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ABSTRACT 

Psychotherapy has long been recognised as an effective treatment to alleviate 

distress, promote mental health, and enhance functioning for both adults and youth. 

However, it is not equally effective for all clients, particularly in routine care which has 

lower effectiveness rates than highly standardised research trials. One promising 

method of enhancing the effectiveness of psychotherapy is feedback: the process of 

routinely assessing clients’ self-reported symptoms throughout psychotherapy and 

providing the treating psychotherapist with feedback about these outcomes. To date, 

several reviews and meta-analyses have found strong evidence that feedback increases 

rates of improvement and decreases rates of deterioration for clients in adult 

psychotherapy – particularly for clients who are not progressing as expected and are at 

risk of deterioration. However, there has been limited investigation into the 

effectiveness of feedback in youth psychotherapy, despite often higher rates of 

deterioration for youth. The first of the three studies in this thesis examined whether 

feedback using the Youth-Outcome Questionnaire (Burlingame, Wells & Lambert, 

1996) could also improve outcomes for youth clients in routine care in a psychology 

training clinic. A benchmarking design compared the effectiveness results to published 

benchmarks for both adults and youth. Adult results were also examined to determine 

whether feedback had been implemented with enough fidelity to affect outcomes. 

Psychotherapy with a feedback-informed approach was more effective than treatment-

as-usual benchmarks, with 50% of adults and 64% of youth significantly improving 

after psychotherapy. Rates of adult improvement were similar to the feedback 

benchmark, although there was a slightly higher rate of deterioration in the current 

sample. There were no feedback benchmarks for youth using the Y-OQ, making this 

sample the first benchmark for future studies. 
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Having established that training clinics can achieve similar outcomes to those 

reported in the feedback literature, the second and third studies examined whether 

current feedback procedures could be enhanced by considering individualised 

trajectories of treatment response. One aspect considered to be core to effective 

feedback is the comparison of an individual’s progress with an expected treatment 

response curve. However, this expected treatment response is calculated from group 

averages and assumes that all clients respond the same way to treatment. Comparing an 

individual client’s trajectory to a group average invokes the ecological fallacy, as group 

averages do not accurately represent the individuals comprising the group if there is 

heterogeneity within the group. Indeed, there has been increasing evidence that clients 

respond differently to psychotherapy, and that this variability is clinically meaningful.  

Using separate adult (Study 2) and youth (Study 3) samples, individualised 

trajectories of client symptom change were modelled using the Bayesian statistical 

paradigm. Both studies found that individualised trajectories were highly heterogenous, 

varying on model shape, and rate, direction and magnitude of change. For both adults 

and youths, the most common trajectory shapes were constant and linear, highlighting 

that rate of change is often consistent throughout psychotherapy. However, clients best-

fitting a constant model tended to have poorer outcomes (i.e., less improvement) and 

attended fewer sessions than clients best-fitting other models shapes.  

Next, both studies used an updating approach to simulate real-time data 

collection to demonstrate how individualised modelling could be incorporated into 

feedback procedures to predict a client’s future change from their past change. 

Trajectory projections were highly specific and tailored to the individual based on their 

past response to psychotherapy. For adults, model shape changed over time for 
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approximately 50% of the clients, but for youth, model shape change was more 

common with approximately 85% of the clients who remained in psychotherapy for at 

least ten sessions experiencing at least one change in their model choice. Case examples 

were presented to illustrate how the model predictions could be interpreted. This 

individualised modelling approach could be incorporated into already existing software, 

such as the OQ-Analyst (OQ Measures LLC, 2007).  

This thesis has uncovered the limitations inherent in applying group averages to 

individual clients. A shift in the paradigm is therefore necessary to better understand 

changes that occur during psychotherapy. This individualised modelling approach could 

improve feedback to psychotherapists, and also result in enhanced patient-focused 

research as psychotherapists could generate and test hypotheses about clients’ future 

change to uncover the mechanisms of change for each client. This would allow 

