF ratio is relatively tolerant to 

artefact. The findings of this study suggest that neither FFT nor AR are superior in 

terms of tolerance to artefact. 

• Most of the non-linear methods examined here are tolerant to artefact. However, 

caution is advised in interpreting the SD1 measure of the Poincare plot, as well as 

recurrence rate and possibly correlation dimension. 
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Chapter 9 

Justification for the Separate Analysis of Psychometric Measures of Mood and 

Anxiety in the Heart and Mind Study: A Methodological Investigation 

Preamble 

 

In the experimental approach to the Heart and Mind Study, anxiety was 

considered as a significant confounder in the examination of relationships between 

mood and heart rate variability, as presented in Chapter 3. Therefore, the relationship 

between mood and anxiety in people with, and without, coronary heart disease 

warranted further exploration.  

In the methodological investigation described below, a more thorough review 

of the literature was conducted. In addition, the relationship between psychometric 

measures of mood and anxiety was explored using bivariate correlation, regression 

analysis and measurement invariance methodology. The results of this 

methodological investigation significantly inform the testing of the primary research 

hypotheses of the Heart and Mind Study, recommending separate analysis of 

psychometric tests for mood and anxiety, which was applied in the data analysis 

presented in Chapters 10 and 11. This work is presented in the paper below, which 

was submitted for publication in a peer reviewed journal. The use of invariance 

testing methodology in particular represents a unique and innovative contribution to 

the literature.  
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Abstract 

Objective: A large body of literature has demonstrated the significant co-

morbidity of mood and anxiety symptoms in healthy populations and in people with 

coronary heart disease (CHD). While the implications of this relationship for 

psychiatric diagnostic frameworks are still being debated, the relationship between 

measures of anxiety and mood are relevant clinically and in research settings. 

Method: Psychometric test data from the Heart and Mind Study, a 

prospective cohort study, was collected over four review episodes, each two months 

apart. Relationships between psychometric tests for mood (Hamilton Depression 

Rating Scale (HDRS), Beck Depression Inventory 2 (BDI2)) and anxiety (Hamilton 

Anxiety Rating Scale (HARS)) were compared across each review episode using 

bivariate correlation and regression analysis. Measurement invariance was used to 

explore relationships of anxiety and depression over the four review episodes within a 

single model. 

Results: A significant relationship between mood and anxiety psychometric 

scores was found, in people with CHD and in medically healthy people. This 

relationship was statistically significant over four review periods, across 6 months. 

This finding extends across clinician-rated and participant-rated psychometric 

measures, and for modified versions of the HDRS and HARS. 

Conclusions: The established relationship has important implications for 

clinicians, underlining the need to screen for depressive illness and anxiety disorders, 

especially in CHD patients. It emphasises the importance of tailoring therapy not only 

to depression, but also simultaneously to anxiety disorders such as GAD. There are 

also important implications for research. It is recommended that studies examining 
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relationships between mood and CHD take anxiety into account. Specific statistical 

measures may be required to avoid multicollinearity in regression analysis, but 

separate analysis of depression and anxiety scores, due to their significant correlation, 

may be justified. Larger studies are required to further resolve possible effects from 

confounding variables and to confirm invariance testing results over time.  
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Introduction 

The Relationship Between Anxiety Disorders and Major Depressive Disorder 

Major Depressive Disorder (MDD) and anxiety disorders are strongly 

correlated. This is particularly evident in comorbidity studies, where depressive 

symptoms and anxiety symptoms, as well as depressive disorders and anxiety 

disorders, have been found to be correlated (J Angst & Dobler-Mikola, 1985; Jules 

Angst, Vollrath, Merikangas, & Ernst, 1990; Brawman-Mintzer, 2003; J. M. Hettema, 

2008; Maser & Cloninger, 1990; Merikangas et al., 2003; Van Ameringen, Mancini, 

Styan, & Donison, 1991). This comorbidity has also been found in children and 

adolescents (Angold, Costello, & Erkanli, 1999; Brady & Kendall, 1992; Caron & 

Rutter, 1991). The majority of individuals with a primary anxiety or mood disorder 

presentation have at least one additional anxiety or mood disorder diagnosis (e.g. T. 

Brown & Barlow, 1992; T. A. Brown, Antony, & Barlow, 1995; De Ruiter, Rijken, 

Garssen, Van Schaik, & Kraaimaat, 1989; Sanderson, DiNardo, Rapee, & Barlow, 

1990). One example is Generalised Anxiety Disorder (GAD), which has high 

comorbidity with MDD (Brawman-Mintzer, 2003). Another example is panic 

disorder, where comorbidity with generalized anxiety disorder (GAD), social phobia, 

and MDD is approximately 60% (e.g. T. Brown & Barlow, 1992; Sanderson et al., 

1990; Tsao, Lewin, & Craske, 1998; Tsao, Mystkowski, Zucker, & Craske, 2002).  

The Relationship Between Major Depressive Disorder and Coronary Heart 

Disease 

Both MDD and GAD have reciprocal relationships with Coronary Heart 

Disease (CHD). The reciprocal relationship between Major Depressive Disorder 

(MDD) and Coronary Heart Disease (CHD) is well established empirically (e.g. Holt
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et al., 2013; Musselman, Evans, & Nemeroff, 1998) and in terms of potential 

mechanisms (e.g. Charlson et al., 2013; Musselman et al., 1998; Stapelberg, 

Hamilton-Craig, Neumann, Shum, & McConnell, 2012; Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2011; Stapelberg et al., 2014). MDD increases the 

risk of adverse cardiac events in CHD (Barth, Schumacher, & Herrmann-Lingen, 

2004; Carney et al., 1988; Frasure-Smith, Lesperance, & Talajic, 1993; Musselman et 

al., 1998; Penninx et al., 2001; Rugulies, 2002; Wulsin & Singal, 2003). People with 

CHD also have an increased risk of MDD (Carney & Freedland, 2003; Katon, 2011; 

Rozanski, Blumenthal, & Kaplan, 1999; Thombs et al., 2006). While there are issues 

of heterogeneity in these studies, as well as bias and confounding, the veracity of this 

reciprocal relationship between MDD and CHD is widely accepted (Frasure-Smith & 

Lesperance, 2006; Judith H Lichtman et al., 2014; Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2013). 

The Relationship Between Anxiety Disorders and Coronary Heart Disease 

A similar reciprocal relationship exists between Coronary Heart Disease and 

anxiety symptoms and anxiety disorders (AD’s). Although the relationship between 

anxiety and CHD is less well studied than the relationship between MDD and CHD 

(e.g. Rutledge et al., 2009; Suls & Bunde, 2005), there is significant evidence to 

support it. For example, a meta-analysis of 249,846 people by Roest and colleagues 

(2010) showed that people with common anxiety constructs, including anxiety, panic, 

phobia, post-traumatic stress, and worry, were at greater risk of CHD than the normal 

population (hazard ratio [HR] random: 1.26; 95% confidence interval [CI]: 1.15 to 

1.38; p  = 0.0001) and cardiac death (HR: 1.48; 95% CI: 1.14 to 1.92; p  =  0.003). 

Further studies have examined anxiety symptoms either arising from, or leading to 
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CHD (e.g. Allgulander & Lavori, 1991; Frasure-Smith, Lesperance, & Talajic, 1995; 

Grace, Abbey, Irvine, Shnek, & Stewart, 2004; Janszky, Ahnve, Lundberg, & 

Hemmingsson, 2010; Januzzi, Stern, Pasternak, & DeSanctis, 2000; Lane, Carroll, 

Ring, Beevers, & Lip, 2001). There are also studies which have examined the 

relationship between CHD and individual anxiety disorders. Significant relationships 

exist between CHD and GAD (Frasure-Smith & Lespérance, 2008), panic disorder 

(PD) (Coryell, Noyes, & Clancy, 1982; Coryell, Noyes, & House, 1986; Katerndahl, 

2008; Smoller et al., 2007), phobic anxiety (Haines, Imeson, & Meade, 1987; 

Kawachi et al., 1994; Lana L Watkins et al., 2010) and post traumatic stress disorder 

(Abbas et al., 2009; Cohen et al., 2009; Cotter, Milo-Cotter, Rubinstein, & Shemesh, 

2006; Gander & von Känel, 2006; Laura D Kubzansky & Koenen, 2009; Spitzer et 

al., 2009; Whitehead, Perkins-Porras, Strike, & Steptoe, 2006; Wiedemar et al., 

2008). 

 

Aims 

Symptoms of depression and anxiety share a close relationship with each 

other, and MDD as well as AD’s are independently correlated with CHD. In part 

because of this high comorbidity, several studies have examined both depression and 

anxiety (either symptoms or disorders) in the context of CHD, as they might be 

significant confounders for each other in a correlation with CHD (Frasure-Smith & 

Lesperance, 2008; L. D. Kubzansky, Cole, Kawachi, Vokonas, & Sparrow, 2006; 

Rutledge et al., 2009; Vogelzangs et al., 2010; Lana L Watkins et al., 2006). Other 

studies have examined both anxiety disorders and MDD in the context of specific 

aspects of cardiac function, such as heart rate variability (HRV) (e.g. L. L. Watkins, 

Grossman, Krishnan, & Blumenthal, 1999). While many such studies have had small 
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sample sizes (e.g. see Carney, Freedland, & Stein, 2000), it has been suggested that 

anxiety might confound MDD in HRV studies (Stapelberg et al., 2012).  

The present study aimed to examine whether there was a relationship between 

psychometric test scores for anxiety and mood, as continuous variables, in people 

with CHD and without CHD. If such relationships exist, the study also set out to 

examine if these relationships are stronger or weaker in people with CHD or without 

CHD, and whether these effects are dependent on the psychometric measures used. 

This work was performed in order to clarify to what extent anxiety symptoms would 

confound studies of mood in people with and without CHD in the Heart and Mind 

Study. A unique feature of the study is the repeated sampling of data and the use of 

invariance testing to establish a relationship between measures of mood and anxiety 

over time. 

Methodology 

The Heart and Mind Study, Study Participants and Psychometric Testing 

The Heart and Mind Study is a longitudinal prospective cohort study 

examining the quantitative relationships between heart rate variability (HRV) and 

measures of mood. The hypothesis of the study is that mood, as measured 

quantitatively by two psychometric scales, is correlated with HRV measures over 

time. The hypothesis that the relationship between mood and HRV would differ 

between people with CHD and those without CHD, was also examined in the study. 

However, given the significant potential for anxiety to confound measures of 

depression, the correlation between anxiety and depressive symptoms in people with 

and without CHD in the study was first examined, and those results are presented 

here. 
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Participants 

The Heart and Mind Study analysed data from 87 participants. In the sample 

were 48 people who had CHD, as defined by either myocardial infarction (MI) or 

coronary artery narrowing requiring surgical intervention such as stenting. Physically 

healthy participants (n=39) were also recruited. There were 50 males recruited to the 

study, (38 with CHD and 10 without CHD) and 37 females (12 with CHD and 27 

without CHD). Participants had an initial assessment consisting of a psychiatric 

interview, psychometric testing and Holter study. Participants had three follow-up 

interviews, spaced 2 months apart, each consisting of a brief follow-up interview, 

repeat psychometric testing and repeat Holter study. There was attrition of 

participants across the follow-up interviews, with 67 participants completing the 

second review (33 with CHD and 34 without CHD), 59 the third review (29 with 

CHD and 30 without CHD) and 46 the fourth review (24 with CHD and 22 without 

CHD).  

We have previously reviewed the literature to recommend the most 

appropriate psychometric measures for studies involving people with CHD and 

recommended the use of the Beck Depression Inventory 2 (BDI2) and the Hamilton 

Depression Rating Scale (HDRS) (Stapelberg et al., 2013). Both psychometric 

assessments were employed for quantitatively assessing mood. The Hamilton Anxiety 

Rating Scale (HARS) was used to assess anxiety symptoms. Mood and anxiety 

symptoms and disorders were also assessed qualitatively on interview. All HDRS and 

HARS psychometric tests were administered by one investigator to maximise 

consistency. Both the HDRS and HARS have been criticized in the literature, 

however, with the suggestion that the HDRS contains items related to the assessment 

of anxiety, and the HARS contains items which relate to depression, therefore 
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potentially creating an artificial correlation between these psychometric tests 

(Riskind, Beck, Brown, & Steer, 1987). Riskind and colleagues (1987) therefore 

restructured the HDRS and HARS into two psychometric tests which the authors 

argued to be more specific for the diagnosis of MDD and anxiety symptoms. We have 

used these scales for comparison with the BDI2, HDRS and HARS and we refer to 

them throughout this text as the Riskind HDRS and Riskind HARS. 

 

Statistical Analysis: Regression and Pearson’s R 

Study participants were grouped into CHD and Non-CHD cohorts. 

Associations between psychometric scores of mood and anxiety were examined for 

the total study cohort and then separately for the CHD and Non-CHD cohorts. This 

was done separately for each review period. Psychometric scores of mood and anxiety 

were employed as continuous variables in a linear regression model, with linear curve 

fitting. All scores were subjected to a natural logarithmic transform for regression 

analysis. All scores were also compared using bivariate analysis (Pearson’s r). The 

transformed data were also used for Pearson’s r.  

 

Statistical Analysis: Possible Confounders 

The presence or absence of CHD, gender and age were examined as possible 

confounders for the relationship between psychometric measures for depression and 

anxiety. Bivariate correlation (Pearson’s r with two-tailed significance testing) was 

used to establish whether there was any correlation between psychometric test scores 

and either CHD, gender or age.  
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Statistical Analysis: Measurement Invariance 

While comparing psychometric tests for depression and anxiety across each 

separate review period with linear regression will give some indication of the 

correlation between these variables, it does not provide a test of all the correlations 

over different review episodes within one statistical model. In order to examine the 

correlation of psychometric test scores for anxiety and depression over the four 

review episodes, measurement invariance methodology was employed. Measurement 

invariance, also called measurement equivalence, is used to compare latent traits 

across different groups (e.g. Cheung & Rensvold, 2002; Vandenberg & Lance, 2000). 

Measurement invariance establishes whether or not, under different conditions of 

observing and studying phenomena, or across different groups, measurements yield 

measures of the same attributes (Vandenberg & Lance, 2000). Therefore, this 

methodology has traditionally been used to test psychological tests, for example, 

across different cultural or language cohorts (e.g. Reise, Widaman, & Pugh, 1993). It 

can also be used to establish whether relationships between two variables are 

consistent across different episodes in time (Chan, 1998). In this study, the four 

review episodes were each designated as a group and the relationships between 

psychometric tests were compared between these four groups. This provides a single 

model to study whether any relationship between anxiety and mood exists, and if it 

varies across the four review episodes. Measurement Invariance was used to 

separately examine correlations between HDRS and HARS, BDI2 and HARS, 

Riskind HDRS and Riskind HARS, as well as BDI2 and Riskind HARS, over the four 

review episodes. We are not aware of similar studies using this methodology for the 

correlation of depression and anxiety measures. The total cohort of 87 participants 

was examined first, followed by separate examinations of the CHD cohort and the 
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Non-CHD cohort, in order to assess if there were differences between people with and 

without CHD. Measurement Invariance methodology allows for unequal sample sizes 

across groups, a situation often encountered in practice (Chen, 2007). It is thus an 

appropriate methodology for this study, where attrition resulted in different sized 

cohorts over the four review periods. However, unequal sample size between groups 

has been shown to reduce the power to detect factor mean differences (Kaplan and 

George (1995) and it has been suggested that goodness of fit indexes may also be 

affected (Chen, 2007).  

Measurement Invariance is tested by comparing an unconstrained model to a 

constrained model where restrictions have been applied in terms of holding a 

parameter invariant (e.g. Cheung & Rensvold, 2002; Vandenberg & Lance, 2000). 

Several model fit statistics can be used together, such as the Chi-squared (χ2) statistic 

and the relative χ2 index (calculated as χ2 divided by the degrees of freedom) (Hoyle, 

1995). The χ2 statistic is highly sensitive to sample size (Vandenberg & Lance, 2000). 

The root mean square error of approximation (RMSEA) compares a model’s optimal 

parameter values with the population covariance matrix (Bollen, 1989; Steiger & 

Lind, 1980). RMSEA is insensitive to any changes in sample size (Vandenberg & 

Lance, 2000). The comparative fit index, (CFI), compares the fit of the model of 

interest against a baseline model (Bentler, 1990; Bentler & Bonett, 1980). The χ2 

statistic requires normalized data and therefore the natural logarithm of psychometric 

test scores was used in this study. Measurement invariance was performed using 

MPlus software (Muthén & Muthén, 1998). A two-step analysis of invariance was 

used to examine whether the relationships between psychometric measures of mood 

and anxiety are consistent across four review episodes (Bollen, 1989). Measurement 
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Invariance analysis was first performed using an unconstrained model and was 

repeated an analysis where error variance was constrained.  

 

Results 

The means, standard deviations and ranges for the psychometric measures for  

each review episode are shown in Table 9.1. In addition, the changes in psychometric 

scores for individuals, from one review episode to the next, are also presented. 

Psychometric scores for participants with and without CHD are similar. In addition, 

there is significant change between psychometric scores between review episodes. 

Some participants started the study in a depressed state and improved over the course 

of 6 months, others deteriorated in their mood, while other participants had stable 

mood throughout the study. 

The results for the bivariate correlation analysis are shown in Table 9.2. Since 

for normalized data, the beta values for the regression analysis were equal to 

Pearson’s r, and the p-values were identical, we have presented only the bivariate 

correlation results. Correlations below are described as strong (abs (r) > 0.7), 

moderate (0.3 < abs(r) < 0.7) or weak (0 < abs(r) < 0.3). Ln(HARS) and Ln(HDRS) 

are significantly correlated across the four review episodes for the total study cohort, 

as well as the CHD and non-CHD cohorts. Across cohorts and review episodes, the 

smallest value for Pearson’s r is 0.866 and the largest is 0.942, indicating a strong 

correlation between HARS and HDRS. Ln(HARS) and Ln(BDI2) are also 

significantly correlated. Across the four review episodes for the total study cohort, as 

well as the CHD and non-CHD cohorts, the minimum Pearson’s r is 0.658 for the 

non-CHD cohort, fourth review, while the maximum is 0.906 for the same cohort on 

second review. The modified HDRS and HARS scales according to Riskind and 
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colleagues (1987) are still moderately or strongly correlated, with a minimum 

Pearson’s R of 0.58 (total study cohort, fourth review) and a maximum of 0.831 

(CHD cohort, first review). Riskind HARS was also compared to the BDI2, with a 

minimum Pearson’s r of 0.544 (total study cohort, first review) and a maximum of 

0.813 (non-CHD cohort, second review).  

 

Table 9.1: Psychometric Test Scores for Mood and Anxiety in the CHD and 

Non-CHD Cohorts  

    Non-CHD Cohort       CHD Cohort       
Psychometric 
Test BDI2 HDRS HARS RiskD RiskA BDI2 HDRS HARS RiskD RiskA 
R1 Mean 9.67 8.44 7.36 4.18 7.62 10 8.4 7 4.58 7.29 
  SD 10.79 8.13 7.22 4.64 7.38 8.77 7.22 6.58 4.26 6.91 
  Range 0 - 38 0 - 26 0 - 23 0 - 15 0 - 21 0 - 36 0 - 27 0 - 28 0 - 19 0 - 30 
R2 Mean 7.06 6.71 5.53 3.29 6 8.61 6.7 6.15 3.73 6.21 
  SD 9.14 7.38 5.51 4.32 5.95 9.88 7.02 7.16 4.27 7.39 
  Range 0 - 32 0 - 24 0 - 18 0 - 14 0 - 20  0 - 38 0 - 30 0 - 29 0 - 19 0 - 26 
R3 Mean 5.37 6.13 5.8 2.07 7.37 8.38 6.03 6.1 3.28 5.59 
  SD 6.83 5.48 5.01 3.15 5.75 9.63 6.59 7.36 3.72 7.08 
  Range 0 - 34 0 - 24 0 - 19 0 - 14 0 - 18 0 - 38 0 - 24 0 - 24 0 - 13 0 - 25 
R4 Mean 5 6.64 6.59 2.68 7.68 8.04 6.54 5.88 3.83 5.63 
  SD 5.53 6.34 6.01 3.21 6.93 9 6.1 6.26 3.96 6.21 

  Range 0 - 17 0 - 23 0 - 21 0 - 11 0 - 23 0 - 36 0 - 27 0 - 29 0 - 18 0 - 25 
Abs Change                     
(R2 - 
R1) Mean 5.63 4.19 4.16 2.44 3.91 5.27 4.06 3.33 2.36 3.52 
  SD 6.73 5 4.68 3.11 4.91 5.44 3.61 2.87 2.18 3.38 
  Range 0 - 31 0 - 19 0 - 17 0 - 10 0 - 19 0 - 23 0 - 15 0 - 13 0 - 8 0 - 11 
(R3 - 
R2) Mean 4.27 4.77 4.2 2.47 4.67 5.48 4.38 3.21 2.9 2.97 
  SD 5.13 4.62 3.78 3.31 4.66 6.67 3.43 3.12 2.6 3.35 
  Range 0 - 20 0 - 18 0 - 13 0 - 12 0 - 16 0 - 26 0 - 12 0 - 14 0 - 9 0 - 15 
(R4 - 
R3) Mean 3.86 4.45 4.5 2.36 5.05 4.79 4.08 3.46 2.25 3.79 
  SD 3.55 3.47 3.04 2.19 3.63 7.5 4.51 4.01 2.52 4.55 

  Range 0 - 12 0 - 11 0 - 9 0 - 7 0 - 13 0 - 37 0 - 19 0 - 17 0 - 11 0 - 17 
 

(R = Review Episode, RiskD = Riskind HDRS, RiskA = Riskind HARS) 
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Table 9.2: Correlations Between Psychometric Test Scores for Mood and 

Anxiety Using Pearson’s R (Two-Tailed Significance Testing) and Linear 

Regression. 

!! !! !! Pearson's r               

Cohort IV DV Review 1   
Review 

2   
Review 

3   
Review 

4   
Total Ln(HDRS) Ln(HARS) 0.866 ** 0.91 ** 0.92 ** 0.928 ** 

CHD Ln(HDRS) Ln(HARS) 0.867 ** 0.895 ** 0.905 ** 0.935 ** 
Non-
CHD Ln(HDRS) Ln(HARS) 0.866 ** 0.926 ** 0.942 ** 0.925 ** 

Total Ln(BDI2) Ln(HARS) 0.707 ** 0.818 ** 0.749 ** 0.689 ** 

CHD Ln(BDI2) Ln(HARS) 0.751 ** 0.731 ** 0.834 ** 0.753 ** 
Non-
CHD Ln(BDI2) Ln(HARS) 0.668 ** 0.906 ** 0.681 ** 0.658 * 

Total Ln(RiskD) Ln(RiskA) 0.732 ** 0.723 ** 0.664 ** 0.58 ** 

CHD Ln(RiskD) Ln(RiskA) 0.831 ** 0.711 ** 0.798 ** 0.605 * 
Non-
CHD Ln(RiskD) Ln(RiskA) 0.64 ** 0.748 ** 0.685 ** 0.658 * 

Total Ln(BDI2) Ln(RiskA) 0.628 ** 0.738 ** 0.644 ** 0.544 ** 

CHD Ln(BDI2) Ln(RiskA) 0.662 ** 0.669 ** 0.761 ** 0.615 * 
Non-
CHD Ln(BDI2) Ln(RiskA) 0.597 ** 0.813 ** 0.619 ** 0.549 * 

Pearson's R Significance (Two Tailed) * p < 0.01   ** p  < 0.001         
 (ln = natural logarithm, RiskD = Riskind HDRS, RiskA = Riskind HARS) 

 

While there is a range in the strength of correlations, they are moderate to 

strong, with a mean Pearson’s r of 0.751 across all the correlations shown in Table 9.2 

(standard deviation 0.117). All the models were highly significant, with the highest p-

value being 0.008.  

This study did not compare correlations between psychometric measures of 

mood as extensively as for correlations between measures of anxiety and mood. 

Correlations for these measures were performed (using Pearson’s r) for the total 

cohort, then the CHD and non-CHD cohorts, for the first review episode, which had 

the largest number of participants. As expected, correlations are significant and 

strong. Ln(HDRS) was strongly correlated with Ln(BDI2) (Pearson’s r 0.803, p-value 

0.0001) and Ln(BDI2) was strongly correlated with Ln(Riskind HDRS) (Pearson’s r 
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0.813, p-value 0.0001). As expected, Ln(Riskind HDRS) was still strongly correlated 

to Ln(HDRS) (Pearson’s r 0.872, p-value 0.0001). These correlations were similar 

when the CHD and non-CHD participants were separated out. For the CHD cohort, 

Ln(HDRS) correlated with Ln(BDI2) (Pearson’s R 0.801, p-value 0.0001),  Ln(BDI2) 

correlated with Ln(Riskind HDRS) (Pearson’s R 0.789, p-value 0.0001) and 

Ln(Riskind HDRS) correlated with Ln(HDRS) (Pearson’s R 0.913, p-value 0.0001). 

Similarly, for the non-CHD cohort, Ln(HDRS) correlated with Ln(BDI2) (Pearson’s 

R 0.815, p-value 0.0001),  Ln(BDI2) correlated with Ln(Riskind HDRS) (Pearson’s R 

0.832, p-value 0.0001) and Ln(Riskind HDRS) correlated with Ln(HDRS) (Pearson’s 

R 0.842, p-value 0.0001). 

The presence or absence of CHD, gender and age were examined as possible 

covariates, using bivariate correlation. There is one significant but weak correlation 

between gender and the HARS in the first review cohort (Pearson’s R -0.221, p-value 

0.039). No other significant correlations were detected, and on subsequent review 

episodes, there was no detectable correlation between gender and the HARS. 

Goodness of fit statistics for both constrained and unconstrained models on 

measurement invariance analysis for the entire cohort of 87 participants, the CHD and 

non-CHD cohorts are shown in Table 9.3. Tables 9.4, 9.5 and 9.6 present the results 

for individual variable relationships for each review episode on measurement 

invariance analysis. Goodness of fit statistics indicate that overall there is a significant 

relationship between psychometric measures of depression and anxiety over the four 

review episodes, when sample size is not taken into account. RMSEA significance of 

less than 0.05 suggests a good fit and CFI values greater than 0.90 also indicate a 

good fit (e.g. Hoyle, 1995). Overall significance of all models was 0.00001. In 

addition, RMSEA, which is less sensitive to sample size, was consistently 0.0001 for 
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all models, while CFI and TFI were 1, indicating very good fit. These values indicate 

a significant longitudinal relationship between psychometric test scores for depression 

and anxiety over the 6 months that participants were followed up, which is consistent 

with the results observed on bivariate correlation and linear regression. Individually, 

relationships between mood and anxiety measures were significant for each review 

episode, with moderate to high estimates for individual relationships. It should be 

considered that psychometric measures of mood and anxiety varied for individual 

participants over the 6 months (see Table 9.1). However, χ2 values were consistently 

high. A relative χ2 index (χ2 divided by DOF) with values below 3 are considered 

indicative of a close fit between the hypothetical model and the sample data. The χ2 

indexes for all models were above 3, reflecting either high random sampling error, or 

low sample size, or both (e.g. Rigdon, 1996). 

 

 

 

 

 

 

 

 

 

 

 

 

 











 465 

Discussion 

The results of the present study showed that there are significant correlations 

between psychometric measures of mood and anxiety. Moderate to strong correlations 

are observed for the total study cohort, but also for both CHD and non-CHD cohorts. 

Furthermore, the use of invariance testing showed a significant relationship between 

measures of mood and anxiety symptoms that was consistent across time.  

 

Bias and Confounding 

The observed correlations could be ascribed to a systematic bias introduced by 

the single clinician who rated the HDRS and HARS. However, the strong observed 

correlation between mood and anxiety applied for both the clinician rated HDRS and 

the participant rated BDI2 across all participants, as well as when CHD and Non-

CHD groups are compared. The HDRS scores correlate highly with the participant 

rated BDI2 scores, which reflects correlations which are well established in the 

literature. For example, a meta-analysis of data concluded that the BDI2 is strongly 

correlated with the HDRS (r = 0.73) (Beck, Steer, & Carbin, 1988). The BDI2 is also 

strongly correlated with the HDRS revised by Riskind and colleagues (1987) (r = 

0.71) (Beck, Steer, Ball, & Ranieri, 1996).   

We presented modified HDRS and HARS scores to address the issues raised 

by Riskind et al. (1987) of items related to anxiety being present in the HDRS and 

items related to depression being present in the HARS, leading to an artificial 

correlation between these tests  The strong observed correlation between mood and 

anxiety was also found in this study for the modified HDRS and HARS scores, and 

when BDI2 scores are compared with Riskind HARS. Similar results have been found 

in the literature. There are high correlations between self-report measures for anxiety 
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and depression (e.g. Clark & Watson, 1991; Dobson, 1985a, 1985b; Feldman, 1993; 

Tanaka-Matsumi & Kameoka, 1986), leading to the conclusion that psychometric 

tests for MDD and anxiety disorders fail to differentiate between depressive illness 

and anxiety disorders (e.g. Feldman, 1993). Mendels and colleagues (1972) found that 

the Beck Depression Inventory 2, the Zung Self-Rating Depression Scale, the 

Costello-Comrey Scales for Depression and Anxiety, the Zuckerman Multiple Affect 

Adjective Check List, and several Minnesota Multiphasic Personality Inventory scales 

all failed to differentiate depression and anxiety.  

The high co-occurrence of MDD and anxiety disorders, and the correlation 

between psychometric measures of mood and anxiety can be confounded by the 

psychometric measures themselves and their ability to discriminate mood and anxiety. 

For example, the CES-D was not able to discriminate between MDD and GAD 

(Breslau, 1985; Breslau & Davis, 1985a). Both studies concluded that the 

psychometric measure could not discriminate between anxiety and depression 

confirmed by other means (Breslau, 1985; Breslau & Davis, 1985a). This underscores 

the work of Riskind et al (1987) in clearly separating psychometric test items which 

pertain to either mood or anxiety. This study addressed confounding by the 

psychometric tests themselves by using the modified Riskind HDRS and Riskind 

HARS scales and still found a significant correlation between anxiety and mood 

symptoms. This correlation persists over time as demonstrated by measurement 

invariance analysis.  

The results of measurement invariance analysis are also important because 

they track the relationship between two variables which might change from review 

episode to review episode. Some participants in the Heart and Mind Study presented 

with clinical depression but improved over the course of the study. Other participants 
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became more depressed during the course of the study and other participants showed 

no change in their mood status. Mood changes were tracked by correlated anxiety 

scores over time, which is detected by the measurement invariance method. 

Therefore, over a period of 6 months, anxiety remained correlated with mood, 

regardless of whether mood improved, deteriorated, or remained stable.  

Separate examination of CHD and Non-CHD cohorts indicate similar results 

for both cohorts, suggesting that the presence or absence of CHD does not impact 

significantly on the correlation between test scores for anxiety and depression. This 

study had modest numbers, which may have impacted on the results, although the p-

values for all models were highly significant overall.  

 

Implications for Clinical Practice: Diagnostic Classification, Screening and 

Treatment 

This study has focused on the use of psychometric tests to assess mood, 

treated as a continuous variable and ranging from euthymia to depressed mood, as 

recommended previously (Stapelberg et al., 2013). Much of the literature which deals 

with comorbidity is focused on psychopathology such as MDD and GAD. This is also 

true for the literature dealing with the risk of CHD posed by these mental illnesses. 

For this reason, the discussion below is focused on MDD and GAD, although we have 

demonstrated that the correlations discussed apply across the whole spectrum of mood 

(euthymia to depression) and anxiety (asymptomatic through to severe symptoms).  

 

Diagnostic Classification: Comorbidity or spectrum illness?    

As described in the introduction, the co-morbidity of anxiety and mood 

symptoms are well established in the literature. While a rigorous discussion of the 
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diagnostic classification and mood and anxiety disorders is beyond the scope of this 

paper, a brief overview of the literature is given to raise two issues in the 

interpretation of the results presented here. Firstly, the results shown here are 

generally aligned with a large body of literature, which support a significant overlap 

of anxiety and depressive symptoms. However, the literature also provides a range of 

different interpretations of the correlation between depressive illness and anxiety 

symptoms, as well as GAD and other anxiety disorders. 

Several papers have raised the question whether depression and anxiety are 

part of one clinical entity or represent separate mental illness (Breslau & Davis, 

1985b; Dobson, 1985b; Foa & Foa, 1982; Frances et al., 1992; Hettema, 2008; 

Merikangas et al., 2003; Stavrakaki & Vargo, 1986; Watson & Clark, 1984). Others 

have suggested that within the hypothesized single anxiety-depression disease entity, 

anxiety symptoms occur first, followed by depressive symptoms (Breslau & Davis, 

1985b; Feldman, 1993; Noyes Jr et al., 1992). Hettema (2008), in a lucid review of 

the relationship between MDD and GAD, suggested that a strong overlap exists 

between these illnesses and that two etiological hypotheses may apply to explain this.  

The first is that one mental illness is caused by, or is an epiphenomenon of, the other. 

Alternatively, both are caused by common etiological factors, possibly genetic, 

developmental or environmental factors (Hettema, 2008). 

Some characteristics of anxiety have not been extensively examined in the 

context of MDD and further clarification is required. For example, tonic immobility, 

the tendency to ‘freeze’ in fear (Gallup, 1977), is described as part of the ‘fight, flight 

freeze and collapse’ response in the context of anxiety. Freezing to avoid predation 

has been discussed as an evolutionary survival trait (e.g. Arduino & Gould, 1984). In 

humans, tonic immobility has been described in the context of rape and PTSD, where 
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it has been suggested that rape-induced paralysis appears to share many of the 

features of tonic immobility (e.g. Galliano, Noble, Travis, & Puechl, 1993). Tonic 

immobility has been demonstrated empirically in the context of human exposure to a 

biological stressor (e.g. Schmidt, Richey, Zvolensky, & Maner, 2008).  However, 

tonic immobility has also been linked to the polyvagal theory and vagal dysfunction 

(e.g. Porges, 2001), which is also implicated in MDD (e.g. see Stapelberg et al., 

2012). Vagal dysfunction and its role in MDD has been explored in a physiological 

context in Chapters 2 and 3 (Stapelberg et al., 2011; Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2015). Further work on how the symptoms of anxiety 

disorders and MDD differ in the context of physiological response would assist in 

clarifying their relationship to each other. 

Several studies have examined the temporal relationship between AD’s such 

as GAD and MDD. There is evidence that MDD occurs as a temporary, secondary 

episode comorbidly with existing AD’s (De Graaf, Bijl, Spijker, Beekman, & 

Vollebergh, 2003; Kessler et al., 2003; Regier, Rae, Narrow, Kaelber, & Schatzberg, 

1998). AD’s are often observed to occur first, suggesting that people with an AD have 

a greater risk of developing MDD than people with MDD have of developing an AD 

(Hettema, 2008; Maser & Cloninger, 1990). Anxiety disorders have therefore been 

viewed as a significant risk factor for MDD (Andrade et al., 2003; Bittner et al., 2004; 

Hettema, Prescott, & Kendler, 2003; Hettema, 2008; Kessler, Nelson, McGonagle, & 

Liu, 1996). However if AD’s and MDD are viewed as one condition, then the 

temporal relationship between anxiety and depression may still be one where anxiety 

often precedes depressive symptoms in one spectrum disorder. Others have argued 

that anxiety and depressive illness fall into three groups - MDD, anxiety disorders 

such as GAD and then a third group of comorbid or combined anxiety and depression 
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(e.g. as discussed in  Frasure-Smith & Lesperance, 2008), which reflects current 

diagnostic classification (DSMV). Combined anxiety and depression has also been 

found to be more resistant to treatment (see Frasure-Smith & Lesperance, 2008). 

Merikangas and colleagues (2003) also found that comorbid depression and anxiety 

had significant longitudinal stability, compared to either syndrome in isolation, in a 

sample of 4547 participants in the Zurich Cohort Study. While the work described 

here does not help to clarify implications for the diagnostic classification and mood 

and anxiety disorders, it does show that there is a correlation between symptoms of 

depression and anxiety which persists over at least 6 months, and that the correlation 

persists regardless of changes in mood over that period.  

Depression, Anxiety and the Risk of Coronary Heart Disease 

As discussed in the introduction, relationships between MDD and CHD, as 

well as anxiety disorders such as GAD and CHD are well established. A key clinical 

question is whether both depressive illness and anxiety confer equal risk of 

developing CHD. The relationship between anxiety and CHD is complex. Meyer and 

coworkers (2010) found that in people with CHD, but no history of MI, anxiety 

actually increased survival, whereas in people post-MI, anxiety was associated with 

increased mortality. The study recruited 2315 people with anxiety disorders 

(generalized anxiety disorder, panic disorder, social phobia and agoraphobia) or 

MDD, as well as 492 healthy controls, both male and female. The study, however, 

had a cross-sectional design, which the authors recognized as a limitation. In addition, 

the relationship between anxiety and CHD is different in men and women. A large 

cohort study of 1578 men and 1417 women were assessed for CHD at baseline and 

again after almost 6 years (Holt et al., 2013). Depression and anxiety were assessed 
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using the HADS-A and HADS-D scales. Higher baseline HADS-D scores were 

associated with increased odds ratios for CHD in men and in women, but higher 

HADS-A scores were only associated with increased CHD in men. Additionally, 

elevated HADS-D scores predicted incident CHD, all-cause and cardiovascular 

mortality in men but not in women. Despite these complex relationships, it has been 

suggested that considering MDD and GAD as part of the same broad diagnostic 

classification  may particularly hold true for patients with CHD (Frasure-Smith & 

Lesperance, 2008). 

 

Screening and treatment. 

The clinical implications of the close relationship shared by anxiety and mood 

in people with and without CHD are significant. The screening of CHD patients for 

MDD has been widely suggested in the literature, for example, in the USA, (Lichtman 

et al., 2008), in the UK (Depression, 2009) and in Australia (Colquhoun et al., 2013). 

It has also been suggested that CHD patients may be at risk of further adverse cardiac 

if they have suffered from either depression or anxiety (Frasure-Smith & Lesperance, 

2008). It is recommended that CHD patients in particular be screened for anxiety 

symptoms and mood symptoms. Such recommendations have been made before. For 

instance, Rutledge et al. (2009) recommended that psychometric measures of 

depression and anxiety should be used in combination in future studies. We also 

recommend that treatment should take the co-morbidity of MDD and anxiety 

disorders into account. Fortunately, treatments for MDD are also efficacious for 

anxiety disorders such as GAD, an argument which has also been used to support the 

concept anxiety and depressive symptoms being part of one underlying illness (e.g 

summarised in Hettema, 2008).  
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Implications for Research 

The relationship between anxiety and mood may have implications for 

research into both mood and anxiety disorders. The results presented in this paper 

show a high correlation between mood and anxiety symptoms, which would provide 

support for anxiety symptoms being taken into account in future studies. Our results 

also show a strong linear relationship between anxiety and mood symptoms. For 

future studies employing multiple regression analysis, for example, this strong 

correlation would result in significant multicollinearity if anxiety and mood 

symptoms were covaried. One possibility is to create a combined “mood and anxiety” 

variable for statistical use, possibly by adding standardised mood and anxiety scores. 

However, such a combined variable may not be useful in terms of clinical 

interpretation of the research due to the two conditions being treated separately. A 

further possibility is to use only the depression measure or only the anxiety measure, 

because the magnitude of one is highly correlated with the magnitude of the other. 

Such an approach would involve significant assumptions, such as anxiety and mood 

having equal effect on the dependent variable, such as the risk of CHD. The study by 

Frasure-Smith and Lespérance (2008), discussed above, found that approximately the 

same percentage of participants with both GAD and MDD experienced major adverse 

cardiac events as those with only either MDD or GAD, providing possible support for 

such an approach. If this is the case, it would suggest that while many studies on the 

relationship between MDD and CHD, for example, did not take anxiety into account, 

their results would still be valid if there is a high linear correlation between anxiety 

and mood.  
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In addition, regardless of whether MDD and GAD are to be clinically 

considered as part of the same broad diagnostic classification, or if they are simply 

considered to share high comorbidity, it does raise the question as to what extent 

psychometric tests for depression and anxiety are interchangeable in research? In this 

respect, caution is advised in future research. It has been argued that much of the 

research on the relationship between MDD and CHD, for example, has not taken into 

account the high rates of comorbidity of anxiety disorders and MDD. The evidence 

base is not large enough to know whether the association of either anxiety disorders 

with chronic physical conditions such as CHD, or MDD with CHD, are confounded 

by comorbidity between MDD and anxiety disorders (e.g. Scott et al., 2007). Some 

studies have also shown complex effects due to the interaction of mood and anxiety. 

For example, Vogelzangs et al. (2010) found that depression was not 

associated with increased risk of CHD, but that anxiety significantly increased risk. 

Comorbid anxiety and depression led to increased risk of CHD, indicating that 

anxiety may be an important confounder which modulates the relationship between 

MDD and CHD. The study recruited both males and females. Similarly, in a study of 

489 women, the Beck Depression Inventory (BDI) and State Trait Anxiety Inventory 

(STAI) were used to determine the contribution of depressive and anxiety symptoms 

to the risk of incident CHD (Rutledge et al., 2009). Depression scores significantly 

predicted risk when anxiety scores were low, but not when anxiety scores were high. 

Thus, the predictive capacity of depression to determine adverse cardiac events varied 

by the severity of comorbid anxiety. It should be noted that one limitation of this 

study was that it recruited women only and may thus be less generalizable to the 

general population.  
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Watkins and coworkers (2006) studied ventricular arrhythmias as an outcome 

measure, as a potential cause of increased sudden cardiac death in people with 

depression and phobic anxiety. Ventricular arrhythmias were significantly and 

separately related to both higher phobic anxiety and depression, and depressive 

symptomatology was also significantly correlated with phobic anxiety. A composite 

of depression and phobic anxiety, however, predicted ventricular arrhythmias with a 

larger effect size than either condition alone, suggesting that measures of depression 

and anxiety not only influence each other, but can potentiate each other. However, in 

a study where 804 patients with stable CHD were followed up over two years, 

approximately the same percentage of participants with both GAD and MDD 

experienced major adverse cardiac events as those with only either MDD or GAD 

(Frasure-Smith and Lespérance, 2008). In summary, the high correlation between 

measures of mood and anxiety might result in challenges with some statistical 

analysis methods, for example the issue of multicollinearity in regression analysis, 

prompting a separate analysis of variables. These variables should not be considered 

interchangeable, however, and results should be interpreted judiciously.  

 

Limitations of the Study 

A limitation of this study was the sample size. While it could be argued that 

despite small numbers a statistically significant correlation between mood and anxiety 

symptoms was observed, a study with more participants would provide more robust 

evidence for this relationship and would also be able to better detect the effects of 

covariates, such as age and gender. A related limitation was the small number of men 

in the Non-CHD cohort and the small number of women in the CHD cohort, which 

should be addressed by a larger study. Future studies could also compare other 
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psychometric measures which are commonly used in people with comorbid medical 

illness, such as the Hospital Anxiety and Depression Scale (HADS) (e.g. reviewed in 

Stapelberg et al., 2013).  

Significant models were achieved for measurement invariance analysis for 

HARS as compared to HDRS and BDI2, and also for the modified Hamilton Scales, 

the Riskind HARS and Riskind HDRS, and for comparison of the Riskind HARS 

with BDI2. However, χ2 values were consistently high across constrained and 

unconstrained models, suggesting caution in the interpretation of these results. The 

high values may reflect the changes in sample size between review episodes, which 

changed from 87 to 46 participants over the 4 review episodes due to participant 

attrition. In addition, it should be noted that other goodness of fit statistics, such as 

TFI and CFI are at the extreme value of 1 and RMSEA values are very low. This may 

be reflective of the application of this methodology across the same participants over 

time, even though not all participants returned for follow-up review. In summary, the 

invariance analysis results do reflect the bivariate correlation and regression results, 

especially the results for individual review episodes in the invariance models, 

however the results should be interpreted cautiously. It is recommended that such a 

study be repeated with a much larger sample size to confirm goodness of fit results. 

 

Conclusion 

This study presents evidence for a high correlation between mood and anxiety 

symptoms in people with CHD and in medically healthy participants. This correlation 

was statistically significant and consistent over four review periods across 6 months. 

This finding extends across clinician-rated and participant-rated psychometric 

measures, and also for modified versions of the HDRS and HARS. These findings are 
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consistent with a large body of literature demonstrating significant co-morbidity of 

mood and anxiety symptoms in a variety of settings, although the ultimate 

implications of this close relationship for psychiatric diagnostic frameworks are still 

being debated. The established correlation has important implications for clinicians, 

underlining the need to screen for depressive illness and anxiety disorders, and to 

pursue such screening in CHD patients in particular. It also emphasises the 

importance of tailoring therapy not only to depression, but also simultaneously to 

anxiety disorders such as GAD, particularly in CHD patients. There are also 

important implications for research. There is a large, and growing, body of research 

into the relationships between CHD and mental illnesses such as MDD. The focus has 

been largely on MDD and CHD, with less research being conducted for the 

relationship between CHD and anxiety disorders. It is strongly recommended that 

studies examining relationships between mood and coronary heart disease take 

anxiety into account. Dealing with anxiety as a covariate in such studies may be 

complex. Given the high correlation between psychometric scores for mood and 

anxiety, specific statistical measures may be required to avoid multicollinearity in 

regression analysis, but the results presented here justify separate analysis of 

depression and anxiety scores, due to their significant correlation. However, larger 

studies are required to further confirm the above findings in people with and without 

CHD and to further resolve possible effects from confounding variables, as well as to 

confirm invariance testing results over time.  
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Chapter 10 

Relationships Between A Measure of Depression and Heart Rate Variability in 

People With and Without Coronary Heart Disease 

Preamble 

This chapter presents the first empirical findings of the Heart and Mind Study. 

This study is informed by the work presented in previous chapters, including the 

reviews of the literature (Chapters 2-5), the feasibility study presented in Chapter 7, as 

well as the methodological investigations presented in Chapters 8 and 9. The results 

are presented in the paper below, which will be submitted for publication in a peer 

reviewed journal. The paper includes a review of the literature around the 

confounding influences of gender and age on heart rate variability (HRV) in 

particular. This was necessary due to the complexity and linked nature of moderation 

by gender and age in the present study. The analysis presented has allowed a synthesis 

of previous findings to be presented, which are aligned with the results obtained in 

this study, presenting a unique contribution to the literature. 
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Abstract 

Background 

Heart rate variability is related to major depressive disorder (MDD) in 

medically healthy people and in people with coronary heart disease (CHD). Studies 

on healthy people predominantly examined depression as a categorical variable and 

used short RR interval recordings. Studies recruiting people with CHD also frequently 

examined MDD as a categorical variable but used 24 hour recordings. Complex 

moderators such as age and gender, the limited reporting of short and long term HRV 

measures as separate constructs, as well as methodological differences and small 

sample size, have led to conflicting findings. 

Methods 

This study examined 13 time domain, frequency domain and non-linear HRV 

measures using 24 hour RR interval recordings. HRV measures and Hamilton 

Depression Rating Scale score were used as continuous variables. Single and multiple 

linear regression analyses were used to examine relationships between psychometric 

test scores and HRV measures in 50 participants with CHD, 38 participants without 

CHD and the entire cohort. Age and gender were covariates in the multiple regression 

analysis. 

Results 

Several significant single and multiple linear regression models were obtained 

in the total study cohort and the CHD cohort only. No significant regression models 

were obtained for the non-CHD cohort.  
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Discussion 

The relationships between mood and HRV may be influenced by age and 

gender. Gender in particular is a complex moderator of HRV. In addition, it is 

hypothesised that people with CHD are likely to be in a different stable state of 

autonomic control from people without CHD, which may explain differences in the 

results between CHD and non-CHD cohorts. It is recommended that future studies 

further clarify the influence age and gender in large cohorts, examining depression as 

a continuous variable and using 24 hour RR cardiac recordings. 
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Introduction 

An extensive body of literature exists on the reciprocal relationship between 

Major Depressive Disorder (MDD) and cardiac dysfunction, especially Coronary 

Heart Disease (CHD), both in terms of each disease acting as a risk factor for the 

other (e.g. Charlson, Stapelberg, Baxter, & Whiteford, 2011; Holt et al., 2013) and the 

potential mechanisms for this reciprocal relationship (Charlson et al., 2013; 

Stapelberg, Hamilton-Craig, Neumann, Shum, & McConnell, 2012; Stapelberg, 

Neumann, Shum, McConnell, & Hamilton-Craig, 2011; Stapelberg, Neumann, Shum, 

McConnell, & Hamilton-Craig, 2015). An important mechanism which is related to 

both cardiac function and mood is heart rate variability (HRV). Measures of HRV 

examine the changes in beat-to-beat intervals in a continuous cardiac recording (e.g. 

Carney et al., 2001). Given the correlation of HRV to both mood and cardiac 

function, HRV has been linked separately to both cardiac pathology (e.g. CHD), and 

mood dysfunction (e.g. MDD). One of the important aspects of this literature is the 

significant heterogeneity of studies, as well as the prominence of confounders, which 

have obstructed the clarity of findings and hampered an overall consensus of results 

(Frasure-Smith & Lesperance, 2006; Lichtman et al., 2014; Stapelberg, Neumann, 

Shum, McConnell, & Hamilton-Craig, 2013; Thayer, Smith, Rossy, Sollers, & 

Friedman, 1998).  

Recommendations for future studies on relationships between mood and 

cardiac function in general, and with regards to studies using HRV measures in 

particular, have been put forward (Stapelberg et al., 2012; Stapelberg et al., 2013). 

These recommendations were used to design the Heart and Mind Study. One aim of 

this study is to test the hypothesis that there are linear correlations between mood, as a 
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continuous variable measured by psychometric testing, with several measures of heart 

rate variability (HRV) based on 24 hour ambulatory recordings. A further aim was to 

examine how HRV correlated with psychometric measures of mood in people with 

and without CHD.  

Heart Rate Variability Measures  

HRV measures are divided into linear and non-linear measures. The former 

are further divided into time domain and frequency domain measures (Lahiri, 

Kannankeril, & Goldberger, 2008). Time domain measures as a group represent 

statistical calculations on RR intervals (Kleiger, Stein, Bosner, & Rottman, 1992) and 

may include calculations such as the root mean square of successive RR interval 

differences (RMSSD). Several review papers and other literature provide detailed 

information on these HRV measures and their calculation (e.g. Acharya, Joseph, 

Kannathal, Lim, & Suri, 2006; NASPE, 1996; Tarvainen & Niskanen, 2008; Voss, 

Schulz, Schroeder, Baumert, & Caminal, 2009).  

Frequency domain measures are derived from the spectral analysis of RR 

interval sequences. They can be calculated by using either fast Fourier transform 

(FFT) methods or autoregressive modeling (AR) (Marple Jr, 1987). Frequency 

domain measures calculate how the variance in the RR intervals (power) is distributed 

as a function of frequency (van Zyl, Hasegawa, & Nagata, 2008). The calculations 

yield three frequency distribution peaks which are commonly used in HRV studies - 

the very low frequency range (VLF) of 0.003 to 0.04 Hz, low frequency range (LF) of 

0.04 to 0.15 Hz, and high frequency range (HF) of 0.15 to 0.4 Hz. The FFT and AR 

calculations yield absolute powers (expressed in units of ms2), relative powers 

(expressed as %) for the VLF, LF, and HF bands and the LF and HF band powers, 

expressed in normalized units (n.u.) (Tarvainen & Niskanen, 2008). Peak frequencies 
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for each band (expressed in units of Hz) and the LF/HF power ratio can also be 

derived (Tarvainen & Niskanen, 2008). 

Non-linear HRV measures are different from the time and frequency based 

linear measures because they reflect the complex behavior in cardiac control systems 

(Voss et al., 2009), including fractal properties, which are scale-independent (e.g. 

Goldberger & West, 1987a, 1987b). Non-linear HRV measures include Power Law 

Slope, Detrended Fluctuation Analysis, SD12 (Poincaré dimension) and Lyapunov 

Exponents.  

It has been demonstrated that several different HRV measures, especially 

among the time domain and frequency domain HRV measures, are highly correlated 

(NASPE, 1996). In 24 hour cardiac recordings, SDNN is highly correlated with 

measures such as SDANN and ultra low frequency power (ULF), as are SDNN Index 

and VLF power (Bigger Jr et al., 1992). These measures all reflect longer period 

oscillations in the variability of heart rate and are thus referred to as long term HRV 

measures. RMSSD, pNN50 and HF power are also highly correlated (Bigger Jr et al., 

1992). These measures are referred to as short term HRV measures, as they reflect 

more rapid oscillations in heart rate, such as respiratory sinus arrhythmia, which is 

linked to parasympathetic control (Levy, 1990). Some non-linear measures also 

reflect short and long term HRV and are refrerred to here as short term and long term 

HRV measures. The derivation of HRV measures used in this study are summarised 

in Table 10.1. 
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Table 10.1. A Basic Description of Heart Rate Variability Measures 
 
 

HRV Measure Description Long Term or 
Short Term HRV 

Measure 

Unit of 
Measurement 

  
Time Domain Heart Rate Variability (HRV) Measures 

  

SDNN The standard deviation of all RR intervals Short and Long 
Term 

ms 

SDANN The standard deviation of all the 5-minute NN interval means(i.e., the 
standard deviation of 288 NN means) 

Long Term ms 

RMSSD The root-mean-square successive difference, represents the square 
root of the mean of the squared differences between successive NN 
intervals over 24 hours 

Short Term ms 

HRV Triangular 
Index 

The integral of the histogram of RR intervals  divided by the height 
of this histogram, with a bin width of 1/128 seconds 

Long Term No Units 

  
Frequency Domain Heart Rate Variability (HRV) Measures 

  

High Frequency 
(HF) Relative 
Power 

The ratio of HF power divided by total power expressed as a 
percentage 
 
 

Short Term % 

High Frequency 
(HF) 
Normalised 
Power 

The ratio of HF power divided by total power, with the very low 
frequency power subtracted 
 

Short Term n.u. 

Low Frequency 
(LF) Relative 
Power 

The ratio of LF power divided by total power expressed as a 
percentage 
 
 

Long Term % 

Low Frequency 
(LF) 
Normalised 
Power 

The ratio of LF power divided by total power, with the very low 
frequency power subtracted 
 

Long Term n.u. 

Very Low 
Frequency 
(VLF) Relative 
Power 

The ratio of VLF power divided by total power expressed as a 
percentage 
 
 

Long Term % 

  
Non-Linear Heart Rate Variability (HRV) Measures 

  

Detrended 
Fluctuation 
Analysis (DFA) 

A method for determining the statistical self-similarity of a signal 
over different scales of magnitude. A Short term fluctuation slope 
(alpha1) and long term fluctuation slope (alpha2) are calculated. 

Short and Long 
Term. A measure of 
signal complexity. 

Alpha1: Short Term 
Alpha2: Long Term 

No Units 

Poincaré Plot Poincaré plot is used to quantify self-similarity of a signal over time. 
Each RR interval is plotted as a function of its adjacent RR interval. 
The standard deviation of the Poincaré plot perpendicular to the line-
of-identity is calculated (SD1), as well as the plot along the line-of-
identity (SD2) are then derived. 

Short and Long 
Term. A measure of 
signal complexity. 
SD1: Long Term 
SD2: Short Term 

ms 
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The Relationship Between Heart Rate Variability, Coronary Heart Disease and 

Major Depressive Disorder 

People with CHD are at increased risk of developing MDD (Carney & 

Freedland, 2003; Katon, 2011; Rozanski, Blumenthal, & Kaplan, 1999; Thombs et al., 

2006). Conversely, MDD is a risk factor for the development of CHD (Rugulies, 

2002; Wulsin & Singal, 2003). Furthermore, in people with CHD, MDD increases the 

risk of further adverse cardiac events (Barth, Schumacher, & Herrmann-Lingen, 2004; 

Carney et al., 1988a; Frasure-Smith, Lesperance, & Talajic, 1993; Musselman, Evans, 

& Nemeroff, 1998; Penninx et al., 2001; Rugulies, 2002; Wulsin & Singal, 2003). 

HRV has been one of the measures used to investigate and clarify this relationship. 

The correlation between MDD and CHD might be influenced by a reduction in HRV 

in both diseases (e.g. Sayar, Güleç, Gökçe, & Ak, 2002). In addition, differences in 

HRV across gender have been suggested to explain the greater incidence of CHD in 

men (Ryan, Goldberger, Pincus, Mietus, & Lipsitz, 1994).  

HRV decreases after a myocardial infarction (MI) (a clinical marker of CHD 

in many studies) because of loss of autonomic control of the heart (Lombardi et al., 

1987). HRV increases again to some extent in the 12 months after MI, but does not 

recover to healthy levels (Bigger, Fleiss, Rolnitzky, Steinman, & Schneider, 1991; 

Mazzuero, Lanfranchi, Colombo, Giannuzzi, & Giordano, 1992; Schwartz et al., 

1988). Several studies have examined HRV in depressed and non-depressed 

participants with CHD (e.g. Carney et al., 2001; Carney et al., 1988b; Carney et al., 

1995; Drago et al., 2007; Gehi, Mangano, Pipkin, Browner, & Whooley, 2005; 

Krittayaphong et al., 1997c; Martens, Nyklíček, Szabo, & Kupper, 2008; Stein et al., 

2000). HRV was lower in depressed people than in non-depressed people for those 

with CHD but not for those who had no CHD (Carney et al., 1988b; Carney et al., 
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1995; Drago et al., 2007; Krittayaphong et al., 1997b; Stein et al., 2000). Other 

studies failed to show an association (Gehi et al., 2005; Martens et al., 2008). 

However, the study by Martens et al. (2008) attempted to correlate history of MDD, 

rather than acute MDD, with HRV, possibly accounting for the observed lack of 

association. The study by Gehi et al. (2005) was large (873 participants). However, 

participants with depression were medicated with antidepressant medication, which 

has a significant impact on HRV, as acknowledged by the authors (Gehi et al., 2005).  

The relationship between mood dysfunction in the form of MDD and HRV is 

also well studied in people without CHD. Studies to date have employed either 24 

hour ambulatory cardiac recordings, or short recordings of around 5 minutes in 

controlled settings (e.g. with the patient supine and at rest) in accordance with 

standardized protocols (European Task Force, 1996). These studies have produced 

conflicting results. Several studies found no differences between HRV in depressed 

versus non-depressed participants (Bär et al., 2004; Moser et al., 1998; Yeragani et 

al., 1991). Other studies reported a reduction in HRV in depressed people (Agelink, 

Boz, Ullrich, & Andrich, 2002; Dalack & Roose, 1990; Guinjoan, Bernabó, & 

Cardinali, 1995; Nahshoni et al., 2004; Rechlin, Weis, Spitzer, & Kaschka, 1994; 

Tulen et al., 1996; van der Kooy et al., 2006). Some of the studies cited above 

reported a decrease in HRV measures for depressed people associated with short-term 

RR interval correlations across cardiac recordings (e.g. Agelink et al., 2002), other 

studies found changes in long-term HRV measures also (e.g. Boettger et al., 2008b; 

van der Kooy et al., 2006). 

The inconsistency of findings have been attributed to the confounding effects 

of medication, anxiety, age and gender, as well as methodological differences, such as 

length of cardiac recordings (Kemp et al., 2010; Stapelberg et al., 2012; Thayer et al., 
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1998). Both age and gender moderate the relationship between MDD and HRV 

(Antelmi et al., 2004; Cowan, Pike, & Burr, 1994; Korkushko, Shatilo, Plachinda, & 

ShatiloShatilo, 1991; Shannon, Carley, & Benson, 1987; Umetani, Singer, McCraty, 

& Atkinson, 1998). The effects of gender on HRV are moderated by age (e.g. 

Umetani et al., 1998) and are also different for non-depressed and depressed females 

compared to males (Thayer et al., 1998). This results in complex interactions between 

HRV, gender, age and mood. 

Methodological differences in studies may also contribute to differences in 

findings. These have been discussed in detail elsewhere, particularly with regard to 

studies examining mood in patients in the context of CHD (Stapelberg et al., 2013). 

While both short duration (around 5 minutes) and longer duration (24 hour) 

recordings are accepted standards for data gathering (European Task Force, 1996) 

short cardiac recordings are generally performed in controlled settings, for example 

supine rest (e.g. Dawood et al., 2007) and may have added methods to control 

physiological parameters, for example paced breathing (e.g. Sandercock et al., 2008), 

or changing posture (Yeragani et al., 1991). These methods may introduce variations 

in HRV measurement outcomes (e.g. Sandercock et al., 2008). RR interval recordings 

over 24 hours are ambulatory and therefore less controlled. They also incorporate 

diurnal changes over sleep and wake periods which influence HRV (European Task 

Force, 1996). Longer recording periods have been found to give greater accuracy to 

certain frequency domain measures such as VLF and ULF. Having larger data sets, 

based on 24h recording periods, has also been suggested to be optimal for non-linear 

analysis (Ksela et al., 2009). Time domain measures are considered superior in long-

term (24 hour or longer) cardiac recordings. This is because the lower stability of 

heart rate modulations during long-term recordings, in part contributed to by diurnal 
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rhythms (the sleep-wake cycle), making the results of frequency methods less reliable 

(NASPE, 1996). 

Most of the studies attempting to correlate HRV measures with mood have 

examined depressed or non-depressed mood as a categorical variable. For example, 

studies by (Agelink et al., 2002; Agelink et al., 2001a; Bär et al., 2004; Boettger et al., 

2008a; Dawood et al., 2007; Lehofer et al., 1997; Moser et al., 1998; Rechlin et al., 

1994; Sayar et al., 2002; Thayer et al., 1998; Udupa et al., 2007; van der Kooy et al., 

2006; Yeragani et al., 1991; Yeragani & Radhakrishna Rao, 2003) all categorically 

compared depressed and non-depressed cohorts. They did not compare the magnitude 

of HRV (a continuous variable) with the magnitude of a psychometric measure of 

mood as a continuous variable. There has been much less work done in correlating 

both healthy (euthymic) mood and depressed mood, as a continuous variable, to 

cardiac function (Stapelberg et al., 2013). In addition, of the studies cited above, only 

those by Boettger et al. (2008a) and Sayer et al. (2002) used 24 hour RR interval 

recordings, while the others employed short duration recordings. We are not aware of 

studies that have used 24 hour cardiac recordings to compare the correlation of mood 

and a large number of HRV measures in people with, and without, CHD.  

In summary, studies exploring relationships between mood and HRV in 

people with, and without, CHD have been impacted by measurement approaches to 

HRV, such as recording length, statistical analysis, and confounders. In order to test 

the hypothesis that there are linear correlations between mood, with several measures 

of HRV, in people with and without CHD, these factors were taken into account in 

our study methodology and data analysis.  
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Methodology 

 

The Heart and Mind Study Design and Participants 

The number of participants recruited and excluded is shown in Figure 10.1. 

The Heart and Mind Study incorporated two cohorts of participants recruited from the 

community. One cohort had CHD, defined by the index event of myocardial 

infarction. Another cohort had no chronic general medical conditions. The study was 

approved by the Griffith University Human Research Ethics Committee (HREC) and 

the Gold Coast Hospital HREC and all participants provided their written consent to 

participate. Data from 88 participants was analysed, comprising 47 people with 

coronary heart disease (CHD) and 41 people without CHD. There were 50 males and 

38 females, of which 38 males and 9 females had CHD, while the non-CHD group 

comprised 12 males and 29 females. The gender distribution in the CHD cohort 

reflects the greater incidence of myocardial infarction in men (e.g. Kannel, Sorlie, & 

Mcnamara, 1979). The age of participants ranged from 34 years to 80 years, with a 

mean age of 58.69 years (SD 10.43). In participants with CHD, the minimum time 

since MI was 3 months, maximum 133 months, with a median of 9 months. The mean 

age for females was comparable to that of males in the entire cohort (mean age of 

males 58.62 years, SD 10.62 and females 58.79 years, SD 10.31). The difference was 

more pronounced in both the non-CHD cohort (mean age of males 54.42 years, SD 

9.49, and females 57.24 years, SD 10.05) and the CHD cohort (mean age of males 

59.95 years, SD 10.73 and females 63.78 years, SD 10.11). 
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Figure 10.1 Overview of Recruitment to the Heart and Mind Study 
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The inclusion criteria for participants into the non-CHD cohort were no 

cardiac conditions or chronic medical conditions. Participants either had no mental 

illness, or would meet DSM4-TR criteria for Major Depressive Disorder, with no 

co-morbid psychiatric diagnoses. The inclusion criteria for participants into the CHD 

cohort were as above, but participants had known coronary heart disease as defined 

by an index event of myocardial infarction or surgical intervention for CHD, such as 

coronary artery stenting. People were excluded if they were under the age of 18 years, 

did not have capacity to consent, had intellectual impairment, had suffered a brain 

injury, were pregnant, or were substance dependent. Participants were also excluded 

if they had a chronic medical illness like diabetes, which could affect HRV measures, 

if they had a longstanding mental illness such as bipolar disorder or schizophrenia, or 

if the severity of mental illness was such that involuntary treatment would have been 

indicated. 

Participant Assessment 

Participants underwent a structured psychiatric interview and medical history, 

followed by psychometric testing. The assessment served as a qualitative 

confirmation of the diagnosis of MDD if applicable and to rule out other psychiatric 

disorders on Axis 1 and Axis 2 as per the DSM4TR multi-axial diagnostic system 

(American Psychiatric Association, 2000). In addition, any medical conditions which 

might confound HRV measures were ruled out. Each participant underwent a Holter 

Study within five days of their initial interview to obtain a 24 hour ambulatory RR 

interval recording. The average time between psychometric assessment and Holter 

recording for all reviews was 1.6 days (SD = 1.6).  
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Psychometric Measures 

Across the two cohorts, depressed mood was assessed using two psychometric 

measures, the Beck Depression Inventory 2 (BDI2), which is self-rated, and the 

Hamilton Depression Rating Scale (HDRS), which is clinician rated. Mood was 

measured as a continuous variable. In addition, anxiety was measured using the 

Hamilton Anxiety Rating Scale (HARS). Work by Riskind and colleagues (1987) has 

been critical of the structure of the HDRS and the HARS. It was suggested that the 

HDRS contained several items which pertained to anxiety and the HARS contained 

items pertaining to depression, potentially compromising both measures. Riskind et 

al. (1987) therefore modified both the HDRS and the HARS. In Chapter 9, a high 

correlation was shown between measures of anxiety and mood (this chapter also 

compared the scales modified by Riskind et al. (1987). The conclusion from Chapter 

9 was that mood or anxiety measures could be used interchangeably in data analysis 

due to their high correlation. In addition, for measures of mood, either the HDRS, or 

the BDI2, or the Riskind modified HDRS could be employed. However, in order to 

avoid familywise error, only the HDRS was employed in this study. Please see 

Chapter 12 for further discussion.    

 

Holter RR Interval Recordings 

The gathering of 24 hour ambulatory cardiac recordings for HRV analysis was 

achieved using Philips Zymed Digtrak XT 24hr Holter monitors. A preprocessing tool 

was developed to remove artefact from the recorded RR interval data, which is 

described in Chapter 8. The preprocessing tool was used to preprocess the 24 hour 

Holter recordings. Data sets were excluded if Holter data contained more than 10% 
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artefact. Detrending using the priors method was performed using Kubios HRV 

software (Tarvainen, Ranta-aho, & Karjalainen, 2002). Kubios HRV software was 

used to calculate HRV measures (Tarvainen, Niskanen, Lipponen, Ranta-Aho, & 

Karjalainen, 2009; Tarvainen, Niskanen, Lipponen, Ranta-Aho, & Karjalainen, 2014).  

 

Choice of HRV Measures  

This study examined a range of HRV measures due to the different advantages 

of different groups of HRV measures. Frequency domain measures in particular have 

been suggested to have a direct biological correlates. For example, high frequency 

HRV measures are suggested to be associated with parasympathetic activity. Both 

time-domain and frequency domain measures have limitations imposed by the 

complexity of RR interval series (NASPE, 1996). Non-linear HRV measures are able 

to provide measures of complexity in RR interval recordings but have less direct 

biological correlation with specific control mechanisms. There is also a significant 

correlation between time domain, spectral measures, and some non-linear measures 

(Bigger Jr et al., 1992; NASPE, 1996). Elucidated relationships between any HRV 

measures and psychometric tests might be similar in the range of HRV measures 

already known to be correlated, which would demonstrate reproducibility of any 

elucidated relationships. However, a large number of comparisons would raise the 

statistical issue of inflated familywise error (e.g. Curran-Everett, 2000; Matsunaga, 

2007). The testing of multiple null hypotheses in a family of comparisons will 

increase the chance of Type I error (falsely rejecting a correct null hypothesis) in 

proportion to the number of comparisons made (e.g. Curran-Everett, 2000). A small 

group of HRV measures, based on several criteria, was thus chosen to minimize 

inflated Type I error. The first criterion was the use of the most commonly used (and 
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validated) HRV measures employed to examine depression and ischaemic heart 

disease in the literature (e.g. NASPE, 1996). The second was the availability of 

capacity to calculate HRV measures using the software Kubios HRV (Tarvainen et 

al., 2009; Tarvainen et al., 2014). The third was the need to examine both long term 

and short term measures of HRV. The fourth was the sensitivity of HRV measures to 

artefact. In Chapter 8, it was demonstrated that some HRV measures are more robust 

to artefact than others. The preprocessing tool described in Chapter 8 has low 

interpolation rates for normal RR intervals, and interpolates most, but not all, 

erroneous RR intervals (sensitivity 0.84, SD 0.09, specificity 1.00, SD 0.01). 

However, combining a preprocessing tool with high specificity, with the use of HRV 

measures which are intrinsically robust to artefact, allows for the best reliability of the 

HRV data.  

Based on these criteria, SDNN, RMSSD, SDANN and RR Triangular Index 

were assessed as representative of time domain measures. Relative power (VLF, LF 

and HF) and normalised power (LF and HF), both as calculated by fast Fourier 

transform methodology were employed as frequency domain measures.  

FFT methodology was chosen over AR algorithms for spectral analysis. There 

is currently no established consensus in the literature on the most appropriate method 

for power spectral density estimation (Silva et al., 2009). AR algorithms for spectral 

analysis have good performance in time series with a reduced number of data points 

(Chemla et al., 2005). They also provide smoother spectral components, which can be 

distinguished independently of predefined frequency bands (Chemla et al., 2005) and 

are therefore preferred by some investigators (Pichon, Roulaud, Antoine-Jonville, de 

Bisschop, & Denjean, 2006).  
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However, FFT has been suggested to be the preferred method of spectral HRV 

analysis in people with chronic illnesses, such as diabetes (Chemla et al., 2005). FFT 

has several advantages, such as the simplicity of the algorithm employed and good 

reproducibility (Chemla et al., 2005). In addition, some of the advantages with small 

data sets provided by the AR methodology are not an issue for large 24 hour Holter 

recordings. Finally, the non-linear measures of Poincare plot (SD1 and SD2) and 

detrended fluctuation analysis (alpha1 and alpha2) were utilised. If SD1, SD2, alpha1, 

and alpha2 are counted as separate measures (because they are derived differently), 

this gives a total of 13 HRV measures that were evaluated in the present study. 

 

Data Analysis  

Regression analysis was used to explore relationships between the HDRS, as 

an independent variable, and each of the 13 HRV measures as dependent variables. 

Age, gender, beta adrenergic blockers, and smoking were subjected to bivariate 

correlation using Pearson’s two tailed testing to determine whether they were 

significantly associated with HRV in this study. On this basis, beta adrenergic 

blockers (expressed as a dose equivalence of metoprolol) and smoking were excluded 

(only 10 participants were current smokers).  

Regression analysis makes several assumptions about the data being analyzed. 

These assumptions are linearity and normality of the data, homoscedasticity, 

additivity of the model and statistical independence of errors (Hair, Tatham, 

Anderson, & Black, 2006). Participant age in this study conformed to a normal 

distribution as confirmed on normal p-p plot of regression standardised residual. Data 

for psychometric tests as well as all HRV measures were normalized by adding 1 and 

applying a natural logarithmic transform (e.g. Carney et al., 2001; Kogan, Gruber, 
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Shallcross, Ford, & Mauss, 2013) which is consistent with Box-Cox guidelines 

(Osborne, 2010).  

Bivariate analysis, using Pearson’s two tailed correlation test, was performed 

on all independent variables, including covariates (presented in Table 10.2) to check 

for multicollinearity. Simple regression, as well as multiple regression analysis was 

then performed for each of the psychometric tests. Simple regression was performed 

for each of the 13 HRV measures as dependent variables against HDRS in a separate 

comparison. The 13 HRV measures were also compared to gender and age for CHD 

and Non-CHD cohorts, as well as gender, age and CHD status for the total cohort. 

There are more males in the CHD cohort, and more females in the Non-CHD cohort, 

and gender is a potentially powerful moderator of HRV in depression (see 

discussion). Separate comparisons were also made for all males (n = 50), as well as all 

females (=n = 38) for CHD, age and HDRS. Several significant models were obtained 

for the CHD cohort (see Results). Therefore, in the CHD cohort, participants were 

also subdivided by gender, with 38 male and 9 female CHD participants and 

relationships between HDRS, age, and HRV measures were assessed.  

For multiple regression analysis, the 13 HRV measures were each run as 

dependent variables against HDRS in separate comparisons. CHD, age and gender 

were entered as covariates. The enter method was used, with the covariates entered 

first and the independent variable entered as a separate variable block. A regression 

equation was accepted if it was statistically significant and had significant beta values 

for all independent variables. Gender was entered as a coded variable (Male = 1 and 

Female = 0). Due to collinearity of CHD with both gender and age, as ascertained by 

bivariate correlation, simple and multiple regression analysis was performed 

separately for the CHD and non-CHD cohorts, male and female cohorts, as well as for 
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the entire cohort of 91 participants. Statistically significant multiple regression models 

were evaluated for linearity using normal P-P plots of regression (standardized 

residual dependent variable) and scatterplots of regression standardized predicted 

value against regression standardized residual. 

Results 

Bivariate Correlations 

The bivariate correlation matrix for all independent variables is shown in 

Table 10.2. Correlations below are described as small (abs(r) 0.1 – 0.3), medium  

(abs(r) 0.3 – 0.5), large (abs(r) 0.5 - 0.7) or very large (abs(r) > 0.7) (Cohen, 2013; 

Rosenthal, 1996). The majority of participants with CHD were male, while there were 

more females in the non-CHD cohort, resulting in a large correlation between gender 

and CHD status (r = 0.519, p < 0.001). The CHD and Non-CHD cohorts were next 

analysed separately. Bivariate analysis in the CHD cohort and the Non-CHD cohort 

showed no significant correlations between gender, age and HDRS.  
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Table 10.2. Bivariate Correlations Between CHD, Age, Gender and Psychometric 
Tests in the Total Study Cohort (N = 88) 

Pearson’s Bivariate Correlation Gender 
(Male = 1) 

Age Natural Log 
Hamilton 
Depression 
Rating Scale 
Total 

CHD (CHD = 1) r 0.519 0.205 -0.01
p <0.001 0.055 0.990 

Gender r -0.008 -0.132
(Male = 1) p 0.940 0.222 
Age r -0.147

p 0.171

Note. Significant correlations are presented in bold face. 
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Single Linear Regression Analysis 

Single linear regression yields multiple relationships between normalised 

HRV measures and independent variables age, gender, and normalised total HDRS 

score. HRV measures were also compared to CHD status in the total study cohort. 

Single linear regression results are presented for the total study cohort in Table 10.3, 

the CHD cohort in Table 10.4, and the Non-CHD cohort in Table 10.5. Males and 

females were also analysed separately. These results are presented in Table 10.6 and 

10.7.  

In the total study cohort, the following significant relationships are 

demonstrated. CHD predicts DFA Alpha1, however with an R squared value of 0.035. 

Alpha1 is lower in the CHD cohort. There is a relationship between age and RR 

triangular index, LF and HF relative and normalized spectral measures, as well as 

DFA Alpha1. HRV measures fall with increasing age, except for relative and 

normalised HF power. Males have higher SDNN and RMSSD than females, however 

these relationships have R squared values of only 0.047 and 0.036 respectively. 

HDRS score predicts SDNN, RMSSD, VLF relative power and SD1. SDNN, RMSSD 

and SD1 decrease with increasing depression, while VLF relative power increases. 

In the CHD cohort, RR triangular index, LF relative and normalised power, as 

well as DFA Alpha1, all decrease with increasing age. All HRV measures except for 

SDANN, RR triangular index and SD2 have a significant relationship to HDRS score. 

SDNN, RMSSD, HF relative and normalised power and SD1 decrease with increasing 

HDRS score. However VLF and LF relative power, LF normalized power, alpha1 and 

alpha 2 increase with increasing HDRS score.  

In the Non-CHD cohort, no significant relationships were observed for HDRS 

and the chosen HRV measures. RR triangular index, relative and normalised LF 
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power, and Alpha1 are significantly lower with age, while relative and normalised HF 

power and Alpha2 increase with age. Relative and normalised HF power is lower in 

males than in females.  

Relationships between HDRS and SDNN, RMSSD, VLF relative power and 

SD1 are shared for the CHD cohort and the total study cohort, with R squared values 

for the CHD cohort being higher for all of these relationships than R squared values 

for the total study cohort, while beta values are comparable in terms of positive or 

negative slope. However, no significant relationships are calculated for HRV 

measures and HDRS in the Non-CHD cohort. It is therefore likely that the significant 

relationships between HRV measures and HDRS in the total study cohort arise from 

the participants with CHD. 

In male participants there are relationships between LF and HF and CHD, as 

well as age, while females show a relationship between RR triangular index, as well 

as some spectral measures, and age. In males there is a significant relationship 

between VLF relative power and HDRS score, while in females there are 

relationships between SDNN, RMSSD and SD1.  

In the CHD cohort, when participants were further subdivided by gender, 

significant relationships were obtained between HDRS and RMSSD, all spectral 

measures, SD1 and Alpha1 in males. In females with CHD, significant relationships 

were obtained between HDRS and SDNN, RR triangular index, VLF relative power 

and  Alpha2, although with only 9 participants, these results should be interpreted 

with caution.  
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Multiple Regression Analysis: Gender and Age as Covariates 

The significant relationships obtained above were further assessed using 

multiple regression. The results obtained when gender and age were partialed out of 

the relationship between HRV and mood for the total study cohort and the CHD 

cohort are shown in Table 10.8. No significant results were obtained for the non-CHD 

cohort. For the total study cohort, significant models were obtained for RR triangular 

index, with age and HDRS as independent variables, and SDNN, with gender and 

HDRS as independent variables. For the CHD cohort, significant models were 

obtained for RR triangular index, LF normalised power and Alpha1, with age and 

HDRS as independent variables. Alpha1 also has a significant relationship with both 

gender and HDRS in the CHD cohort.  

Results for the multiple regression with three independent variables are 

presented in Table 10.9. In the total study cohort, LF normalised power and Alpha1 

are predicted by CHD status, gender and HDRS score. LF normalised power and 

Alpha1 increase with increasing depression score, beta for CHD is negative and beta 

for gender is positive (males have higher LF normalised power and Alpha1 than 

females). 

In the CHD cohort RR triangular index, LF normalised power and Alpha1 are 

predicted by age, gender and HDRS score. RR triangular index and LF normalised 

power are long term HRV measures while Alpha1 is a short term HRV measure. In 

the CHD cohort, all three HRV measures decrease with age and gender. RR triangular 

index decreases with increasing depression score, while LF normalised power and 

Alpha1 increase with increasing depression score.  
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Discussion 

The results from the first review episode of the Heart and Mind Study showed 

a linear relationship between psychometric measures of mood and several HRV 

measures, which can be summarized as follows. The CHD cohort showed several 

statistically significant relationships on single regression between short and long term 

HRV measures and HDRS score. These relationships also had the higher effect sizes 

as reflected in the R value when compared to the total cohort. The results for the total 

study cohort are comparable in terms of trend of the relationships and it is likely that 

the relationships in the CHD cohort are emerging in the total cohort. No significant 

results were obtained for the Non-CHD cohort. Multiple regression analysis supports 

the single regression results for LF normalised power and Alpha1 in the CHD cohort. 

Multiple regression analysis also indicates a change in the slope with gender between 

the CHD and total cohorts for LF normalised power and Alpha1. Different results in 

the total cohort may again reflect differences between the CHD cohort and Non-CHD 

cohort. Therefore, the most consistent and reliable results are for the CHD cohort and 

these will be considered in the discussion. In addition, if males and females are 

analysed as separate cohorts, both gender cohorts show significant relationships 

between HRV measures and HDRS score. This suggests that males and females may 

contribute to significant relationships between HDRS score and HRV. However it 

also underscores the importance of gender as a potential moderator of HRV, as 

discussed below. Finally, several effect sizes for results presented above are below R 

= 0.1 and should be interpreted with caution (Cohen, 2013). In the CHD cohort, effect 

sizes for significant results, for single regression and multiple regression, fall within 

the small or medium range. 
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Moderating effects on HRV by Gender and Age 

There are complex interactions between HRV, gender, age, and mood. HRV 

decreases globally with advancing age (Agelink et al., 2001b; Antelmi et al., 2004; 

Bonnemeier et al., 2003; Cowan et al., 1994; Korkushko et al., 1991; Shannon et al., 

1987; Stein, Kleiger, & Rottman, 1997; Umetani et al., 1998). This is theorized to be 

due to the gradual relaxation of cardiac control systems over time, or declining 

activity levels (Sacknoff, Gleim, Stachenfeld, & Coplan, 1994), although the precise 

physiological mechanisms are still unclear (Umetani et al., 1998). If short and long-

term HRV measures are compared, a more complex picture emerges, because 

different HRV measures decline at different rates, while additionally the rates of 

decline are also dependent on gender. Several studies found higher HRV in healthy, 

non-depressed men compared to women across different age groups (Agelink et al., 

2001b; Bonnemeier et al., 2003; Stein et al., 1997; Umetani et al., 1998). 

Parasympathetic (vagal) cardiac control diminishes more rapidly with age than 

sympathetic control, as evidenced by the more rapid decline of short-term or high 

frequency measures of HRV, which are correlated with parasympathetic activity 

(Umetani et al., 1998). In addition, HF measures of HRV decline with age for women, 

whereas LF HRV remains preserved (Stein et al., 1997). 

HRV is significantly affected by gender (Antelmi et al., 2004; Cowan et al., 

1994; Umetani et al., 1998) and these interactions are complex. The apparent 

inconsistency of findings in the literature is sometimes due to confounding effects as 

discussed below. However, inconsistencies are also frequently attributable due to the 

use of the term HRV as encompassing any and all HRV measures, when in fact there 

are significant differences between short and long term HRV measures, depending on 
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gender and mood, with some results for long and short term HRV measures being 

diametrically opposed. Work by Umetani and colleagues (1998) on healthy, non-

depressed individuals using 24 hour cardiac recordings found that differences in HRV 

measures between younger men and women (up to around 30 years of age) are 

significant. Gender differences are more significant in younger women, but with 

advancing age over 30 years, the gender differences with HRV gradually decrease. 

They disappear altogether beyond 50 years of age for longer term HRV measures, but 

for short term HRV measures, which reflect parasympathetic activity, gender 

differences disappear much more rapidly with advancing age beyond 30 years 

(Umetani et al., 1998). However, this study was criticized for having small numbers 

for age groups above 60 and for suggesting that gender-related differences disappear 

above age 50, when the disappearance of the gender difference is situated in the 

decade beyond age 40 in their data (Ramaekers, Ector, & Aubert, 1999). The 

conclusion that gender differences reflected lower levels of parasympathetic activity 

in younger age-groups of female participants (30 – 49 years) was also challenged 

(Ramaekers et al., 1999). Another study using short (10 minute) RR interval segments 

in non-depressed young participants (mean age 24 years) concluded that SDNN, VLF 

power, LF power, normalised LF and HF and LF/HF ratio were lower in women than 

men (Young & Leicht, 2011).  

Other studies have found increased HRV in females compared to males. The 

Whitehall II cohort study followed up 1417 men and 582 women who worked in civil 

service, calculating initial HRV measures (SDNN, HF power and LF power) from 

short duration recordings, and then gathering follow-up HRV data after 5 years 

(Britton et al., 2007). Participants ranged in age from 35 to 55 years and data analysis 

reflected individual changes in HRV over the five-year period. Men had a global 
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decrease in HRV, with the biggest change being LF power. Conversely, all HRV 

measures over the 5-year period increased in women, although only changes in SDNN 

were statistically significant. Ryan et al (1994) reported higher HRV in females across 

young, middle aged and elderly non-depressed cohorts with regards to LF/HF power 

ratio on spectral analysis. This study employed short cardiac recordings of 8 minute 

duration. In a separate study of non-depressed participants, utilizing 5 minute cardiac 

recordings, women exhibited greater absolute high frequency measures on spectral 

HRV analysis in the age range of 40 to 49 years than men, suggesting dominant 

parasympathetic regulation, while men in the same age group had a higher LF/HF 

ratio and LF than women, suggesting dominant sympathetic regulation (Kuo et al., 

1999). This finding is also reflected in data published by Stein et al. (1997), which 

indicates that while HF power decreases with age for both men and women, older 

women have higher HF power than older men, while LF power is higher for older 

men than older women. However, Ramaekers and colleagues (1998) studied gender 

differences in HRV in healthy participants and concluded that there are no significant 

differences in vagal (short term HRV) modulation in women, but that women have 

lower sympathetic activity.  

Thayer et al. (1998) examined the effect of gender on HRV in depressed 

people relative to a non-depressed control group. Their results show that short term 

measures of HRV, including pNN50 and HF power, increase in depressed women, but 

decrease in depressed men. In contrast, LF power decreases in depressed men but has 

an even greater decrease in depressed women. SDNN, which reflects long and short 

term HRV, decreased in depressed men but increased in depressed women. HRV 

therefore decreases globally in depressed men, but in depressed women HF measures 

increase, while LF measures decrease. The authors concluded that gender was a 
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significant confounder in studies on depression and HRV. However, this was a small 

study with young participants (mean age 20.37 years) and used short duration (5 

minute) RR interval recordings to calculate HRV measures.  

Despite the inconsistencies in studies noted above, the literature can be 

synthesized as follows. Non-depressed young women have lower long term and short 

term HRV than young men. With age, there is a global decline of long and short term 

HRV among men, but a faster decline of long term HRV in women. Therefore, 

middle aged and older, non-depressed women have lower long term HRV with age, 

but a relative increase in short term HRV compared to men. In addition, HRV 

declines faster in men, resulting in a relative increase in short and long term HRV 

when older women and men are compared. In depressed women, short term measures 

of HRV increase, whereas long term HRV measures decrease. Men have a global 

decrease in long term and short term HRV. It is not known how age influences HRV 

in depressed people.  

This synthesis may be more pertinent to the results obtained in the Heart and 

Mind Study because of age, rather than gender. The declining HRV with age may 

result in gender being a less potent moderator of HRV. The study by Thayer et al. 

(1998) recruited young participants with a mean age of 20.37 years. The mean age of 

participants in the present study was almost 59 years, with the youngest person being 

34 years old. In addition, 65 out of 88 participants (74%) were over the age of 50, at 

which even long term HRV measures are not related to gender (Umetani et al., 1998). 

The results by Thayer and colleagues (1998) only pertain to people without CHD. The 

effect of gender on the relationship between mood and HRV in people with CHD is 

not well studied. It has even been concluded that in people with CHD, gender is not a 
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significant confounder of the relationship between mood and HRV (Stein et al., 

2000), which reflects the results obtained here.  

The CHD cohort comprised 80.9% males and 29.1% females, while the non-

CHD cohort comprised 70.7% females and 29.3% males. It could be argued that the 

lack of significant models in the Non-CHD cohort may in part reflect gender related 

factors. Separate analysis of males and females in the total study cohort and in the 

CHD cohort yielded significant relationships between HDRS score and HRV 

measures for both genders. In females with CHD, with only 9 participants, these 

results should be interpreted with great caution. However, these results may provide 

support for the idea that both males and females contributed to the relationships 

observed in the CHD cohort, and in the total study cohort. In summary, gender and 

age are known moderators of HRV in depression, but the precise effects of this 

moderation require further study in people with and without CHD. 

Another consideration is that the results obtained are subject to the reversal 

paradox, also known as Simpson’s paradox, which is defined as when the association 

between a pair of variables (X, Y) reverses sign upon conditioning of a third variable, 

Z, regardless of the value taken by Z (Blyth, 1972; Simpson, 1951). If data is 

partitioned into subpopulations, each representing a specific value of the third 

variable Z, the relationship measured between X and Y can undergo sign reversal 

between the associations being measured, or the relationship can disappear entirely 

(Pearl, 2014). This can occur in the disaggregated subpopulations relative to the 

aggregated data, or vice versa (Pearl, 2014). Although speculative, it is possible the 

lack of statistically significant relationships between psychometric measures of mood 

and HRV measures in the Non-CHD cohort is due to the effect of a third variable, 

rather than an actual lack of association.  
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Results for the CHD Cohort. 

Some results obtained for the CHD cohort are consistent with results from 

other studies. SDNN has been widely used in studies on MDD and CHD and is 

decreased in depressed people, compared to non-depressed people, with CHD 

(Carney et al., 1995; Drago et al., 2007; Krittayaphong et al., 1997a; Stein et al., 

2000). Decreased SDNN in CHD has also been linked to increased mortality risk (e.g. 

Kleiger, Miller, Bigger Jr, & Moss, 1987; Tsuji et al., 1996), underlining its 

importance as a measure in people with CHD. Krittayaphong et al. (1997c) compared 

depressed and non-depressed people with CHD using SDNN. Depression was 

analysed both as a categorical variable and as a continuous variable. Both analyses 

indicated lower HRV in depressed CHD participants. Interestingly, this study also had 

a predominance of males with CHD (33 men, 9 women).  Gender was controlled for 

using multiple regression analysis and the difference in SDNN remained largely 

unaltered (Krittayaphong et al., 1997c). The results obtained here are consistent with 

this finding, as well as with results obtained by Drago et al. (2007), who also used 

SDNN as a sole measure of HRV. Other studies comparing depressed and non-

depressed people with CHD also found a decrease of time-domain HRV in depression 

(Carney et al., 1988b; Carney et al., 1995), although the results by Carney and 

colleagues (1988b) did not achieve statistical significance. The HRV indices studied 

represent both short term and longer term HRV indices. 

Stein and colleagues (2000) compared short term (RMSSD), and long term 

(SDANN, SDNN index) HRV measures in non-depressed, mildly depressed and 

severely depressed individuals with CHD. They utilized 24 hour RR interval 

recordings. Depression was measured as a categorical variable. A significant decrease 

in HRV was found across non-depressed and severely depressed participants for short 



 

 

533 

term and long term HRV measures. The interaction between gender and depression 

was tested, but was found to be not significant. The results described here are 

consistent with Stein et al. (2000), except for an increase in VLF and LF, rather than a 

decrease as described by Stein et al. (2000). However, findings for time and 

frequency domain measures have not been consistent in the literature. For example, a 

relatively large study of 873 people with stable CHD, of which 195 had MDD found 

no association between MDD and mean time-domain or frequency-domain HRV in 

unadjusted or adjusted analyses (Gehi et al., 2005). Also, no significant relationships 

were found between MDD and age or gender (Gehi et al., 2005).  

A meta-analysis of studies by Kemp and colleagues (2010) incorporated 11 

studies using short recordings to compare HRV in depressed and non-depressed 

cohorts without CHD, who were not medicated for depression. The meta-analysis 

calculated significant relationships for reduced HF, and an increased LF/HF ratio in 

depression, but no difference in LF (Kemp et al., 2010). While gender was identified 

as a significant potential confounder in studies that were incorporated into this meta-

analysis (see Thayer et al., 1998) gender was not specifically addressed as a 

confounder. In addition, the meta-analysis incorporated studies of young and elderly 

people. While this study may bot be relevant to people with CHD, it may point to a 

potential fall in the HF spectrum, but not lower frequency spectra in people with 

MDD. 

There were significant models for non-linear HRV measures in the CHD 

cohort, such as SD1 (Poincare plot) and Alpha2 (DFA), both long term non-linear 

HRV measures, as well as Alpha 1, a short term measure. Loss of complexity of HRV 

as measured by non-linear algorithms has been a consistent finding in people with 
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CHD (e.g. Krstacic et al., 2002; Mäkikallio et al., 1999; Stein & Reddy, 2005), but 

has also been a finding in studies on mood and CHD (e.g. Vigo et al., 2004). The 

finding that both Alpha1 and Alpha2 increase with increasing HDRS is not consistent 

with the existing literature and should be explored in further studies with larger 

participant cohorts. 

 

Alternative Explanations for Differences in Results Obtained For the CHD and 

Non-CHD Cohorts 

This study did not find significant relationships between HDRS score and 

HRV measures in people without CHD. However, several studies have found a 

decrease in longer term HRV in depressed people (without CHD) compared to non-

depressed controls (Boettger et al., 2008a; Kemp, Quintana, Felmingham, Matthews, 

& Jelinek, 2012; van der Kooy et al., 2006). The study by Boettger et al (2008a) used 

24 hour RR interval recordings.  

However, other studies have failed to find a relationship between mood and 

HRV. A study by Sayer et al. (2002) used 24 hour recordings and found no 

differences in HRV between depressed and non-depressed people. There have been 

inconsistencies in study results attempting to correlate HRV with MDD in patients 

medicated with antidepressants. For example, the authors of one large cohort study 

(2373 participants), which found lower HRV in depressed participants versus non-

depressed control subjects, concluded that this association was driven by the effects of 

antidepressant medication alone, and not MDD (Licht et al., 2008). Kemp and 

colleagues (2010) meta-analysed several studies where participants were not on 

antidepressant medication, finding that there was a significant drop in HRV for people 
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with MDD. However, a large study of 15,105 civil servants in Brazil, aged 35 to 74, 

showed that SSRIs, SNRIs and tricyclic antidepressants all lowered HRV, but 

participants with depression had no significant drop in HRV when their use of 

antidepressants was statistically accounted for (Kemp et al., 2014a). (The study used 

10 minute resting-state ECG recordings, not 24 hour recordings). It is possible that 

there is no change in HRV with depression in people without CHD, but that there is a 

relationship between HRV and depression in people with CHD, which reflects the 

results of the current study. One of the strengths of the current study is that no 

participants were using antidepressant medication. Another consideration is 

depression severity. It has been suggested that MDD patients with melancholia, but 

not people with milder forms of depressive illness without melancholia, have 

decreased in HRV (Kemp, Quintana, Quinn, Hopkinson, & Harris, 2014b).   

A systems biology framework has been used to present the normal 

physiological mechanisms linking mood and cardiac function, as well as other healthy 

regulatory mechanisms, as a network (Stapelberg et al., 2015). This healthy 

physiological regulatory network, the psycho-immune neuroendocrine (PINE) 

physiome, can be pushed by stress towards a tipping point, beyond which disease 

states, such as MDD or CHD emerge. Thus a healthy physiological network can be 

pushed into a new stable, but pathological state, known as a pathome, or 

pathophysiological network (Stapelberg et al., 2015). We have previously described 

such a pathophysiological network for the relationship between MDD and CHD 

(Stapelberg et al., 2011).  When a network shifts to a new stable configuration, some 

parameters within the network can permanently change. In both ageing and disease 

there is breakdown of the fractal, non-linear physiological properties of metabolic 

function and regulation (Goldberger et al., 2002; Kyriazis, 2003). This leads to an 
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increase in regularity and uncorrelated randomness in the body as a system, i.e. a loss 

of physiological complexity (Kyriazis, 2003; Lipsitz & Goldberger, 1992). The 

pathome represents this less complex and therefore less flexible network, and is less 

able to compensate for further stressors (Stapelberg et al., 2015). 

The autonomic system is a central component of the PINE physiome as 

discussed in Chapter 5. If the physiome shifts to a pathome (i.e. a stable 

pathophysiological state) parameters of autonomic tone, as measured by HRV, might 

reach a new stable, but different, equilibrium state. This is consistent with empirical 

findings. For example, HRV decreases after a myocardial infarction (MI) due to loss 

of autonomic control of the heart (Lombardi et al., 1987). This less flexible, less 

complex system of cardiac control, measurable by HRV, has been linked to an 

increased risk of death (Bigger et al., 1992; Bigger et al., 1988; Kleiger, Miller, 

Bigger, & Moss, 1987). Such a pathophysiological equilibrium might be stable in the 

short to medium term, but ultimately bears an increased risk of further 

pathophysiological processes arising, either via cardiac events such as described 

above, or other diseases (Stapelberg et al., 2015). This is a possible reason why 

people with CHD have a greater risk of MDD, or why people with MDD are at 

greater risk of CHD, cerebrovascular events, or type 2 diabetes. Differences in the 

relationships between mood and short or long term HRV measures observed in CHD 

compared to non-CHD participants may arise because the PINE regulatory networks 

of people with CHD might be in a different (but stable) pathophysiological state. 

They therefore have less flexibility autonomically to compensate for mood changes, 

compared to non-CHD participants. With the loss of complexity in their regulatory 

PINE networks, changes due to mood are potentially much more visible in terms of 

HRV.  
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Alternatively, a recent paper by Kogan et al. (2013) has suggested that the 

relationship between mood and HRV may not be linear, but rather based on a 

quadratic (inverted U-shaped) relationship. Their study compared Beck Depression 

Inventory scores with HF power, which was derived from 2 minute RR interval 

recordings, in 231 participants and found a significant relationship based on a 

quadratic equation, but no significant linear relationship. This study only used a single 

short term HRV measure and used a recording time for RR interval data shorter than 

recommended for brief recordings (NASPE, 1996). In addition, the study does not 

state if the participants, who had a mean age of 40 years, were healthy or had any 

medical conditions such as CHD. Nevertheless, the study finding does raise the 

question of whether the relationship between mood and HRV is non-linear in some 

cases, e.g. for short term HRV measures. Assuming this to be the case, if vagal 

control is compromised at the higher extreme of vagal activity, for example, this 

would effectively change the response at the end of high levels of vagal control, 

making the U-shaped curve more linear. Therefore it could be speculated that 

relationships between mood and HRV, which may be non-linear in non-CHD 

participants, become more linear in people with CHD due to a decline in cardiac 

control post MI. This, in turn, would lead to the calculation of linear relationships for 

a CHD cohort, but not in the Non-CHD cohort, as was observed in this study.  

We acknowledge that such conjecture is speculative in shedding light on the 

results obtained, especially given that the potential effects of moderators have not 

been fully resolved in the literature or in this study. However, we hope that this study 

will stimulate further research into differences between CHD and non-CHD cohorts in 

terms of the PINE network.  
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While several studies have found a reduction in both short and long term HRV 

measures after MI, more studies of measures of CHD as a continuous variable in 

particular are needed to clarify how HRV changes in people with varying severity of 

CHD. Some studies have controlled for severity of CHD in terms of number of 

stenosed vessels or percentage stenosis of coronary arteries (e.g. Carney et al., 1995) 

or results on exercise stress testing (e.g. Krittayaphong et al., 1997c). Future studies 

should examine CHD as a continuous variable, which can be achieved using measures 

such number and severity of stenosed coronary arteries, exercise stress testing or 

measures such as coronary calcium score (discussed in Stapelberg et al., 2013).  

 

Limitations of the Study 

This study has two key limitations. They are the sample sizes in the study and 

the distribution of males and females across the CHD and non-CHD cohorts. It is 

recommended that future studies have larger sample sizes and equal distribution (with 

possible age and gender matched cohorts) across CHD and non-CHD cohorts.  

The different distribution of gender across the CHD and non-CHD cohorts is 

acknowledged as one of the clear limitations of this study. Despite efforts to examine 

gender and CHD separately, any effects on HRV due to gender could be statistically 

misinterpreted as an effect pertaining to participants with or without CHD. Separate 

statistical analysis of the CHD cohort and the non-CHD cohort were performed to 

eliminate any effect due to gender distribution being attributed to CHD within a 

multiple linear regression. However, the results presented here with regards to the 

CHD cohort may ultimately be less generalizable as they may apply primarily to men. 

Future studies should have more structured recruitment of equal numbers of men and 
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woman, could gender match participants or could study men and women separately to 

specifically clarify this issue. In addition, it may be useful to conduct separate studies 

for young people and elderly people to clarify the confounding effects of gender on 

mood and HRV within specific age groups. The effects of gender on HRV, especially 

in depressed people, requires clarification. It is recommended that future studies 

examine the effect of gender on HRV in large depressed and non-depressed cohorts, 

preferably across different age groups. In this regard it would also be beneficial to 

examine whether the effects of gender on HRV diminish equally with age in both 

depressed and non-depressed people, and therefore whether there is an age cutoff 

beyond which gender could be disregarded as a confounder in studies on HRV and 

mood.  

There are other methodological limitations. Given the complexity of the 

interaction between age and gender, there is likely to be a moderation effect in terms 

of the regression analysis. This is likely to have influenced the significant models 

obtained. For example, the greatest number of significant models were obtained for 

the CHD cohort when psychometric tests were covaried with age, not gender. Options 

would be a re-analysis of data using categorical variables for mood, and age, or a 

different statistical analysis of the current data which can accommodate the 

complexity of interactions between HRV, gender and age. Finally, while we did not 

deviate from the group of measures used in the Kubios HRV software, future studies 

could employ a larger range of HRV measures to further examine relationships 

between mood, anxiety and HRV in people with and without CHD. 
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Conclusion 

HRV has been studied as a marker for major depression in medically healthy 

people and in people with coronary heart disease. Studies on healthy people 

predominantly examined depression as a categorical variable and used short RR 

interval recordings. Studies recruiting people with CHD also frequently examined 

MDD as a categorical variable and used 24 hour recordings. In both fields of study, 

results have been conflicting at times. Methodological differences and small sample 

size may have led to heterogenous findings. However, equally important in terms of 

heterogenous findings is the reporting of long term and short term HRV measures 

simply as “heart rate variability” in many papers. Furthermore, moderators such as 

gender and age, which have a profound and differing impact on long term and short 

term HRV measures, have frequently not been taken into account. 

This study examined 13 time domain, frequency domain and non-linear HRV 

measures using 24 hour RR interval recordings against the HDRS, with all variables 

being employed as continuous variables. Using single and multiple regression 

analyses, several significant models were obtained, indicating that depression score is 

linearly related to measures of HRV. The CHD cohort is characterized by a global 

decrease in short and long term HRV measures in, which are likely to reflect changes 

in men. People with CHD are likely to be in a different stable state of autonomic 

control from people without CHD, which may also explain differences in the results 

between cohorts. The results broadly reflect a synthesis of the existing literature. 

However, further clarification of the study results s recommended, as well as 

clarification of the moderating effects of age and gender on HRV, especially in 

depressed people. 



 

 

541 

References 

 

Acharya, U.R., Joseph, K.P., Kannathal, N., Lim, C.M., & Suri, J.S. (2006). Heart 

rate variability: a review. Medical and Biological Engineering and 

Computing, 44(12), 1031-1051. doi: 10.1007/978-3-540-36675-1_5 

Agelink, M.W., Boz, C., Ullrich, H., & Andrich, J. (2002). Relationship between 

major depression and heart rate variability. Clinical consequences and 

implications for antidepressive treatment. Psychiatry research, 113(1-2), 139-

149. doi: S0165178102002251 [pii] 

Agelink, M.W., Majewski, T., Wurthmann, C., Postert, T., Linka, T., Rotterdam, S., 

& Klieser, E. (2001a). Autonomic neurocardiac function in patients with 

major depression and effects of antidepressive treatment with nefazodone. 

Journal of affective disorders, 62(3), 187-198. doi: S0165032799002025 [pii] 

Agelink, M.W., Malessa, R., Baumann, B., Majewski, T., Akila, F., Zeit, T., & 

Ziegler, D. (2001b). Standardized tests of heart rate variability: normal ranges 

obtained from 309 healthy humans, and effects of age, gender, and heart rate. 

Clinical Autonomic Research, 11(2), 99-108.  

American Psychiatric Association. (2000). Diagnostic and statistical manual of 

mental disorders. (4th ed. test revision). Washington, DC.  

Antelmi, I., De Paula, R.S., Shinzato, A.R., Peres, C.A., Mansur, A.J., & Grupi, C.J. 

(2004). Influence of age, gender, body mass index, and functional capacity on 

heart rate variability in a cohort of subjects without heart disease. The 

American journal of cardiology, 93(3), 381-385.  

Bär, K.-J., Greiner, W., Jochum, T., Friedrich, M., Wagner, G., & Sauer, H. (2004). 

The influence of major depression and its treatment on heart rate variability 



 

 

542 

and pupillary light reflex parameters. Journal of affective disorders, 82(2), 

245-252.  

Barth, J., Schumacher, M., & Herrmann-Lingen, C. (2004). Depression as a risk 

factor for mortality in patients with coronary heart disease: a meta-analysis. 

Psychosom Med, 66(6), 802-813. doi: 66/6/802 [pii] 

10.1097/01.psy.0000146332.53619.b2 

Bigger Jr, J.T., Fleiss, J.L., Steinman, R.C., Rolnitzky, L.M., Kleiger, R.E., & 

Rottman, J.N. (1992). Correlations among time and frequency domain 

measures of heart period variability two weeks after acute myocardial 

infarction. The American journal of cardiology, 69(9), 891-898.  

Bigger, J.T., Jr., Fleiss, J.L., Rolnitzky, L.M., Steinman, R.C., & Schneider, W.J. 

(1991). Time course of recovery of heart period variability after myocardial 

infarction. Journal of the American College of Cardiology, 18(7), 1643-1649. 

doi: 0735-1097(91)90497-W [pii] 

Bigger, J.T., Jr., Fleiss, J.L., Steinman, R.C., Rolnitzky, L.M., Kleiger, R.E., & 

Rottman, J.N. (1992). Frequency domain measures of heart period variability 

and mortality after myocardial infarction. Circulation, 85(1), 164-171.  

Bigger, J.T., Jr., Kleiger, R.E., Fleiss, J.L., Rolnitzky, L.M., Steinman, R.C., & 

Miller, J.P. (1988). Components of heart rate variability measured during 

healing of acute myocardial infarction. American Journal of Cardiology, 

61(4), 208-215. doi: 0002-9149(88)90917-4 [pii] 

Blyth, C.R. (1972). On Simpson's paradox and the sure-thing principle. Journal of the 

American Statistical Association, 67(338), 364-366.  



 

 

543 

Boettger, S., Hoyer, D., Falkenhahn, K., Kaatz, M., Yeragani, V.K., & Bar, K.J. 

(2008a). Nonlinear broad band dynamics are less complex in major 

depression. Bipolar disorders, 10(2), 276-284.  

Boettger, S., Hoyer, D., Falkenhahn, K., Kaatz, M., Yeragani, V.K., & Bär, K.J. 

(2008b). Nonlinear broad band dynamics are less complex in major 

depression. Bipolar disorders, 10(2), 276-284.  

Bonnemeier, H., Wiegand, U.K., Brandes, A., Kluge, N., Katus, H.A., Richardt, G., & 

Potratz, J. (2003). Circadian profile of cardiac autonomic nervous modulation 

in healthy subjects. Journal of cardiovascular electrophysiology, 14(8), 791-

799.  

Britton, A., Shipley, M., Malik, M., Hnatkova, K., Hemingway, H., & Marmot, M. 

(2007). Changes in heart rate and heart rate variability over time in middle-

aged men and women in the general population (from the Whitehall II Cohort 

Study). The American journal of cardiology, 100(3), 524-527.  

Carney, R.M., Blumenthal, J.A., Stein, P.K., Watkins, L., Catellier, D., Berkman, 

L.F., . . . Freedland, K.E. (2001). Depression, heart rate variability, and acute 

myocardial infarction. Circulation, 104(17), 2024-2028.  

Carney, R.M., & Freedland, K.E. (2003). Depression, mortality, and medical 

morbidity in patients with coronary heart disease. Biological Psychiatry, 

54(3), 241-247.  

Carney, R.M., Rich, M.W., Freedland, K.E., Saini, J., teVelde, A., Simeone, C., & 

Clark, K. (1988a). Major depressive disorder predicts cardiac events in 

patients with coronary artery disease. Psychosom Med, 50(6), 627-633.  

Carney, R.M., Rich, M.W., teVelde, A., Saini, J., Clark, K., & Freedland, K.E. 

(1988b). The relationship between heart rate, heart rate variability and 



 

 

544 

depression in patients with coronary artery disease. J Psychosom Res, 32(2), 

159-164.  

Carney, R.M., Saunders, R.D., Freedland, K.E., Stein, P., Rich, M.W., & Jaffe, A.S. 

(1995). Association of depression with reduced heart rate variability in 

coronary artery disease. American Journal of Cardiology, 76(8), 562-564. doi: 

S0002914999801556 [pii] 

Charlson, F.J., Moran, A.E., Freedman, G., Norman, R.E., Stapelberg, N.J., Baxter, 

A.J., . . . Whiteford, H.A. (2013). The contribution of major depression to the 

global burden of ischemic heart disease: a comparative risk assessment. BMC 

medicine, 11(1), 250.  

Charlson, F.J., Stapelberg, N.J., Baxter, A.J., & Whiteford, H.A. (2011). Should 

global burden of disease estimates include depression as a risk factor for 

coronary heart disease? BMC medicine, 9(1), 47.  

Chemla, D., Young, J., Badilini, F., Maison-Blanche, P., Affres, H., Lecarpentier, Y., 

& Chanson, P. (2005). Comparison of fast Fourier transform and 

autoregressive spectral analysis for the study of heart rate variability in 

diabetic patients. International journal of cardiology, 104(3), 307-313.  

Cohen, J. (2013). Statistical power analysis for the behavioral sciences: Academic 

press.  

Cowan, M.J., Pike, K., & Burr, R.L. (1994). Effects of gender and age on heart rate 

variability in healthy individuals and in persons after sudden cardiac arrest. 

Journal of electrocardiology, 27, 1-9.  

Curran-Everett, D. (2000). Multiple comparisons: philosophies and illustrations. 

American Journal of Physiology-Regulatory, Integrative and Comparative 

Physiology, 279(1), R1-R8.  



 

 

545 

Dalack, G.W., & Roose, S.P. (1990). Perspectives on the relationship between 

cardiovascular disease and affective disorder. Journal of Clinical Psychiatry, 

51 Suppl, 4-9; discussion 10-11.  

Dawood, T., Lambert, E.A., Barton, D.A., Laude, D., Elghozi, J.-L., Esler, M.D., . . . 

Lambert, G.W. (2007). Specific serotonin reuptake inhibition in major 

depressive disorder adversely affects novel markers of cardiac risk. 

Hypertension research, 30(4), 285-293.  

Drago, S., Bergerone, S., Anselmino, M., Varalda, P.G., Cascio, B., Palumbo, L., . . . 

Trevi, P.G. (2007). Depression in patients with acute myocardial infarction: 

influence on autonomic nervous system and prognostic role. Results of a five-

year follow-up study. International journal of cardiology, 115(1), 46-51.  

European Task Force. (1996). Heart rate variability: standards of measurement, 

physiological interpretation and clinical use. Task Force of the European 

Society of Cardiology & the North American Society of Pacing and 

Electrophysiology. Circulation, 93(5), 1043-1065.  

Frasure-Smith, N., & Lesperance, F. (2006). Recent evidence linking coronary heart 

disease and depression. Canadian Journal of Psychiatry-Revue Canadienne 

De Psychiatrie, 51(12), 730-737.  

Frasure-Smith, N., Lesperance, F., & Talajic, M. (1993). Depression following 

myocardial infarction. Impact on 6-month survival. Jama, 270(15), 1819-

1825.  

Gehi, A., Mangano, D., Pipkin, S., Browner, W.S., & Whooley, M.A. (2005). 

Depression and heart rate variability in patients with stable coronary heart 

disease: Findings from the heart and soul study. Archives of general 

psychiatry, 62(6), 661-666.  



 

 

546 

Goldberger, A.L., Amaral, L.A., Hausdorff, J.M., Ivanov, P.C., Peng, C.-K., & 

Stanley, H.E. (2002). Fractal dynamics in physiology: alterations with disease 

and aging. Proceedings of the National Academy of Sciences, 99(suppl 1), 

2466-2472.  

Goldberger, A.L., & West, B.J. (1987a). Applications of nonlinear dynamics to 

clinical cardiology. Annals of the New York Academy of Sciences, 504, 195-

213. doi: 10.1111/j.1749-6632.1987.tb48733.x 

Goldberger, A.L., & West, B.J. (1987b). Fractals in physiology and medicine. Yale 

Journal of Biology and Medicine, 60(5), 421-435.  

Guinjoan, S.M., Bernabó, J.L., & Cardinali, D.P. (1995). Cardiovascular tests of 

autonomic function and sympathetic skin responses in patients with major 

depression. Journal of Neurology, Neurosurgery & Psychiatry, 59(3), 299-

302.  

Hair, J.F., Tatham, R.L., Anderson, R.E., & Black, W. (2006). Multivariate data 

analysis (Vol. 6): Pearson Prentice Hall Upper Saddle River, NJ.  

Holt, R.I., Phillips, D.I., Jameson, K.A., Cooper, C., Dennison, E.M., & Peveler, R.C. 

(2013). The relationship between depression, anxiety and cardiovascular 

disease: Findings from the Hertfordshire Cohort Study. Journal of affective 

disorders, 150(1), 84-90.  

Kannel, W.B., Sorlie, P., & Mcnamara, P.M. (1979). Prognosis after initial 

myocardial infarction: the Framingham study. The American journal of 

cardiology, 44(1), 53-59.  

Katon, W.J. (2011). Epidemiology and treatment of depression in patients with 

chronic medical illness. Dialogues in clinical neuroscience, 13(1), 7.  



 

 

547 

Kemp, A.H., Brunoni, A.R., Santos, I.S., Nunes, M.A., Dantas, E.M., de Figueiredo, 

R.C., . . . Andreão, R.V. (2014a). Effects of depression, anxiety, comorbidity, 

and antidepressants on resting-state heart rate and its variability: an ELSA-

Brasil cohort baseline study.  

Kemp, A.H., Quintana, D.S., Felmingham, K.L., Matthews, S., & Jelinek, H.F. 

(2012). Depression, comorbid anxiety disorders, and heart rate variability in 

physically healthy, unmedicated patients: implications for cardiovascular risk. 

PLoS one, 7(2), e30777.  

Kemp, A.H., Quintana, D.S., Gray, M.A., Felmingham, K.L., Brown, K., & Gatt, J.M. 

(2010). Impact of depression and antidepressant treatment on heart rate 

variability: a review and meta-analysis. Biological Psychiatry, 67(11), 1067-

1074.  

Kemp, A.H., Quintana, D.S., Quinn, C.R., Hopkinson, P., & Harris, A.W. (2014b). 

Major depressive disorder with melancholia displays robust alterations in 

resting state heart rate and its variability: implications for future morbidity and 

mortality. Frontiers in psychology, 5.  

Kleiger, R.E., Miller, J.P., Bigger Jr, J.T., & Moss, A.J. (1987). Decreased heart rate 

variability and its association with increased mortality after acute myocardial 

infarction. The American journal of cardiology, 59(4), 256-262. doi: 

10.1016/0002-9149(87)90795-8  

Kleiger, R.E., Miller, J.P., Bigger, J.T., Jr., & Moss, A.J. (1987). Decreased heart rate 

variability and its association with increased mortality after acute myocardial 

infarction. American Journal of Cardiology, 59(4), 256-262. doi: 0002-

9149(87)90795-8 [pii] 



 

 

548 

Kleiger, R.E., Stein, P.K., Bosner, M.S., & Rottman, J.N. (1992). Time domain 

measurements of heart rate variability. Cardiology Clinics, 10(3), 487-498.  

Kogan, A., Gruber, J., Shallcross, A.J., Ford, B.Q., & Mauss, I.B. (2013). Too much 

of a good thing? Cardiac vagal tone’s nonlinear relationship with well-being. 

Emotion, 13(4), 599.  

Korkushko, O., Shatilo, V., Plachinda, Y.I., & ShatiloShatilo, T. (1991). Autonomic 

control of cardiac chronotropic function in man as a function of age: 

assessment by power spectral analysis of heart rate variability. Journal of the 

autonomic nervous system, 32(3), 191-198.  

Krittayaphong, R., Cascio, W.E., Light, K.C., Sheffield, D., Golden, R.N., Finkel, 

J.B., . . . Sheps, D.S. (1997a). Heart rate variability in patients with coronary 

artery disease: Differences in patients with higher and lower depression 

scores. Psychosomatic medicine, 59(3), 231-235.  

Krittayaphong, R., Cascio, W.E., Light, K.C., Sheffield, D., Golden, R.N., Finkel, 

J.B., . . . Sheps, D.S. (1997b). Heart rate variability in patients with coronary 

artery disease: differences in patients with higher and lower depression scores. 

Psychosom Med, 59(3), 231-235.  

Krittayaphong, R., Cascio, W.E., Light, K.C., Sheffield, D., Golden, R.N., Finkel, 

J.B., . . . Sheps, D.S. (1997c). Heart rate variability in patients with coronary 

artery disease: differences in patients with higher and lower depression scores. 

Psychosomatic medicine, 59(3), 231-235.  

Krstacic, G., Krstacic, A., Martinis, M., Vargovic, E., Knezevic, A., Smalcelj, A., . . . 

Smuc, T. (2002). Non-linear analysis of heart rate variability in patients with 

coronary heart disease. Paper presented at the Computers in Cardiology, 

2002.  



 

 

549 

Ksela, J., Kalisnik, J.M., Avbelj, V., Vidmar, G., Suwalski, P., Suwalski, G., . . . 

Gersak, B. (2009). Short- versus long-term ECG recordings for the assessment 

of non-linear heart rate variability parameters after beating heart myocardial 

revascularization. Comput Biol Med, 39(1), 79-87. doi: S0010-

4825(08)00170-4 [pii] 

10.1016/j.compbiomed.2008.11.005 [doi] 

Kuo, T.B., Lin, T., Yang, C.C., Li, C.-L., Chen, C.-F., & Chou, P. (1999). Effect of 

aging on gender differences in neural control of heart rate. American Journal 

of Physiology-Heart and Circulatory Physiology, 277(6), H2233-H2239.  

Kyriazis, M. (2003). Practical applications of chaos theory to the modulation of 

human ageing: nature prefers chaos to regularity. Biogerontology, 4(2), 75-90.  

Lahiri, M.K., Kannankeril, P.J., & Goldberger, J.J. (2008). Assessment of autonomic 

function in cardiovascular disease: physiological basis and prognostic 

implications. Journal of the American College of Cardiology, 51(18), 1725-

1733. doi: S0735-1097(08)00695-5 [pii] 

10.1016/j.jacc.2008.01.038 [doi] 

Lehofer, M., Moser, M., Hoehn-Saric, R., McLeod, D., Liebmann, P., Drnovsek, B., . 

. . Zapotoczky, H.G. (1997). Major depression and cardiac autonomic control. 

Biological Psychiatry, 42(10), 914-919. doi: S0006-3223(96)00494-5 [pii] 

10.1016/S0006-3223(96)00494-5 [doi] 

Levy, M.N. (1990). Autonomic Interactions in Cardiac Control. Annals of the New 

York Academy of Sciences, 601(1), 209-221.  

Licht, C.M., de Geus, E.J., Zitman, F.G., Hoogendijk, W.J., van Dyck, R., & Penninx, 

B.W. (2008). Association between major depressive disorder and heart rate 



 

 

550 

variability in the Netherlands Study of Depression and Anxiety (NESDA). 

Archives of General Psychiatry, 65(12), 1358-1367. doi: 65/12/1358 [pii] 

10.1001/archpsyc.65.12.1358 

Lichtman, J.H., Froelicher, E.S., Blumenthal, J.A., Carney, R.M., Doering, L.V., 

Frasure-Smith, N., . . . Sheps, D.S. (2014). Depression as a Risk Factor for 

Poor Prognosis Among Patients With Acute Coronary Syndrome: Systematic 

Review and Recommendations A Scientific Statement From the American 

Heart Association. Circulation, CIR. 0000000000000019.  

Lipsitz, L.A., & Goldberger, A.L. (1992). Loss of'complexity'and aging: potential 

applications of fractals and chaos theory to senescence. Jama, 267(13), 1806-

1809.  

Lombardi, F., Sandrone, G., Pernpruner, S., Sala, R., Garimoldi, M., Cerutti, S., . . . 

Malliani, A. (1987). Heart rate variability as an index of sympathovagal 

interaction after acute myocardial infarction. American Journal of Cardiology, 

60(16), 1239-1245.  

Mäkikallio, T.H., Høiber, S., Køber, L., Torp-Pedersen, C., Peng, C.-K., Goldberger, 

A.L., & Huikuri, H.V. (1999). Fractal analysis of heart rate dynamics as a 

predictor of mortality in patients with depressed left ventricular function after 

acute myocardial infarction. The American journal of cardiology, 83(6), 836-

839.  

Marple Jr, S.L. (1987). Digital spectral analysis with applications. Englewood Cliffs, 

NJ, Prentice-Hall, Inc., 1987, 512 p., 1.  

Martens, E., Nyklíček, I., Szabo, B., & Kupper, N. (2008). Depression and anxiety as 

predictors of heart rate variability after myocardial infarction. Psychological 

medicine, 38(03), 375-383.  



 

 

551 

Matsunaga, M. (2007). Familywise error in multiple comparisons: Disentangling a 

knot through a critique of O'Keefe's arguments against Alpha Adjustment. 

Communication Methods and Measures, 1(4), 243-265.  

Mazzuero, G., Lanfranchi, P., Colombo, R., Giannuzzi, P., & Giordano, A. (1992). 

Long-term adaptation of 24-h heart rate variability after myocardial infarction. 

The EAMI Study Group. Exercise Training in Anterior Myocardial Infarction. 

Chest, 101(5 Suppl), 304S-308S.  

Moser, M., Lehofer, M., Hoehn-Saric, R., McLeod, D.R., Hildebrandt, G., 

Steinbrenner, B., . . . Zapotoczky, H.-G. (1998). Increased heart rate in 

depressed subjects in spite of unchanged autonomic balance? Journal of 

affective disorders, 48(2), 115-124.  

Musselman, D.L., Evans, D.L., & Nemeroff, C.B. (1998). The relationship of 

depression to cardiovascular disease: Epidemiology, biology, and treatment. 

Archives of general psychiatry, 55(7), 580-592.  

Nahshoni, E., Aravot, D., Aizenberg, D., Sigler, M., Zalsman, G., Strasberg, B., . . . 

Weizman, A. (2004). Heart Rate Variability in Patients With Major 

Depression. Psychosomatics: Journal of Consultation Liaison Psychiatry, 

45(2), 129-134. doi: http://dx.doi.org/10.1176/appi.psy.45.2.129 

NASPE, T.F.o.t.E.a.t. (1996). Heart rate variability: standards of measurement, 

physiological interpretation and clinical use. Task Force of the European 

Society of Cardiology & the North American Society of Pacing and 

Electrophysiology. Circulation, 93(5), 1043-1065. doi: 

10.1161/01.cir.93.5.1043  

Osborne, J.W. (2010). Improving your data transformations: Applying the Box-Cox 

transformation. Practical Assessment, Research & Evaluation, 15(12), 1-9.  



 

 

552 

Pearl, J. (2014). Comment: Understanding Simpson’s Paradox. The American 

Statistician, 68(1), 8-13.  

Penninx, B.W., Beekman, A.T., Honig, A., Deeg, D.J., Schoevers, R.A., van Eijk, 

J.T., & van Tilburg, W. (2001). Depression and cardiac mortality: Results 

from a community-based longitudinal study. Archives of general psychiatry, 

58(3), 221-227. doi: http://dx.doi.org/10.1001/archpsyc.58.3.221 

Ramaekers, D., Ector, H., & Aubert, A. (1999). The influence of age and gender on 

heart rate variability (HRV). Journal of the American College of Cardiology, 

33(3), 900.  

Ramaekers, D., Ector, H., Aubert, A., Rubens, A., & Van de Werf, F. (1998). Heart 

rate variability and heart rate in healthy volunteers. Is the female autonomic 

nervous system cardioprotective? European Heart Journal, 19(9), 1334-1341.  

Rechlin, T., Weis, M., Spitzer, A., & Kaschka, W.P. (1994). Are affective disorders 

associated with alterations of heart rate variability? Journal of affective 

disorders, 32(4), 271-275.  

Riskind, J.H., Beck, A.T., Brown, G., & Steer, R.A. (1987). Taking the measure of 

anxiety and depression validity of the reconstructed Hamilton Scales. The 

Journal of nervous and mental disease, 175(8), 474-479.  

Rosenthal, J.A. (1996). Qualitative descriptors of strength of association and effect 

size. Journal of social service Research, 21(4), 37-59.  

Rozanski, A., Blumenthal, J.A., & Kaplan, J. (1999). Impact of psychological factors 

on the pathogenesis of cardiovascular disease and implications for therapy. 

Circulation, 99(16), 2192-2217.  



 

 

553 

Rugulies, R. (2002). Depression as a predictor for coronary heart disease. a review 

and meta-analysis. American Journal of Preventive Medicine, 23(1), 51-61. 

doi: S0749379702004397 [pii] 

Ryan, S.M., Goldberger, A.L., Pincus, S.M., Mietus, J., & Lipsitz, L.A. (1994). 

Gender-and age-related differences in heart rate dynamics: are women more 

complex than men? Journal of the American College of Cardiology, 24(7), 

1700-1707.  

Sacknoff, D.M., Gleim, G.W., Stachenfeld, N., & Coplan, N.L. (1994). Effect of 

athletic training on heart rate variability. American heart journal, 127(5), 

1275-1278.  

Sandercock, G., Gladwell, V., Dawson, S., Nunan, D., Brodie, D., & Beneke, R. 

(2008). Association between RR interval and high-frequency heart rate 

variability acquired during short-term, resting recordings with free and paced 

breathing. Physiological measurement, 29(7), 795.  

Sayar, K., Güleç, H., Gökçe, M., & Ak, I. (2002). Heart rate variability in depressed 

patients. Bull Clin Psychopharmacol, 12(3), 130-133.  

Schwartz, P.J., Zaza, A., Pala, M., Locati, E., Beria, G., & Zanchetti, A. (1988). 

Baroreflex sensitivity and its evolution during the first year after myocardial 

infarction. Journal of the American College of Cardiology, 12(3), 629-636.  

Shannon, D.C., Carley, D.W., & Benson, H. (1987). Aging of modulation of heart 

rate. American Journal of Physiology-Heart and Circulatory Physiology, 

253(4), H874-H877.  

Silva, G., Ushizima, M., Lessa, P., Cardoso, L., Drager, L., Atala, M., . . . Krieger, J. 

(2009). Critical analysis of autoregressive and fast Fourier transform markers 



 

 

554 

of cardiovascular variability in rats and humans. Brazilian Journal of Medical 

and Biological Research, 42(4), 386-396.  

Simpson, E.H. (1951). The interpretation of interaction in contingency tables. Journal 

of the Royal Statistical Society. Series B (Methodological), 238-241.  

Stapelberg, Hamilton-Craig, Neumann, Shum, & McConnell. (2012). Mind and heart: 

heart rate variability in major depressive disorder and coronary heart disease - 

a review and recommendations. Aust N Z J Psychiatry, 46(10), 946-957. doi: 

10.1177/0004867412444624 

Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig. (2011). A topographical 

map of the causal network of mechanisms underlying the relationship between 

major depressive disorder and coronary heart disease. Aust N Z J Psychiatry, 

45(5), 351-369. doi: 10.3109/00048674.2011.570427 

Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig. (2013). The Impact of 

Methodology and Confounding Variables on the Association Between Major 

Depression and Coronary Heart Disease: Review and Recommendations. 

Current Psychiatry Reviews, 9(4), 342-352.  

Stapelberg, N.J., Neumann, D.L., Shum, D.H., McConnell, H., & Hamilton-Craig, I. 

(2015). From Physiome to Pathome: A Systems Biology Model of Major 

Depressive Disorder and the Psycho-Immune-Neuroendocrine Network. 

Current Psychiatry Reviews, 11(1), 32 - 62.  

Stein, P.K., Carney, R.M., Freedland, K.E., Skala, J.A., Jaffe, A.S., Kleiger, R.E., & 

Rottman, J.N. (2000). Severe depression is associated with markedly reduced 

heart rate variability in patients with stable coronary heart disease. Journal of 

psychosomatic research, 48(4-5), 493-500.  



 

 

555 

Stein, P.K., Kleiger, R.E., & Rottman, J.N. (1997). Differing effects of age on heart 

rate variability in men and women. The American journal of cardiology, 

80(3), 302-305.  

Stein, P.K., & Reddy, A. (2005). Non-linear heart rate variability and risk 

stratification in cardiovascular disease. Indian pacing and electrophysiology 

journal, 5(3), 210.  

Tarvainen, M.P., & Niskanen, J.-P. (2008). Kubios HRV version 2.0 user’s guide. 

Department of Physics, University of Kuopio, Kuopio, Finland. 

http://kubios.uef.fi/media/Kubios_HRV_Users_Guide.pdf 

Tarvainen, M.P., Niskanen, J.-P., Lipponen, J., Ranta-Aho, P., & Karjalainen, P. 

(2009). Kubios HRV—a software for advanced heart rate variability analysis. 

Paper presented at the 4th European Conference of the International 

Federation for Medical and Biological Engineering.  

Tarvainen, M.P., Niskanen, J.-P., Lipponen, J.A., Ranta-Aho, P.O., & Karjalainen, 

P.A. (2014). Kubios HRV–Heart rate variability analysis software. Computer 

methods and programs in biomedicine, 113(1), 210-220. doi: 

10.1016/j.cmpb.2013.07.024  

Tarvainen, M.P., Ranta-aho, P.O., & Karjalainen, P.A. (2002). An advanced 

detrending method with application to HRV analysis. IEEE Transactions on 

Biomedical Engineering, 49(2), 172-175.  

Thayer, J.F., Smith, M., Rossy, L.A., Sollers, J.J., & Friedman, B.H. (1998). Heart 

period variability and depressive symptoms: gender differences. Biological 

Psychiatry, 44(4), 304-306.  

Thombs, B.D., Bass, E.B., Ford, D.E., Stewart, K.J., Tsilidis, K.K., Patel, U., . . . 

Ziegelstein, R.C. (2006). Prevalence of depression in survivors of acute 



 

 

556 

myocardial infarction. Journal of General Internal Medicine, 21(1), 30-38. 

doi: JGI269 [pii] 

10.1111/j.1525-1497.2005.00269.x 

Tsuji, H., Larson, M.G., Venditti, F.J., Jr., Manders, E.S., Evans, J.C., Feldman, C.L., 

& Levy, D. (1996). Impact of reduced heart rate variability on risk for cardiac 

events. The Framingham Heart Study. Circulation, 94(11), 2850-2855.  

Tulen, J.H., Bruijn, J.A., de Man, K.J., Pepplinkhuizen, L., van den Meiracker, A.H., 

& Man in 't Veld, A.J. (1996). Cardiovascular variability in major depressive 

disorder and effects of imipramine or mirtazapine (Org 3770). Journal of 

Clinical Psychopharmacology, 16(2), 135-145.  

Udupa, K., Sathyaprabha, T.N., Thirthalli, J., Kishore, K.R., Lavekar, G.S., Raju, 

T.R., & Gangadhar, B.N. (2007). Alteration of cardiac autonomic functions in 

patients with major depression: a study using heart rate variability measures. 

Journal of affective disorders, 100(1-3), 137-141. doi: S0165-0327(06)00446-

0 [pii] 

10.1016/j.jad.2006.10.007 [doi] 

Umetani, K., Singer, D.H., McCraty, R., & Atkinson, M. (1998). Twenty-four hour 

time domain heart rate variability and heart rate: relations to age and gender 

over nine decades. Journal of the American College of Cardiology, 31(3), 

593-601.  

van der Kooy, K.G., van Hout, H.P., van Marwijk, H.W., de Haan, M., Stehouwer, 

C.D., & Beekman, A.T. (2006). Differences in heart rate variability between 

depressed and non‐depressed elderly. International journal of geriatric 

psychiatry, 21(2), 147-150.  



 

 

557 

van Zyl, L.T., Hasegawa, T., & Nagata, K. (2008). Effects of antidepressant treatment 

on heart rate variability in major depression: A quantitative review. 

Biopsychosoc Med, 2, 12. doi: 1751-0759-2-12 [pii] 

10.1186/1751-0759-2-12 [doi] 

Vigo, D.E., Nicola Siri, L., Ladrón de Guevara, M.S., Martínez-Martínez, J.A., 

Fahrer, R.D., Cardinali, D.P., . . . Guinjoan, S.M. (2004). Relation of 

depression to heart rate nonlinear dynamics in patients≥ 60 years of age with 

recent unstable angina pectoris or acute myocardial infarction. The American 

journal of cardiology, 93(6), 756-760.  

Voss, A., Schulz, S., Schroeder, R., Baumert, M., & Caminal, P. (2009). Methods 

derived from nonlinear dynamics for analysing heart rate variability. 

Philosophical Transactions of the Royal Society A: Mathematical, Physical 

and Engineering Sciences, 367(1887), 277-296. doi: 10.1098/rsta.2008.0232  

Wulsin, L.R., & Singal, B.M. (2003). Do depressive symptoms increase the risk for 

the onset of coronary disease? A systematic quantitative review. 

Psychosomatic medicine, 65(2), 201-210.  

Yeragani, V.K., Pohl, R., Balon, R., Ramesh, C., Glitz, D., Jung, I., & Sherwood, P. 

(1991). Heart rate variability in patients with major depression. Psychiatry 

research, 37(1), 35-46.  

Yeragani, V.K., & Radhakrishna Rao, K. (2003). Nonlinear measures of QT interval 

series: novel indices of cardiac repolarization lability: MEDqthr and LLEqthr. 

Psychiatry research, 117(2), 177-190.  

Young, F.L., & Leicht, A.S. (2011). Short-term stability of resting heart rate 

variability: influence of position and gender. Applied Physiology, Nutrition, 

and Metabolism, 36(2), 210-218.  



 558 

Chapter 11 

Longitudinal Relationships Between Heart Rate Variability and Depression: 

Results From the Heart and Mind Study 

Preamble 

 

This chapter presents further empirical findings of the Heart and Mind Study. 

The empirical study presented here addresses the second study hypothesis, that 

psychometric measures of mood and HRV measures remain correlated over time. It 

also informs the third principal study hypothesis, that in people with CHD, HRV 

measures would still be correlated with mood, but may be globally reduced compared 

to people without CHD. This is further discussed in Chapter 12. 

The results of this study are presented in the paper below, which will be 

submitted for publication in a peer reviewed journal. Representing separate work for 

publication, but being related to the work presented for publication in Chapter 10, the 

paper below contains a repetition of some of the literature review and basic 

description of the study. Aspects of the discussion, such as confounding by gender 

and age, are germane to both Chapter 10 and 11, and discussion themes are repeated 

across the two papers. The use of measurement invariance in this study is unique, 

having not yet being used in studies on HRV and mood and represents a significant 

contribution to the literature. 
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Abstract 

Background 

Heart rate variability (HRV) has been studied as a biomarker for major 

depressive disorder (MDD) in medically healthy people and in people with coronary 

heart disease (CHD). Previous studies have mostly examined depression as a 

categorical variable in relation to HRV at a single time. Confounders, particularly 

gender and age, as well as methodological differences and small sample size, have led 

to conflicting findings. There are studies which have examined the stability of various 

HRV measures over time, but to date no studies have examined the relationship 

between mood and HRV measures as continuous variables over time. 

Methods 

Data from four review episodes of the Heart and Mind Study, a longitudinal 

cohort study examining relationships between mood and 45 measures of HRV, was 

analysed using measurement invariance methodology. The total cohort was examined, 

and separate analyses were conducted for the CHD as well as the non-CHD cohorts. 

Results 

Several significant relationships were established between the Hamilton 

Depression Rating Scale and HRV measures over time for the whole study cohort and 

the CHD cohort over either 3 review episodes (4 months) or 4 review episodes (6 

months). No statistically significant relationships between HRV and mood measures 

were derived for the Non-CHD cohort. 
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Discussion 

This study is the first to use measurement invariance to establish relationships 

between HRV measures and psychometric tests for mood over time. Gender was 

unevenly distributed across CHD and non-CHD cohorts. The results obtained may be 

an effect attributable to male gender. People with CHD are likely to be in a different 

stable state of autonomic control from people without CHD, which may also explain 

differences in the results between the CHD and non-CHD cohorts. Future studies 

should address the effects of gender on the relationship between mood and HRV and 

should also covary age and gender simultaneously in a larger study cohort. 
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Introduction 

 

Heart rate varies continuously over time. This change in heart rate has been 

termed heart rate variability (HRV) and arises from the opposing influences of various 

cardiac control systems, acting to compensate for increased or decreased metabolic 

demand (e.g. Carney et al., 2001). The combined effect of all these mechanisms 

results in a complex, fractal pattern of HRV (e.g. Goldberger, Bhargava, West, & 

Mandell, 1985; Goldberger & West, 1987a, 1987b). Several measures have been 

proposed to quantify HRV. They can be divided into time domain, frequency domain, 

and non-linear HRV measures (Lahiri, Kannankeril, & Goldberger, 2008). Studies 

have sought to establish a relationship between mood and HRV. A subset of these 

studies sought to establish relationships between major depressive disorder (MDD) 

and HRV in otherwise healthy participants (Agelink, Boz, Ullrich, & Andrich, 2002; 

Bär et al., 2004; Dalack & Roose, 1990; Guinjoan, Bernabó, & Cardinali, 1995; 

Moser et al., 1998; Nahshoni et al., 2004; Rechlin, Weis, Spitzer, & Kaschka, 1994; 

Tulen et al., 1996; van der Kooy et al., 2006; Yeragani et al., 1991). Other studies 

examined correlations between HRV measures and MDD in people with coronary 

heart disease (CHD) (e.g. Carney et al., 2001; Carney et al., 1988; Carney et al., 1995; 

Drago et al., 2007; Gehi, Mangano, Pipkin, Browner, & Whooley, 2005; 

Krittayaphong et al., 1997a; Martens, Nyklíček, Szabo, & Kupper, 2008; Stein et al., 

2000).  

In the majority of these studies, mood was examined as a categorical variable, 

that is, participants were categorized as depressed or not depressed (Agelink et al., 

2002; Agelink et al., 2001; Bär et al., 2004; Boettger et al., 2008a; Dawood et al., 

2007; Lehofer et al., 1997; Moser et al., 1998; Rechlin et al., 1994; Sayar, Güleç, 
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Gökçe, & Ak, 2002; Thayer, Smith, Rossy, Sollers, & Friedman, 1998; Udupa et al., 

2007; van der Kooy et al., 2006; Yeragani et al., 1991; Yeragani & Radhakrishna 

Rao, 2003), although some studies did examine mood as a continuous variable (e.g. 

Krittayaphong et al., 1997a).  

It has been recommended that studies examine mood and HRV measures as 

continuous variables (Stapelberg, Hamilton-Craig, Neumann, Shum, & McConnell, 

2012; Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig, 2013) which 

would allow mathematical relationships between these variables to be explored.  The 

majority of studies cited above are also cross-sectional in design, examining 

correlations between mood and HRV at a single point in time. It has been 

recommended that longitudinal data from several follow-up episodes be examined, to 

establish if relationships between mood and HRV measures persist over time (e.g. 

Stapelberg et al., 2013). The latter is an important consideration, because mood may 

vary over time in individual participants. If it can be demonstrated that mood is 

related to HRV measures over several review episodes, regardless of any change in 

mood for individual participants, this provides evidence that HRV measures “track” 

with mood over time. We have shown that long term or low frequency measures of 

HRV are predicted by psychometric measures of mood and anxiety on cross-sectional 

examination, using linear regression analysis (Chapter 10). The hypothesis of the 

present study is that HRV measures are related to psychometric measures of mood 

and anxiety over multiple review episodes. This hypothesis was tested by attempting 

to establish relationships between psychometric measures of mood and anxiety (as 

independent variables), and HRV measures (as dependent variables). The analysis 

was performed with data from four review episodes (across 6 months), using 

measurement invariance methodology.  
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Moderators in the Relationship Between Mood and Heart Rate Variability 

Several potential factors have been identified that modify the relationship 

between mood and HRV. HRV decreases linearly as people get older (Antelmi et al., 

2004; Cowan, Pike, & Burr, 1994; Korkushko, Shatilo, Plachinda, & ShatiloShatilo, 

1991; Shannon, Carley, & Benson, 1987; Umetani, Singer, McCraty, & Atkinson, 

1998), due principally to a gradual decline in the potency of cardiac control systems 

and decreasing activity levels (Sacknoff, Gleim, Stachenfeld, & Coplan, 1994). 

Gender is a complex moderator of the correlation between mood and HRV, which we 

have discussed in detailed elsewhere (Chapter 10). Firstly, the effects of gender vary 

with age, with gender differences gradually dissipating with advancing age (Umetani 

et al., 1998). Secondly, in depressed women, high frequency HRV increases, while 

low frequency decreases, compared to globally decreased HRV in depressed men 

(Thayer et al., 1998), making gender a complex confounder if mood is assessed as a 

continuous variable.  

A recent study found linear relationships between several HRV measures and 

mood in people with CHD (Chapter 10). HRV is decreased in people with CHD due 

to loss of autonomic control of the heart following events such as myocardial 

infarction (Lombardi et al., 1987). While cardiac control systems do recover in the 12 

months after myocardial infarction (MI), HRV does not recover to healthy levels 

(Bigger et al., 1991; Mazzuero et al., 1992; Schwartz et al., 1988).  

Anxiety is a significant confounder for the correlation between mood and 

HRV (Stapelberg et al., 2012). Recent work, however, showed a high correlation 

between psychometric measures of anxiety and mood, which was sustained over time 

(i.e. the correlation held for four review episodes over 6 months as measured by 

bivariate correlation and measurement invariance methodology) (Stapelberg et al., 
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submitted for publication). Given this high correlation, it was argued that 

psychometric measures for mood and anxiety should be examined separately in 

relation to other variables such as HRV (Stapelberg et al., submitted for publication). 

The moderators discussed above have been accounted for in the methodology of the 

present study. Age and gender have been included as covariates in the measurement 

invariance analysis and psychometric measures for mood and anxiety have been 

analysed separately.  

 

Methodology 

Study Participants and Data Collection  

The Heart and Mind Study is a prospective cohort study. It has examined the 

relationships between psychometric measures of mood, and 13 HRV measures. The 

study comprised two cohorts of participants recruited from the community. The first 

cohort were participants with CHD, defined by the index event of MI. The second 

cohort were participants with no chronic general medical conditions. All participants 

provided written consent to participate prior to commencement and the study was 

reviewed and approved by the Griffith University Human Research Ethics Committee 

(HREC) and the Gold Coast Hospital HREC in Queensland, Australia.  

The numbers of participants recruited and excluded, as well as numbers of 

participants for each review episode is shown in Figure 11.1. For the first review 

episode, data from 88 participants was analysed, comprising 47 people (38 males & 9 

females) with coronary heart disease (CHD) and 41 people without CHD (12 males & 

29 females). There was attrition of participants over time, with data from 62 

participants included in the second review (28 with CHD & 34 without CHD), 53 in 
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the third review (24 with CHD & 29 without CHD) and 39 in the fourth review (17 

with CHD & 22 without CHD).  

Participants with CHD met criteria as set out by regulatory bodies such as the 

National Heart Foundation Australia guidelines (e.g. Chew et al., 2011). The inclusion 

criteria were CHD as defined by MI or coronary artery surgical intervention such as 

stenting. In order to match participant cohorts by age, non-CHD participants above 

age 30 were recruited. People with chronic medical illnesses, such as asthma, 

diabetes, epilepsy or cardiac disease other than CHD (e.g. cardiac arrhythmia) were 

excluded. Pregnant women and those with substance dependence were excluded.  

People who were unable to provide consent (e.g. due to severe cognitive deficit) were 

also excluded. Severely depressed participants would be excluded from the study if 

they were assessed to be at risk of self harm or harm to others. No such risks were 

encountered among participants screened. Finally, people who were taking 

antidepressant medication were not recruited, because of the significant confounding 

effect of antidepressants on HRV (reviewed in Stapelberg et al., 2012). For practical 

reasons, people on cardiac medications were included. Beta-adrenergic blockers 

especially have been noted to potentially confound HRV (reviewed in Stapelberg et 

al., 2012). A bivariate analysis showed that beta-blockers were not significantly 

correlated with any study variables in the Heart and Mind Study cohort (Stapelberg et 

al., submitted for publication). 

The gender distribution for participants over the four review episodes is shown 

in Figure 11.1. Overall, there were more males in the CHD cohort and more female 

participants in the non-CHD cohort. The gender distribution in the CHD cohort may 

reflect the greater incidence of MI in men (e.g. Kannel, Sorlie, & Mcnamara, 1979) 

although it has been argued that there is only a male predominance of CHD among 
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younger age groups (Goldberg, Yarzebski, Lessard, & Gore, 1999). The age range of 

the initial participant cohort was 34 to 80 years, with a mean age of 58.69 years. 

Participants with CHD were at least 3 months post myocardial infarction (Min = 3 

months, Max = 133 months, M = 14.1 months, SD = 21.8). 

All participants underwent an initial assessment, which comprised a structured 

psychiatric interview, a medical history and psychometric testing. The psychiatric 

interview allowed qualitative confirmation of the diagnosis of MDD if applicable and 

allowed other psychiatric disorders to be ruled out on Axis 1 and Axis 2 as per the 

DSM4TR multi-axial diagnostic system (American Psychiatric Association, 2000). A 

medical history was obtained to rule out any conditions other than CHD which might 

confound HRV measures. All participants underwent a cardiac Holter study, to obtain 

a 24 hour ambulatory RR interval recording, within five days of the interview. The 

majority of Holter studies were completed within 24 hours of psychometric testing 

over the four review episodes (M = 1.62 days, SD = 1.64). All participants were 

followed up three times at two month intervals, resulting in a total follow-up duration 

of 6 months. Follow-up assessment comprised a brief medical interview to assess if 

any changes in circumstances, any new stressors or life events, changes in medical 

status (such as a new medical condition), and any changes in treatment (such as new 

or changed doses of cardiac medication). Repeat psychometric assessment was 

performed, and participants underwent a Holter study with each follow-up episode.  
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Figure 11.1.  Participant Numbers, CHD Status, Gender and Age at 

Each Follow up Period in the Heart and Mind Study 
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Psychometric Measures and Holter Recordings 

Mood was assessed at each review episode. Mood was assessed using two 

psychometric measures, the Beck Depression Inventory 2 (BDI2) and the Hamilton 

Depression Rating Scale (HDRS). We have previously reviewed the utility of these 

measures especially with regards to people with CHD (Stapelberg et al., 2013). 

Anxiety was measured using the Hamilton Anxiety Rating Scale (HARS). In addition, 

modified scores were calculated for the HDRS and HARS, based on the work of 

Riskind and colleagues (1987). A high correlation between psychometric measures of 

mood and anxiety was demonstrated (see Chapter 9) and it was argued that the 

correlation was so large as to justify the use of either in further studies. Only the 

HDRS was used in this study to avoid a large number of comparisons and therefore 

mitigate the risk of familywise error (e.g. Curran-Everett, 2000; Matsunaga, 2007). 

RR interval recordings for HRV analysis were gathered using Philips Zymed 

Digtrak XT 24hr Holter monitors, which recorded ambulatory heart beats over 24 

hours. We previously described a preprocessing tool to remove artefact from RR 

interval recordings (Stapelberg et al., submitted for publication) which was used to 

remove artefact from the cardiac recordings. Recordings were excluded if they 

contained more than 10% artefact. In addition, detrending was performed according to 

the algorithm described by Tarvainen et al. (2002) in the Kubios HRV software 

program (Tarvainen, Niskanen, Lipponen, Ranta-Aho, & Karjalainen, 2009; 

Tarvainen, Niskanen, Lipponen, Ranta-Aho, & Karjalainen, 2014). 

 

Measures of Heart Rate Variability 

A list of HRV measures pertinent to this study and a brief description of their 

derivation is provided in Table 10.1 in Chapter 10. An exhaustive description of HRV 
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measures and their calculation is beyond the scope of this article, but the interested 

reader is directed to several authoritative works for details (e.g. Acharya, Joseph, 

Kannathal, Lim, & Suri, 2006; Bilchick & Berger, 2006; NASPE, 1996; Tarvainen & 

Niskanen, 2008; Voss, Schulz, Schroeder, Baumert, & Caminal, 2009).  

In brief, time domain measures are statistical measures of HRV, for example 

the standard deviation of all RR intervals (SDNN) or the square root of the mean of 

the squares of the successive differences between adjacent RR intervals (RMSSD). 

Frequency domain measures utilise either fast Fourier transform or autoregressive 

algorithms to derive spectral power in a plot of frequency versus spectral power 

density. This allows separation of spectral power into frequency bands, for which the 

standard is a range of 0.15 to 0.4 Hz for the high frequency (HF) band, 0.04 to 0.15 

Hz for the low frequency (LF) band, and 0.003 to 0.04 Hz for the very low frequency 

(VLF) band (e.g. Tarvainen et al., 2009). These frequency bands have been correlated 

with the activity of sympathetic and parasympathetic cardiac control, with 

parasympathetic action generally represented by the HF band (or short term HRV 

changes over time) and sympathetic activity is measurable by both HF and LF bands 

(longer term HRV changes over time) (NASPE, 1996). However, cardiac control 

systems do not map directly on a portion of the frequency spectrum, and the 

interaction between measured frequency power is complex (Rottenberg, 2007). The 

concept of short term and long term HRV measures also applies to the time domain 

HRV measures, with certain time domain measures and frequency domain measures 

being highly correlated (Bigger Jr et al., 1992). Measures such as RMSSD and pNN50 

are highly correlated with HF power, which all reflect short term HRV changes over 

time (Bigger Jr et al., 1992; Bilchick & Berger, 2006), while long term measures such 

as SDNN and LF power represent HRV changes over longer time durations (Bigger Jr 
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et al., 1992; Bilchick & Berger, 2006). In 24 hour cardiac recordings, measures such 

as HRV Triangular Index also represent long term HRV. It should also be noted that 

the normalized measures of HF (n.u.) and LF (n.u.) are each linked in terms of their 

algebraic derivation to LF/HF ratio (Burr, 2007).  

Non-linear HRV measures are derived from algorithms which elucidate the 

complexity of structure in HRV over time, particularly self-similarity over different 

time scales (e.g. Goldberger & West, 1987a, 1987b). Examples are detrended 

fluctuation analysis (DFA) (e.g. Acharya, Lim, & Joseph, 2002) or Poincare plot 

(Brennan, Palaniswami, & Kamen, 2001; Piskorski & Guzik, 2007).  

Kubios HRV software (Tarvainen et al., 2009; Tarvainen et al., 2014) was 

used to calculate 13 HRV measures, comprising 4 time domain measures (SDNN, 

RMSSD, SDANN and RR triangular index), 5 frequency domain measures (VLF, LF 

and HF relative power, LF and HF normalized power) and 4 non-linear measures 

(Poincare Plot SD1 and SD2, DFA Alpha1 and Alpha2). Variables linked to a 

common algorithm are presented as separate measures, for example, Alpha1 and 

Alpha2 both pertain to the non-linear HRV measure DFA, SD1 and SD2 are both 

measures pertaining to Poincare plot. The selection of these HRV measures has been 

justified elsewhere (see Chapter 8 and Chapter 10). In addition, while it is 

acknowledged that other HRV measures have been described in the literature, (e.g. 

Porta et al., 2001; Wessel et al., 2000) this study has only used the group of measures 

calculated in the Kubios HRV software.  

 

Data Analysis  Using Measurement Invariance 

Structural equation modelling allows a hypothesis to be tested by establishing 

a correlation between variables and then imposing constraints on the model based on 
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the study hypothesis. Measurement invariance is used to compare latent traits across 

different groups, that is, it can establish whether a given model is equal across groups 

(e.g. Cheung & Rensvold, 2002). For example, it can be used to establish whether a 

survey is equivalent across high school adolescents with different levels of academic 

achievement (Byrne, Shavelson, & Muthén, 1989). Measurement invariance provides 

a quantitative way of measuring whether factor loadings, means and error distribution 

of the groups are the same across the different groups (Cheung & Rensvold, 2002). 

Measurement invariance has found extensive use in the field of health and clinical 

psychology (e.g. MacCallum & Austin, 2000). For example it has been used to 

examine psychometric tests across different language groups (Reise, Widaman, & 

Pugh, 1993) or variable relationships in mental health (e.g. Sun, Boschen, Farrell, 

Buys, & Li, 2014). This methodology can also be used to examine variable 

relationships over time (Chan, 1998). 

A two-step analysis of invariance (Bollen, 1989) was employed to examine 

whether the relationship pattern between HRV and mood measures is similar across 

the four review times. In this study, the four review periods were treated as different 

groups. These will be referred to throughout this study as Time1, Time2 and Time3 

and Time4. In the first step, the ‘unconstrained’ model, we assessed whether the 

relationship between HRV and psychometric measures of mood was similar for all 

review time groups.  In the second step, the error variance was constrained to be equal 

across four review time groups. It tested whether error variance of the variables were 

equal across all four times. If covariance in the constrained model is forced to be 

invariant, and this model has a similar fit to the unconstrained model, it can validate 

the study hypothesis. The relationship between each HRV measure (the dependent 

variable) and psychometric test score (independent variable) as well as covariates (age 
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and gender as independent variables) could therefore be compared across groups, and 

therefore across progressive review episodes. This provides one model to study 

whether the relationship varies across the review episodes. Measurement invariance 

was used to separately examine the relationship between HDRS, with the 13 HRV 

measures described, over all four review episodes, and in some cases over the first 

three review episodes. Total study cohorts, CHD and Non-CHD cohorts were 

examined first over four review episodes, followed by separate examinations over the 

first three review episodes. This was done due to the smaller numbers of participants 

in the fourth assessment episode. Measurement invariance was performed using 

MPlus software (Muthén & Muthén, 1998). 

Using only data from the first review episode from the Heart and Mind Study 

(88 participant data sets), it was found that the correlations between psychometric test 

scores and HRV measures were significant for the CHD cohort only (see Chapter 10). 

Therefore, the CHD and non-CHD cohorts were analysed separately. Data from each 

cohort was subjected to measurement invariance analysis without covariates, then 

with age and gender as covariates using a step-wise method. Significant models on 

unconstrained measurement invariance analysis, confirmed by error variance 

invariance analysis, as employed in this study, indicate a stable correlation of the 

dependent and independent variables over time. 

Measurement invariance is tested by comparing a model without restrictions 

“unconstrained model” to a model where specific restrictions have been applied, such 

as restricting the factor loadings to be equal “constrained model” (e.g. Cheung & 

Rensvold, 2002). It is then assessed whether the applied restrictions significantly 

decrease the fit of the model. If the fit between the constrained and unconstrained 

models is similar, then the invariance of variable relationships across review periods 
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is similar. Measurement invariance employs several test statistics for model fit, 

notably the Chi-squared (χ2) statistic, which requires normalized data. Given the 

requirement for normalized data, the natural logarithm of psychometric test scores and 

HRV measures were used.Several fit statistics were used to evaluate how well the 

hypothesized model is replicated in the study sample. Chi-square (χ2) and relative χ2 

(derived from χ2 divided by degrees of freedom) and fit measures are presented. A 

relative χ2 index with values below 3 are considered indicative of a close fit between 

the hypothetical model and the sample data. For other indices of fit (e.g. Comparative 

Fit Index, (CFI) values greater than 0.90 indicate a good fit. The root mean square 

error of approximation (RMSEA) compares the model’s optimal parameter values 

with the population covariance matrix. A p-value of less than .05 suggests a good fit 

(Hoyle, 1995). Models were chosen as significant if significance on p-value for the 

overall model was below .05 and if p-values for all individual estimates for the 

relationship between psychometric tests and HRV measures on each review episode 

were below .05.  

 

Results 

For each of the four review episodes, the means, standard deviations and 

ranges for the HDRS are presented in Table 11.1. HDRS scores for participants with 

and without CHD are similar. Absolute changes in HDRS scores for individuals, from 

one review episode to the next, are also shown in Table 11.1. It is shown that HDRS 

scores are not static over time, but change between review episodes over the course of 

6 months. The mean HDRS score and the absolute change between HDRS scores 

between reviews was higher for females than males. 
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When data from the total study cohort was subjected to measurement 

invariance analysis, no significant correlation models were obtained across all four 

review episodes. However significant models were obtained across the first three 

review episodes for HDRS with RMSSD and SD1. Data from the CHD cohort 

without covariates yielded significant correlation models across four review episodes 

for SDNN, RMSSD and SD1 as dependent variables and HDRS as the independent 

variable. Data from the Non-CHD cohort yielded no significant models. The results 

for overall invariance analysis model fit are shown in Table 11.2. 

Table 11.3 presents the same models but shows results for the individual 

relationships between HDRS scores and HRV measures, for each review episode. 

Statistics are shown for both unconstrained and constrained models. In the CHD 

cohort, both unconstrained and constrained models for RMSSD are not significant for 

the third assessment  (p = 0.059), but were significant for all other assessment periods. 

The other models were significant for both unconstrained and constrained models.  

The lowest relative χ2 obtained was 4.931. However, p-values for the 

invariance models were all significant, and CFI and TFI were 1.0, indicating a very 

good fit. The extreme values of 1.0 for these measures are further discussed below. 
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Table 11.3 
        Analysis of Invariance of the Relationship Between Heart Rate Variability and HDRS Score: Individual Time Statistics 

 
         
  Model   

Unconstrained 
Model   

Error Variance Constrained 
Model 

      Estimate   t p Estimate   t p 
Total Cohort (First 3 
Assessments)   Time 1 -0.146 -2.769 0.006 -0.551 -2.777 0.005 
Dependent Variable  Ln RMSSD Residual Variance Time 1 

   
0.834 6.633 <0.001 

Independent Variable   Ln HDRS Time 2 -0.095 -1.978 0.048 -0.621 -1.969 0.049 
    Residual Variance Time 2 

   
0.82 5.568 <0.001 

    Time 3 -0.136 -1.975 0.048 -0.506 -1.982 0.047 
    Residual Variance Time 3       0.818 5.148 <0.001 
Total Cohort (First 3 
Assessments)   Time 1 -0.143 -2.76 0.006 -0.555 -2.753 0.006 
Dependent Variable  Ln SD1 Residual Variance Time 1 

   
0.835 6.633 <0.001 

Independent Variable   Ln HDRS Time 2 -0.094 -1.974 0.048 -0.628 -1.967 0.049 
  

 
Residual Variance Time 2 

   
0.82 5.568 <0.001 

  
 

Time 3 -0.134 -1.973 0.049 -0.511 -1.974 0.048 
  

 
Residual Variance Time 3   

 
  0.818 5.148 <0.001 

CHD Cohort (4 
Assessments)   Time 1 -0.178 -3.047 0.002 -0.923 -3.034 0.002 
Dependent Variable  Ln SDNN Residual Variance Time 1 

   
0.77 4.848 <0.001 

Independent Variable   Ln HDRS Time 2 -0.14 -2.667 0.008 -1.451 -2.665 0.008 
    Residual Variance Time 2 

   
0.496 3.742 <0.001 

    Time 3 -0.173 -2.189 0.029 -0.965 -2.188 0.029 
    Residual Variance Time 3 

   
0.9 3.464 0.001 

    Time 4 -0.299 -2.393 0.017 -0.843 -2.393 0.017 
    Residual Variance Time 4       0.443 2.915 0.004 
CHD Cohort (4 
Assessments)   Time 1 -0.228 -3.199 0.001 -0.785 -3.204 0.001 
Dependent Variable  Ln RMSSD Residual Variance Time 1 

   
0.756 4.848 <0.001 

Independent Variable   Ln HDRS Time 2 -0.156 -2.931 0.003 -1.492 -2.901 0.004 
  

 
Residual Variance Time 2 

   
0.478 3.742 <0.001 

  
 

Time 3 -0.189 -1.887 0.059 -0.685 -1.89 0.059 
  

 
Residual Variance Time 3 

   
0.939 3.464 0.001 

  
 

Time 4 -0.334 -2.203 0.028 -0.667 -2.206 0.027 
    Residual Variance Time 4       0.46 2.915 0.004 
CHD Cohort (4 
Assessments)   Time 1 -0.224 -3.196 0.001 -0.793 -3.189 0.001 
Dependent Variable  Ln SD1 Residual Variance Time 1 

   
0.757 4.848 <0.001 

Independent Variable   Ln HDRS Time 2 -0.155 -2.936 0.003 -1.515 -2.932 0.003 
    Residual Variance Time 2 

   
0.476 3.742 <0.001 

    Time 3 -0.186 -1.88 0.06 -0.69 -1.877 0.06 
    Residual Variance Time 3 

   
0.941 3.464 0.001 

    Time 4 -0.329 -2.208 0.027 -0.676 -2.206 0.027 
    Residual Variance Time 4       0.46 2.915 0.004 
       !
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When data from the total cohort was subjected to measurement invariance 

analysis with age and gender as covariates respectively, significant models were 

obtained when the first three review episodes were analysed, and for some HRV 

measures over all four review episodes. Overall results for the unconstrained and 

constrained model are presented in Table 11.4. Individual statistics for assessment 

periods are shown in Table 11.5. Significant unconstrained models were obtained for 

the total cohort with HDRS and age as independent variables for RMSSD and SD1for 

Time1 and Time2, however both relationships had p values of 0.052 for Time3.  

In the CHD cohort, SDNN showed a significant relationship with HDRS and 

age across the four assessment periods for the unconstrained models. RR triangular 

index was significant for the same independent variables across Time 1 and Time 4, 

but showed p values of 0.059 and 0.056 for Time 2 and Time 3 respectively. Alpha1 

showed a significant relationship with HDRS and gender across the first three 

assessment periods for an unconstrained model. There were no significant 

unconstrained models for the Non-CHD cohort covaried with age or gender. 

However, most of the constrained models were not significant for the models 

listed above. Of the covaried models, only RR triangular index with HDRS and 

covaried with age, produced significant unconstrained and constrained models. 

However, individual relationships between these variables fell short of significance 

for Time 2 and Time 3 respectively in the unconstrained model, and the was a p value 

of 0.066 for these variable relationships for Time 3. CFI and TFI were again at an 

extreme value of 1.0 for most models. Canonical analysis was performed on some 

models to ascertain why some measures of fit were so high. On canonical analysis, the 

correlation coefficients for psychometric test score against HRV measure were very 
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similar across the review times, suggesting stability of HRV and HDRS test scores 

over time for most participants. 
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Table 11.5 

! ! ! ! ! ! ! ! !Analysis of Invariance of the Relationship Between Heart Rate Variability, HDRS and Covariates: Individual Time Statistics 

! ! ! ! ! ! ! ! ! !
 Model  

Unconstrained 
Model   

Error Variance Constrained 
Model 

   Estimate   t p  Estimate   t p 
Total Cohort                                    
(3 Assessments) Time 1 -0.147 -2.768 0.006 Time 1 -0.454 -0.196 0.844 
Dependent Variable  Ln RMSSD Age -0.001 -0.195 0.845 Residual Variance Time 1 103.985 6.633 <0.001 
Independent Variable   Ln HDRS Time 2 -0.097 -2.001 0.045 Time 2 -1.033 -0.298 0.766 
    Age -0.001 -0.3 0.764 Residual Variance Time 2 92.987 5.568 <0.001 
    Time 3 -0.133 -1.943 0.052 Time 3 1.622 0.578 0.563 
    Age 0.004 0.577 0.564 Residual Variance Time 3 91.894 5.148 <0.001 
Total Cohort                                     
(3 Assessments) Time 1 -0.145 -2.76 0.006 Time 1 -0.473 -0.202 0.84 
Dependent Variable  Ln SD1 Age -0.001 -0.203 0.839 Residual Variance Time 1 103.983 6.633 <0.001 
Independent Variable   Ln HDRS Time 2 -0.096 -1.999 0.046 Time 2 -1.069 -0.305 0.76 

 
!

Age -0.001 -0.307 0.759 Residual Variance Time 2 92.981 5.568 <0.001 

 
!

Time 3 -0.132 -1.94 0.052 Time 3 1.622 0.571 0.568 

 
!

Age 0.004 0.571 0.568 Residual Variance Time 3 91.907 5.148 <0.001 
CHD Cohort           
(4 Assessments)   Time 1 -0.199 -3.389 0.001 Time 1 -5.645 -1.511 0.131 
Dependent Variable  Ln SDNN Age -0.008 -1.515 0.13 Residual Variance Time 1 97.242 4.848 <0.001 
Independent Variable   Ln HDRS Time 2 -0.162 -3.018 0.003 Time 2 -9.96 -1.3 0.194 
    Age -0.006 -1.297 0.194 Residual Variance Time 2 78.42 3.742 <0.001 
    Time 3 -0.176 -2.187 0.029 Time 3 -0.971 -0.195 0.846 
    Age -0.002 -0.196 0.845 Residual Variance Time 3 95.778 3.464 0.001 
    Time 4 -0.297 -2.394 0.017 Time 4 3.369 0.555 0.579 
    Age 0.005 0.555 0.579 Residual Variance Time 4 98.391 2.915 0.004 
CHD Cohort           
(4 Assessments)  Time 1 -0.1 -2.417 0.016 Time 1 -15.868 -3.696 <0.001 
Dependent Variable  Ln RR T.I. Age -0.014 -3.708 <0.001 Residual Variance Time 1 79.001 4.848 <0.001 
Independent Variable   Ln HDRS Time 2 -0.131 -1.887 0.059 Time 2 -11.337 -2.102 0.036 

 
!

Age -0.012 -2.112 0.035 Residual Variance Time 2 71.813 3.742 <0.001 

 
!

Time 3 -0.105 -1.914 0.056 Time 3 -11.745 -1.839 0.066 

 
!

Age -0.011 -1.838 0.066 Residual Variance Time 3 84.084 3.464 0.001 

 
!

Time 4 -0.176 -2.058 0.04 Time 4 -6.792 -0.787 0.431 

  Age -0.005 -0.788 0.43 Residual Variance Time 4 96.653 2.915 0.004 
CHD Cohort             
(3 Assessments)   Time 1 0.037 3.338 0.001 Time 1 1.54 2.213 0.027 
Dependent Variable  Ln Alpha1 Gender 0.062 2.268 0.023 Residual Variance Time 1 0.133 4.848 <0.001 
Independent Variable   Ln HDRS Time 2 0.037 2.32 0.02 Time 2 1.765 1.538 0.124 
    Gender 0.042 1.421 0.155 Residual Variance Time 2 0.156 3.742 <0.001 
    Time 3 0.032 1.993 0.046 Time 3 0.602 0.59 0.555 
    Gender 0.025 0.623 0.533 Residual Variance Time 3 0.167 3.464 0.001 

!
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Discussion 

The results presented show that SDNN, RMSSD, and SD1 are significantly 

related to HDRS, a psychometric measure for mood, across four review episodes, in a 

sample of people with CHD. There is thus a significant relationship between these 

variables that persists over time. No significant models were obtained for non-CHD 

participants. Significant correlation models were obtained for the total study cohort 

between HDRS and RMSSD as well as SD1, but these models were only obtained 

across the first three review episodes. As previously discussed (see Chapter 10), it 

was hypothesized that the observed relationships in the total cohort arise from the 

participants with CHD, with the results effectively being “diluted” by the Non-CHD 

participants, where no relationships are evident. 

The results presented here are unique in demonstrating a significant 

relationship over either 4 or 6 months between variables in a prospective cohort study. 

The results of the measurement invariance analysis are important because they track 

the relationship between two variables, which might change from one review episode 

to another, reflecting changes in the condition of the participant. Some participants in 

the Heart and Mind Study presented with clinical depression, but then improved over 

the course of the study. Other participants became more depressed during the course 

of the study, while other participants showed no change in their mood status. These 

changes in mood score were tracked by HRV over time, which was detected by the 

invariance measurement method. Findings in the present study demonstrate that 

SDNN, RMSSD and SD1 remained significantly related to mood over a period of 6 

months, regardless of whether mood improved, deteriorated, or remained stable in 

people with CHD. Given the stable relationship over time, these measures could have 
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potential as possible predictors of mood state, although larger studies would be 

required to confirm the results obtained here. 

Invariance analysis of relationships between HDRS score and HRV with age 

and gender as covariates yielded several significant unconstrained models, but only 

RR triangular index produced a significant model when constraining error variance. 

The applied restriction significantly decreased the fit of the other models. This 

indicates that age and gender may not play a significant role in the relationship 

between HDRS and some HRV measures over multiple review periods in people with 

CHD. The potential impact of these moderating variables is further discussed with 

regard to the Non-CHD cohort below. 

Few studies have examined changes in HRV over time using multiple follow-

up reviews. One of the largest such studies is an analysis of data from the Whitehall II 

cohort (Britton et al., 2007), although only a single follow-up review was performed 

after 5 years. Tarkiainen et al. (2005) performed repeat HRV measurements every 2 

weeks, over the winter months of 1998 on 131 people with stable CHD to study the 

long term stability of HRV measures but mood was not assessed. Another study 

compared HRV measures derived daily from short duration RR interval recordings of 

intensive care unit patients, correlating declining HRV with progressive illness and 

organ failure (Papaioannou, Maglaveras, Houvarda, Antoniadou, & Vretzakis, 2006). 

This study also did not involve psychometric assessment of mood. The Heart and 

Mind study compared HDRS and HRV measures as continuous variables over 

multiple review periods, making a significant contribution to an area where there is 

little existing literature.  
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HRV Measures, Age and Gender 

HRV measures such as SDNN have been shown to be related to mood, in both 

studies of people without CHD (Boettger et al., 2008b; Sayar et al., 2002; Thayer et 

al., 1998; Udupa et al., 2007; van der Kooy et al., 2006) and with CHD (Carney et al., 

1995; Drago et al., 2007; Krittayaphong et al., 1997c; Stein et al., 2000). Of these 

studies in people with and without CHD, only the study by Krittayaphong and 

colleagues (1997b) examined mood as a continuous variable.  

Changes in HRV in depressed people have also been attributed to the 

antidepressant medication that study participants with MDD were taking. One large 

study of 524 controls, 774 people with a prior diagnosis of MDD, and 1075 people 

with current MDD concluded that depressed people had lower HRV, but that this 

effect was attributable to antidepressant medication (Licht et al., 2008). It was not 

reported whether the participants had any comorbid conditions such as CHD.  

A large study of 15105 people in Brazil, of which 98 participants had MDD, 

found no association between MDD and HRV, but found that antidepressant 

medication significantly reduced HRV (Kemp et al., 2014). The current study only 

recruited people who were not taking antidepressant medication, and found no 

association between HRV and HDRS score in people without CHD, which is 

consistent with these larger studies. It is possible that there is no relationship between 

MDD and HRV in physically healthy people, or that much larger studies are required 

to detect a significant relationship. However it is also possible that no statistically 

significant relationships between HDRS and HRV measures were found in the Non-

CHD cohort because of the effect of a third variable, rather than an actual lack of 

association. It is possible that the lack of association is due to moderation by a third 

variable, or the reversal paradox, also known as Simpson’s paradox. If data is 
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partitioned into subpopulations, the association between a pair of variables (X, Y) 

may reverse sign, or even disappear, due to the influence of a third variable (Blyth, 

1972; Pearl, 2014; Simpson, 1951). The change in the relationship may occur in the 

disaggregated subpopulations relative to the aggregated data, or vice versa (Pearl, 

2014).  

The results presented here indicate that a relationship exists between 

depression and HRV in people with CHD, which is stable over time. The correlation 

between long term (or low and very low frequency) HRV and mood in people with 

CHD has been observed before (e.g. Carney et al., 1988; Martens et al., 2008; Stein et 

al., 2000). It is likely that this result reflects the predominance of males in the CHD 

cohort. In males, both short term and long term HRV measures decline with 

increasing depression, while several HRV measures in females increase with 

increasing depression (Thayer et al., 1998). In the non-CHD cohort, with more 

females than males, it is possible that opposing HRV trends might have cancelled 

each other out. However, covarying for gender in the measurement invariance 

analysis did not yield any significant models for the CHD or non-CHD cohorts. It has 

also been argued (see Chapter 10), that the more advanced age of participants in the 

Heart and Mind Study (above age 35) has meant that the influences of gender in both 

CHD and Non-CHD cohorts is not significant, as gender differences in HRV have 

been suggested to be negligible in the age range (e.g. see Umetani et al., 1998). 

It is possible that the observed models emerged in the CHD cohort not because 

of the effects of gender, but because of the effects of CHD on cardiac control systems, 

as discussed elsewhere (see Chapter 10). In brief, cardiac control systems can be 

damaged by MI, leading to a change in cardiac control. Several studies have shown a 

reduction in HRV as a result (e.g. Bigger, Fleiss, Rolnitzky, Steinman, & Schneider, 
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1991; Lombardi et al., 1987; Mazzuero, Lanfranchi, Colombo, Giannuzzi, & 

Giordano, 1992). This has often been described as a reduction in the complexity of 

cardiac control (e.g. Goldberger et al., 2002; Kyriazis, 2003), but can also be 

described as different stable autonomic states between those with, and without, CHD 

(Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig, 2015). There have also 

been several studies which have linked reduced HRV post MI, especially SDNN, to 

an increased risk of all-cause mortality (e.g. Kleiger, Miller, Bigger Jr, & Moss, 1987; 

Tsuji et al., 1996). A reduction in cardiac control could also modulate the relationship 

between HRV and measures of mood. We have postulated one mechanism by which 

this might occur (see Chapter 10). One study comparing HF power with BDI scores as 

a continuous variable concluded that the correlation was not linear, but was best 

described by a U-shaped quadratic curve. If the relationship of some or all HRV 

measures to mood is not a linear relationship in healthy people, a reduction in cardiac 

control due to MI might remove the rising curve of the quadratic function, reducing it 

to a more straight line which might give rise to a more linear relationship between 

HRV and mood (see Chapter 10). While speculative, exploring these ideas would 

provide fertile ground for further research. 

 

Comparison with Regression Analysis of the First Review Data 

Multiple linear regression analysis of the data from the first review episode of 

the Heart and Mind Study has been presented elsewhere (see Chapter 10). While 

detailed discussion of those results is beyond the scope of this paper, invariance 

measurement analysis yielded a subset of the results that were consistent with the 

prior regression analysis. Notably, models for SDNN, RMSSD and SD1 were also 
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obtained in the regression analysis for the first review episode. SDNN and SD1 are 

long term HRV measures, whereas RMSSD is a short term HRV measure. 

Long term HRV measures have been shown to be stable over time in people 

with CHD (Hohnloser, Klingenheben, Zabel, Schroeder, & Just, 1992; Kamalesh, 

Burger, Kumar, & Nesto, 1995; Kautzner, Hnatkova, Staunton, Camm, & Malik, 

1995). However, Tarkiainen et al. (2005) showed that short term HRV measures were 

highly conserved over several months, whereas the long term HRV measure SDNN 

was much more variable over time in people with CHD. The findings presented here 

suggest that in people with CHD, there is a stable relationship between mood and both 

long term and short term HRV measures over time. Replication of these findings with 

larger cohorts is needed, however. 

 

Limitations of the Study 

A significant limitation of this study was its sample size. While it could be 

argued that despite the small number of participants several statistically significant 

relationships were observed, a study with more participants would provide more 

robust evidence for longitudinal correlations between HRV and mood and would 

increase the generalisability of the findings. The relationships presented here, such as 

that between RR triangular index, HDRS score and age, fell short of significance for 

some assessment times. This is likely due to modest participant numbers. Larger 

studies would allow the effects of covariates, such as age and gender, to be better 

delineated by having a wider range (for age) or similar proportions (for gender).  

It is also possible that relationships between measures of mood and HRV exist 

in people without CHD, but this study was not sufficiently powered to detect them. 

Attrition is a further significant limitation. The decline of participants over the four 
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reviews resulted in the fourth review not yielding significant correlations for several 

models, most likely due to insufficient power. Participants in the Heart and Mind 

Study attended the psychiatric interview in a community clinic. Holter fitting and 

removal the next day was conducted in the cardiology department of a local hospital. 

As a result, up to three trips per review episode for participants was required and this 

may have created a burden on participants. Future studies could streamline this 

process, with Holter studies performed in the same location as psychometric testing, 

or employing fewer review episodes, or spacing review episodes further apart. A 

further avenue for future studies lies in the use of “wearable” monitoring technology 

such as fitness monitoring devices linked to smartphones, or smart watches (e.g. Patel 

& Wang, 2010) and data transmitted over the internet. The use of such devices could 

provide continuous monitoring over extensive periods and eliminate the need for 

participants to travel for fitting and returning of devices. 

The second significant limitation was the predominance of females in the 

Non-CHD cohort and the predominance of males in the CHD cohort, which made 

interpretation of the current findings more challenging, especially given the complex 

effects of gender on HRV. Given the distribution of gender across the cohorts, it is 

likely that the results obtained for the CHD cohort may primarily reflect HRV 

relationships in males with CHD and that the results are not generalizable beyond 

that. The effects of gender on the relationship between mood and HRV should be 

addressed by a larger study. Future studies should also covary age and gender 

simultaneously in a larger study cohort.  

The third limitation is the use of invariance measurement methodology with 

data which potentially contains redundant elements across time. Canonical analysis 

shows correlation coefficients which are similar across review times. Since the same 



 592 

individuals were followed up in the four review episodes, this means that their HRV 

results were fairly similar, which is reflected in the very high degree of model fit 

presented here. Multiple linear regression analysis showed significant, but small 

relationships between mood and HRV. This would suggest that the contribution of 

mood to changes in HRV may be small compared to the contribution by other 

physiological processes. Globally, HRV has been shown to be conserved over time in 

people with CHD (e.g. Tarkiainen et al., 2005) and without CHD (e.g. Kleiger et al., 

1991). While speculative, it may mean that parts of HRV data are highly conserved in 

individuals. Despite this, invariance measurement has been discriminant in showing 

significant relationships which are biologically plausible and are consistent with 

regression results (see Chapter 10), while other models were rejected. 

 

Conclusion 

HRV has been studied as a marker for MDD in medically healthy people and 

in people with CHD. Previous studies have mostly examined depression as a 

categorical variable in relation to HRV at a single time. Moderators of HRV, 

particularly gender and age, as well as methodological differences and small sample 

size, have led to conflicting findings. While there are studies which have examined 

the stability of various HRV measures over time, no such studies have examined the 

relationship of mood to HRV measures as continuous variables over multiple review 

periods. The analysis of data using measurement invariance methodology has 

limitations, but is powerful in establishing a single model for variable relationships 

over time. This study has small numbers and gender was unevenly distributed across 

CHD and non-CHD cohorts. While the results are a unique contribution to the 

literature, it is likely that the results obtained for the CHD cohort may primarily 
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reflect HRV relationships in males with CHD, a result with possibly limited 

generalisability. The effects of gender and age on the relationship between mood and 

HRV over time should further be clarified in future studies.  
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Chapter 12 

Discussion 

This thesis has incorporated eight papers which have either been published, or 

submitted for publication, in peer-reviewed journals. This has necessitated a structure 

in which a discussion of results has been incorporated into each chapter containing 

empirical work submitted for publication (Chapters 8 - 11). This chapter, therefore, is 

devoted to a synthesis of the outcomes achieved in this thesis, with an emphasis on 

the innovation presented in this body of work. Furthermore, it is devoted to discussing 

limitations of this research and the scope for future study arising from this work. 

Addressing the Research Hypotheses 

The research questions posed in this thesis were as follows: 

• Does heart rate variability (HRV) vary continuously with mood, across the

spectrum from healthy mood to depressed mood?

• Is the relationship linear, if it does exist?

• Does the relationship between HRV and mood hold with mood changes over

time?

• Are there differences in the relationship between people with, and without,

coronary heart disease (CHD)?

The hypotheses tested in this body of work are: 

1) Psychometric measures of mood and HRV measures are related across a broad

range of mood, from non-pathological to pathological depressed mood. A more 

specific formulation of this hypothesis is that a linear relationship exists for 
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psychometric tests for mood and several measures of heart rate variability, when both 

are analysed as continuous variables.  

2) Psychometric measures of mood and HRV measures remain related over time, even

when an individual’s mood changes across time. 

3) In people with CHD, HRV measures would still be related to mood, but HRV may

be globally reduced compared to people without CHD. 

Hypothesis 1 was tested using multiple linear regression analysis of the largest 

review cohort (the first review episode) and evidence was found to support the 

hypothesis, however only for people with CHD. Several significant regression models 

were presented in Chapter 10. This linear relationship holds for the range between 

non-depressed mood and major depressive disorder. Age and gender are known 

moderators of HRV and are important factors in interpreting the findings. This is 

further discussed below.    

Hypothesis 2 was tested using measurement invariance methodology and the 

results were presented in Chapter 11. Evidence was found to support the second 

hypothesis, with significant models demonstrating a relationship between mean 

RMSSD, and SD1, with HDRS score over three review periods in the total study 

cohort and SDNN, RMSSD and SD1 with HDRS score in the CHD cohort over four 

review periods. However, limitations of the application of measurement invariance to 

this study data were noted in Chapter 9 and 11 and the statistics of good fit require 

cautious interpretation. 

Hypothesis 3 was tested using both multiple linear regression and 

measurement invariance testing (Chapters 10 and 11). Direct evidence to support this 

hypothesis could not be found, due to several factors. These are all discussed in more 
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detail as study limitations below. In brief, the distribution of gender across the CHD 

and non-CHD cohorts was uneven, with more men in the CHD cohort and more 

women in the non-CHD cohort. In order to separate effects of gender being 

attributable to CHD, CHD and non-CHD cohorts were also analysed separately. Very 

different results emerged from analysis of the CHD cohort compared to the non-CHD 

cohort. Some of these may be attributable to moderation by age and gender, but the 

results can also be interpreted as the relationship between mood and HRV being 

modulated by the presence or absence of CHD. A synthesis of the literature predicts a 

possible complex variation in short and long term HRV between males and females 

with changing mood and changes in age. This was only partially consistent with the 

results presented here, however, and other theories should also be considered. One of 

these builds on studies that failed to find a relationship between depression, or mood, 

and HRV in medically healthy people. It is possible that HRV is only predicted by 

psychometric mood score in people who have CHD. The complexity presented in 

these various interpretations of the results has brought the writer to the conclusion that 

direct comparison of HRV in the CHD and non-CHD cohorts cannot definitively be 

made from these study results. For the third hypothesis, the null hypothesis cannot be 

rejected and analysis of the data does not support the proposed hypothesis, but the 

relationships between psychometric measures and HRV measures are clearly different 

for the CHD and non-CHD cohorts.  
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A Synthesis of the Results 

 

The consistency of results across different analyses in Chapter 10 and 11 

An important point to note is that there is a consistency of results across the 

different analyses reported in Chapter 10 and 11. While this does not provide 

validation of the results per se, the convergence does strengthen the findings of both 

empirical studies. Analysis of the total study cohort described in chapters 10 and 11 

showed significant relationships between mood and HRV measures in people with 

CHD. Both the cross-sectional results  (Chapter 10) and the longitudinal results 

(Chapter 11) indicate that the observed relationships observed in the total study cohort 

are driven by the observed relationship between HRV and HDRS score in people with 

CHD. 

Furthermore, both the cross-sectional results and the longitudinal results 

indicate that a direct relationship exists between HRV and HDRS score. For some 

HRV measures (RR triangular index, normalized LF power and alpha 1) larger effect 

sizes were achieved for the models where age and gender were taken into account, in 

the CHD cohort. However, except for a model of HDRS score and gender with alpha 

1, invariance testing showed that the constrained models lost their fit for relationships 

with covariates, over time. These results should be interpreted cautiously because of 

the low number of participants in the follow-up cohorts, however it may also suggest 

that age and gender are less important as moderators in the HRV and depression 

relationship than is indicated on cross-sectional analysis. Age and gender may have 

still played a role in a lack of results for the Non-CHD cohort, which is discussed 

below. 
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The direct relationships between HDRS score and HRV measures are 

important in people with CHD. For example, low SDNN in people with CHD is a risk 

factor for all-cause mortality as discussed in Chapter 10. The work in Chapter 11 

provides the first evidence that there is a persistent relationship between mood and 

SDNN which is stable over time. This in turn may sustain the risk for further cardiac 

events in people with CHD.  

In Chapter 11, relationships for the short term HRV measures (RMSSD) and 

long term measures (SD1) were demonstrated in the CHD cohort, while SDNN 

reflects both short and long term HRV. This is another significant finding, and future 

studies should examine the stability of short term and long term HRV measures with 

regards to mood in a larger study. 

 

Age and Gender as Moderators 

As noted in Chapter 10, there are inconsistencies in the literature about the 

relationship between gender and age on HRV, but the literature largely presents a 

complex picture, with a minority of directly conflicting findings. The literature was 

synthesised as follows:  

• Non-depressed young women have lower long term and short term HRV than 

young men.  

• With age, there is a global decline of long and short term HRV among men, 

but a faster decline of long term HRV in women.  

• Therefore, middle aged and older, non-depressed women have lower long 

term HRV with age, but a relative increase in short term HRV compared to 

men.  
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• In men HRV declines faster with age than in women, resulting in a relative 

increase in short and long term HRV when older women and men are 

compared.  

• In depressed women, short term measures of HRV increase, whereas long 

term HRV measures decrease.  

• Men have a global decrease in long term and short term HRV.  

• The effects of age on HRV in depressed people is not known.  

 

The lack of significant models obtained in Chapter 10 and 11 for the non-CHD 

cohort, could in part be explained by the moderating, or even confounding, effects of 

gender. It is to be noted that a true confounder will covary with both variables. Thus, 

for example, gender should covary with HRV, as discussed above, and with depressed 

mood. The variation of depression with both gender and age is well described in the 

epidemiological literature (Kessler et al., 2003; Kessler & Wang, 2008; Wittchen & 

Jacobi, 2005). 

While the CHD cohort on first assessment comprised around 19% females and 

81% males, the Non-CHD cohort comprised around 71% females and 29% males, 

which is a slightly more equitable ratio. If depressed women have increases in some 

HRV measures while HRV measures decrease with depression in men, these results 

may cancel each other out, resulting in no significant relationships being found. When 

data from males and females was separately analyzed in the total study cohort, 

females showed a decrease in SDNN, RMSSD and SD1 with increasing depression, 

whereas male showed an increase in VLF relative power with increasing depression. 

Clearly, the relationship between gender, mood and HRV requires further 

clarification in CHD and Non-CHD populations. Additionally, in terms of 
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generalisability, the results from the CHD cohort may largely represent the 

relationship between HRV and mood in men, and further studies should focus on 

differences in HRV and mood with gender in people with CHD. Future studies, with 

larger numbers, should also explore what percentage of variance in HRV might be 

explained by gender and age, as well as other physiological factors, and then what 

additional percentage of variance is explained by psychometric measures of mood. 

 

Different Stable States of Cardiac Control for CHD and Non-CHD Cohorts and 

the Third Study Hypothesis 

 

The third principal study hypothesis states that in people with CHD, HRV 

measures would still be related to mood, but HRV would be globally reduced 

compared to people without CHD. The results presented in both Chapters 10 and 11 

present a more complex picture, however. No significant models were obtained for 

the Non-CHD cohort on both cross-sectional and longitudinal analysis. The 

relationships between psychometric test scores for mood and HRV measures may be 

impacted upon by gender, which is unequally distributed over the CHD and Non-

CHD cohorts. 

However, in Chapters 10 and 11 it was also discussed that a CHD cohort may 

represent a different stable state of the PINE network (the PINE pathome described in 

Chapter 3) from a non-CHD cohort, which affects the relationship between cardiac 

function and mood. As discussed in Chapter 10, if the relationship between mood and 

HRV is not in fact linear, then changes to cardiac control systems post MI might 

create a change where mood then relates linearly to HRV measures, whereas in 

healthy people no linear relationship between mood and HRV exists. Stated another 
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way, it is potentially the damage to cardiac control systems in the CHD cohort, which 

might allow linear relationships between mood and HRV measures to be observed. 

The results from Chapter 11 may then imply that these changes to long term measures 

are more stable over time, and that specific measures such as SDNN, RMSSD or SD1 

are prominent. This again underlines the prognostic value of HRV measures such as 

SDNN in people with CHD. As stated, these results indicate differences in the CHD 

and non-CHD cohorts, but the hypothesis that depression further reduces HRV in 

these populations cannot be supported. The hypothesis that in Non-CHD cohorts, the 

relationship between HRV and mood is not linear, whereas in people with CHD it is 

linear, should be tested in future studies.  

In summary, the work presented has demonstrated that psychometric measures 

of mood and HRV measures are related across the full range of mood, and that 

psychometric measures of mood and HRV measures remain related over time, with 

HRV ‘tracking’ an individual’s mood changes across time, in people with CHD. This 

in turn provides support for the model presented in Chapter 3, because the pathways 

that link mood to cardiac control are all contained within the PINE network. The 

results obtained also suggest that autonomic cardiac control mechanisms are sensitive 

to changes in the network related to mood, if those cardiac control mechanisms have 

potentially been damaged by a myocardial infarction. If autonomic cardiac control is 

equally sensitive to other changes in the PINE network, it may mean that HRV is still 

an important biomarker that can provide quantitative information about the state of 

the PINE network, although here this idea has only been demonstrated in people with 

CHD.  
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The Innovation Presented in This Work 

 

A review of the literature was undertaken, which is presented in Chapters 2 

through 4. The innovation in these papers is twofold. Firstly, a list of 

recommendations was published which seek to standardise methodology for future 

studies, given the significant methodological heterogeneity in this field of enquiry 

(Stapelberg, Neumann, Shum, McConnell, & Hamilton-Craig, 2013). Secondly, in 

reviewing the literature, the PhD candidate conceptualized the pathophysiological 

pathways linking CHD and MDD as a causal network, rather than a collection of 

individual mechanisms, via the application of a systems biology framework (Charlson, 

Stapelberg, Baxter, & Whiteford, 2011). The PhD candidate then expanded on this 

work, showing how systems biology can assist in conceptualizing the network of 

normal physiological pathways which, if disrupted, can give rise to several different 

diseases, depending on genetic and developmental predisposing factors (Stapelberg, 

Neumann, Shum, McConnell, & Hamilton-Craig, 2015). This work is innovative in 

terms of introducing new concepts. A key proposition is that in both MDD and CHD 

disease states, the psycho-immune-neuroendocrine network has shifted from healthy 

physiome to a disease-driven pathome. 

 Chapter 8 contains a methodological paper which describes a novel and 

innovative algorithm for both the detection and interpolation of RR interval data, 

which is based on spatial distribution mapping of RR interval magnitude and 

relationships to adjacent values in three dimensions. This algorithm was incorporated 

into a computer program written by the PhD candidate, which allowed batch-

processing of cardiac Holter recordings. This innovation allowed rapid preprocessing 

of the large number of Holter recordings collected in the Heart and Mind Study. 
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Several other computer programs were written by the PhD candidate in the Matlab 

programming language (The MathWorks, 2012), which allowed large amounts of data 

to be analysed. This considerably shortened the time required for data analysis. 

 Chapter 9 describes the relationship of psychometric measures of anxiety and 

depression measures over time. This work is unique in using invariance testing to 

establish relationships between anxiety and depression measures over the four review 

periods of the Heart and Mind Study. This work was submitted for publication and 

concluded that there was a significant and high correlation of depression and anxiety 

measures over time. This result in turn was used to justify not incorporating anxiety 

and depression measures together as covariates in a regression analysis of data from 

the Heart and Mind Study. The methodological investigations in this thesis allowed 

the principal research hypotheses to be tested as rigorously as possible.  

 Chapter 10 describes the multiple regression analysis of first review data from 

the Heart and Mind Study. While previous work has examined HRV measures in 

depressed and non-depressed participants with and without CHD, this work is unique 

in examining mood as a continuous (rather than a categorical) variable, in people who 

were not on antidepressant medication. The use of 24 hour ambulatory Holter 

recordings also makes this work more able to be translated, as ambulatory monitoring 

using wearable devices will increasingly be more practical than the collection of 

shorter cardiac recordings in highly controlled settings.  

Despite modest sample size, significant multiple regression models were 

obtained for several HRV measure as described. Chapter 11 contains the results of the 

measurement invariance analysis. The application of this methodology to relating 

psychometric measures over time with HRV measures is unique. This study showed 

that SDNN, RMSSD and SD1 remain significantly related to mood over a period of 6 
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months, regardless of whether mood improved, deteriorated, or remained stable in 

people with CHD. The author is not aware of any other studies where such 

relationships have been established over multiple review episodes. These HRV 

measures could have potential as possible predictors of mood state, especially given 

their stable relationship with mood over time. In summary, this work shows 

significant innovation, and has made a significant contribution to the literature, across 

the domains of review of the literature (Chapters 2-4), methodology (Chapters 8 and 

9) and empirical results (Chapters 10 and 11).  

 

Limitations of the Research 

The Heart and Mind Study had significant limitations, principally a small 

number of participants, the attrition of participants from the study, and the presence of 

potential confounders. The size of the study sample was limited by several factors, 

including limitations in funding, the number of crucial pieces of equipment such as 

Holter monitors, which determined the capacity to assess research participants and the 

assessments being performed by only the PhD candidate. In addition, recruitment was 

much more challenging than anticipated, which also prolonged the data collection 

phase of the study.  

The logistics of the study meant a significant commitment from participants. 

In the initial phase of data collection, Holter recordings were performed at the Gold 

Coast Hospital, meaning that for one review each participant had to travel to the 

psychiatric assessment, then travel to have their Holter monitor fitted and then return 

the next day to have the Holter monitor removed. This commitment could not be 

sustained by all participants, contributing to attrition from the Heart and Mind Study. 

While data collection was subsequently all performed at one site, the design of future 
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studies should take these limitations into account. One way of doing this is to 

integrate Holter fitting and patient review into one session.  

Despite extensive consideration of possible confounders and the completion of 

a separate methodological study to assess the co-occurrence of general anxiety 

symptoms and depressed mood, the complex pattern of moderation of HRV by gender 

and age are likely to have influenced the study results. The predominance of males in 

the CHD cohort and the predominance of females in the non-CHD cohort meant that 

elucidating differences between these cohorts was impacted upon by gender. However 

with limited resources available, it was decided to recruit everyone that conformed 

with the inclusion and exclusion criteria, as a more targeted recruitment strategy may 

have introduced bias and may have resulted in potential participants being turned 

away. Other available options were to gender match participants, which would have 

resulted in the exclusion of usable data. Using statistical techniques to isolate gender 

as a covariate had limited success, and any effect attributed to gender might still be an 

effect that exists between the CHD and non-CHD cohort, and vica versa. In addition, 

gender may not behave in a linear fashion with regards to other variables, as discussed. 

Clarification of the effects of gender on HRV would be a priority for future research. 

Furthermore, it has been suggested that there is no relationship between HRV and 

depression in a normal, healthy population, with previous effects being due to 

confounding by antidepressant medication. A significant strength of this study has 

been only the inclusion of people not on antidepressants, and the results obtained are 

aligned with this theory. However, the lack of relationship between HRV and 

depression in healthy populations may in fact be due to differential changes in HRV 

in males and females and further clarification is required.  
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As discussed in previous chapters, the purpose of examining a range of HRV 

measures was twofold. Firstly, different HRV measures have different advantages and 

disadvantages. For example, frequency domain measures are biologically correlated, 

such as the established relationship between high frequency HRV and 

parasympathetic activity. Non-linear measures, on the other hand, measure the signal 

complexity of RR interval data, but do not have direct biological correlations like 

frequency domain measures. Studying a wide range on HRV measures has allowed 

their various strengths to be utilised. The second reason for employing different HRV 

measures is the correlation between some HRV measures. These correlations extend 

across time and frequency domain and even non-linear measures in some cases. It was 

expected that correlated HRV measures might have comparable relationships with 

psychometric test scores, although the results presented in Chapters 10 and 11 did not 

necessarily reflect this.  

In choosing HRV measures for this study, several sources of information were 

relied upon. Recommendations from peak bodies such as the Task Force of The 

European Society of Cardiology and The North American Society of Pacing and 

Electrophysiology were relied upon (NASPE, 1996) were followed. HRV measures 

were also employed which have been used widely in the literature in this field. In 

addition, the work presented in the addendum to Chapter 8 males recommendations as 

to the robustness of various HRV measures to artefact in Holter recordings. Where 

possible the most robust HRV measures were used here. Finally, the availability of 

the capacity to calculate HRV measures using available software, such as Kubios 

HRV, was taken into account. 

An important consideration around making a large number of comparisons in 

a research study, e.g. by using a large number of HRV measures as dependent 
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variables, is whether these multiple comparisons are subject to a familywise error rate 

(FWER). By consequence, the question arises as to whether the alpha values should 

be interpreted against a corrected value, such as a Bonferroni correction (Holm, 1979). 

The testing of multiple null hypotheses in a family of comparisons will increase the 

chance of Type I error (falsely rejecting a correct null hypothesis) (e.g. Curran-

Everett, 2000). Put in simple terms, if the alpha value for rejecting the null hypothesis 

is set at 0.05, and 100 comparisons are performed on a family of comparisons, 

statistically 5 out of 100 hypothesis tests will result in an p-value below 0.05 simply 

due to chance. These 5 comparisons may simply be random extreme values and may 

not reflect reality, leading to a false rejection of the null hypothesis in these cases. To 

guard against Type I error, various approaches have been suggested including the 

lowering of the alpha value to reject the null hypothesis (Hochberg & Tamhane, 

1987).  

The potential issue around FWER in the Heart and Mind Study data analysis is 

important to expand upon. The first point to make is that the concept of FWER and 

correcting for it remain controversial in the literature (e.g. Cabin & Mitchell, 2000; 

Matsunaga, 2007; Nakagawa, 2004; O'Keefe, 2003; Perneger, 1998; Rice, 1989). 

Some have taken the stance that alpha values should not be corrected at all due to the 

practice having no principled basis and reducing statistical power (e.g. O'Keefe, 2003; 

Perneger, 1998).  

The second point to make is that several methods proposed to correct for 

FWER have been described to be either of limited practical value (Curran-Everett, 

2000) or to cause other problems such as increase Type II error (O'Keefe, 2003) or to 

reduce power (Nakagawa, 2004; Verhoeven, Simonsen, & McIntyre, 2005). 

Bonferroni adjustment is a commonly used methodology due to its simplicity, but it 
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has been criticised for generating overly conservative adjusted alpha values (e.g. 

Curran-Everett, 2000; Perneger, 1998). Furthermore, the Bonferroni method assumes 

that the multiple test statistics are independent and it is not appropriate for use when 

variables are correlated (e.g. Bland & Altman, 1995; Shi, Pavey, & Carter, 2012). 

Other methods for adjustment for FWER have been described (see e.g. Curran-Everett, 

2000), including methods which allow for correlated variables (e.g. Shi et al., 2012). 

However, in the Heart and Mind Study, some HRV measures are correlated and some 

are not, making adjustment a complex task.  

In addition, Steinfatt (1979) makes the point that with FWER, the problem lies 

not in committing a Type I error, as one such error is unlikely to bias the results of a 

large number of comparisons. The pertinent issue lies instead in the number of Type I 

errors committed, and how this number affects the interpretation of results (Steinfatt, 

1979). This applies to the Heart and Mind Study, where several significant models 

were demonstrated on both regression analysis and measurement invariance. It could 

be argued that even if a significant proportion of these models should be discarded 

due to adjustment of alpha values, trends in the remaining models remain evident and 

the overall conclusions presented in Chapters 10 and 11 would remain valid. In 

addition to p values, other measures should be taken into account, such as R squared 

values for regression presented in Chapter 10 and the several goodness of fit measures 

for measurement invariance presented in Chapter 11. Finally, in light of this 

discussion, it is interesting to note that many studies cited in this thesis, which have 

employed multiple HRV measures, have not corrected for FWER (e.g. Bär et al., 

2004; Boettger et al., 2008; Udupa et al., 2007). It is recommended that this concept 

be further explored in the context of HRV studies, especially those making 

comparisons based on multiple HRV measures. 
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Despite these considerations, FWER was considered in the Heart and Mind 

Study and this impacted significantly upon how data analysis was carried out. The 

following steps were carried out to reduce the risk of FWER: 

• After establishing the high correlation between different psychometric 

tests for mood (e.g. HDRS and BDI2), and the high correlation 

between psychometric tests for mood and anxiety (presented in 

Chapter 9), it was decided that only HDRS would be used in data 

analysis. 

• Of a potential 45 HRV measures calculated by the Kubios HRV 

software, data analysis only incorporated 13 HRV measures, based on 

the selection criteria discussed. 

Of the potential 225 direct comparisons that could have been made with 5 

psychometric tests and 45 HRV measures, only 13 comparisons were made between 

HDRS and the selected HRV measures. However, the choices for data analysis have 

been carefully justified as discussed in Chapters 8 and 9 and further expanded upon in 

Chapters 10, 11. 

One of the selection criteria for HRV measures was the availability of 

software to calculate them. Kubios HRV was chosen to calculate the HRV measures 

(see Chapter 6) but this choice meant that only measures calculated by this software 

were examined. The selection of HRV measures used, which are those available in the 

Kubios HRV software, thus represent a further limitation of the Heart and Mind Study. 

Several other HRV measures, or categories of HRV measure, could additionally have 

been used. These include measures based on symbolic dynamics (Kurths et al., 1995; 

Porta et al., 2001; Voss, Kurths, Kleiner, Witt, & Wessel, 1995; Voss et al., 1996; 

Wessel et al., 2000), multiscale entropy (Costa, Goldberger, & Peng, 2002), nonlinear 
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prediction (Fortrat, Yamamoto, & Hughson, 1997; Porta et al., 2007; Sugihara, Allan, 

Sobel, & Allan, 1996) or time irreversibility analysis (Porta et al., 2008).  

 

Scope for Future Research 

This body of work has already given rise to further research projects, some of 

which have already resulted in multi-organisational research partnerships and have 

received research funding. It has been recommended in Chapters 2 and 3 that the 

networks of pathophysiology, which link illnesses such as MDD and CHD, be 

quantified. Significant scope for future study arises from a systems biology 

conceptualisation of the PINE network. The first endpoint of this project would be to 

build a much more detailed topographical map of the PINE network. This can initially 

be done from the literature, adding in more detailed genetic, epigenetic, physiological 

and pathophysiological links, as well as incorporating links to the gut microbiome.. 

The second endpoint of such a project would be a quantitative neural network 

simulation of the PINE physiome and pathome, with weighted nodes based on real 

human data. The model would have detailed input of physiological data sourced from 

serum biomarkers, biomarkers such as HRV and biometric measures such as blood 

pressure, body mass index and waist circumference. It would also factor in 

developmental effects if possible. Such a model will have several advantages. It 

would allow further study as to how the PINE physiome transitions to the PINE 

pathome. It would allow identification of the dominant or most active nodes in the 

network. This, in turn, would provide a focus for disease prevention and intervention, 

giving this project significant potential for clinical translation. There is also potential 

to examine relationships between different variables using different analytical 
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techniques. These might include path modeling, or analysis using big data techniques 

such as deep learning networks.  

Such a project will require wide-ranging input in several key areas. It will 

require a large amount of data to be collected from a large participant population. 

There will also be a need for remote and continuous collection of physiological data. 

One solution to the data-gathering requirement is wearable biometric recording 

technologies, such as wearable fitness recorders, smart-watches and mobile phones. 

This in turn necessitates research expertise with wearable technologies. There will be 

a significant need for large-scale computing structures to process data and to run 

simulations of the PINE network, requiring specialised information technology 

expertise, including expertise in the areas of neural networks and “big data”.  

This data will be coupled with psychometric testing which can be done on 

mobile devices such as mobile phones. Some data will need to be collected by 

clinicians, such as buccal swabs to determine cortisol levels, BMI, waist 

circumference, blood glucose monitoring and possibly serum assays of inflammatory 

markers. Such a project would be ambitious, but if the PINE network can be 

accurately modeled, the scope for clinical applications is enormous. A research 

partnership has been established to take on this work. In order to demonstrate 

feasibility, especially with regards to data analysis and simulation of the PINE 

network, a pilot study has been planned and funded. The pilot study is already in the 

planning stages, with the PhD candidate as the principal researcher. It has been called 

the “Body and Mood Study: Biomarkers in Depression Pilot Study” and has received 

funding. 

The work presented here has concluded that the effect of gender on the 

relationship between mood and biomarkers such as HRV requires clarification. This 
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may also be true for other biomarkers, which are relevant to MDD. Further work 

requires age to be eliminated as a covariate in order to simplify the relationship 

between gender and HRV. Given that the effect of gender on HRV is strongest in 

young females, a biomarker study should recruit a large number of males and females 

who are young and within a narrow age range, e.g. from 18 years to 23 years.  

The “Body and Mood Study: Biomarkers in Depression Pilot Study will 

recruit 200 young people. In order to eliminate any differences in HRV in people with 

CHD and without CHD, only medically healthy people will be recruited. In order to 

maximise recruitment and eliminate attrition issues, the study will examine 

relationships between measures of mood and HRV with a single review episode. 

Mood and biomarkers such as HRV will be analysed as continuous variables. The 

hypothesis is that there is a relationship between mood and several biomarkers. Such 

relationships may be linear or non-linear. The body and mood study is funded to 

collect HRV data, as well as various biomarkers for analysis, including serum 

immune markers and endocrine markers, to further explore the effects of mood on 

various pathways of the PINE network. 

Future studies should also seek to clarify the relationships that this work has 

found between psychometric measures of mood and HRV measures, in people with 

CHD. Another study currently being planned in partnership with the Gold Coast 

Cardiac Rehabilitation Service is the “Blokes with Blues” Study. This longitudinal 

study will recruit only males with existing CHD, as defined by MI, and will seek to 

further clarify relationships between psychometric measures of mood and anxiety, and 

HRV measures. Both depressed and non-depressed males will be recruited. Apart 

from participants having a diagnosis of CHD, they will otherwise be medically well. 
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In order to reduce attrition, these participants will only have three reviews, spaced 4 

weeks apart.  

The work presented in this thesis has also generated scope for future 

methodological research. The work described in Chapter 8 has now led to further 

examination of 3-dimensional spatial distribution mapping, as used in the 

preprocessing tool, as a unique and novel tool for assessing heart rate variability, as it 

shares some characteristics of Poincare plot. The algorithm for 3-dimensional spatial 

distribution mapping presented in Chapter 8 has the potential to differentiate 

pathological heart rhythms from normal sinus rhythm, which has the potential for 

clinical translation. 

 

Conclusion 

 

The Heart and Mind Study has allowed the PhD candidate to establish 

significant research partnerships and to apply for additional funding to expand the 

research activities presented in this thesis. Additional projects and publications have 

been commenced as described. The multi-disciplinary nature of this work has been 

exciting and has provided a fertile landscape for innovation. There is a long term 

focus on translational research and the work presented here will build towards future 

clinical applications. Given the high co-occurrence of MDD and CHD and 

requirements for screening, the PhD candidate has set up a clinical mental health 

service within the Cardiac Rehabilitation Service of the Gold Coast Hospital and 

Health Service, one of the first of its kind in Australia. In terms of preventative 

medicine, there are significant possibilities for active screening and intervention for 
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vulnerable patients. Such a preventative approach could have possible future impacts 

on Government health policy, as well as health spending.    

One of the most exciting goals of this research in the long term is to build 

predictive models based on the PINE network, which can then be used for diagnosis 

or risk prediction. For example, if certain HRV measures have a predictive capacity 

with regard to the treatment of depression in both cardiac diseased and non-cardiac 

patients, those specific HRV methodologies could be further developed into a 

screening tool for depression. A screening tool of this nature, which has a high 

correlation to existing clinical assessment tools, but is derived directly from 

physiological data, would provide a specific quantifiable endpoint for improved 

diagnostic outcomes, including diagnostic reliability. A further endpoint would thus 

be the development of tools which would allow the quantitative evaluation of 

treatments, allowing the development of evidence-based, simple, and well-evaluated 

therapeutic recommendations for patients, in particular those with co-morbid 

depression and cardiovascular disease. Such models would serve as a non-invasive, 

quantitative and wholly physiological diagnostic tool for major depressive disorder.  

The search for so-called ‘biomarkers’ for depression is one of the most active 

areas of current mental health research. While HRV holds promise as a predictive tool, 

it is likely that models, which are based on multiple measures generated from the 

PINE physiome and include HRV, will ultimately have better predictive power, as 

described above. A physiologically based diagnostic tool would represent a huge leap 

forward in the diagnosis of mental health research, which currently relies on criterion 

referenced diagnosis of mental illness based on symptom report. If successful, such 

research would position Australia as a word leader in this field of research. Apart 

from the contributions to mental health and the health of people with illnesses such as 
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coronary heart disease, it is hoped that such projects would make a significant 

contribution to our understanding of the complex interplay between emotion and 

physiology.     
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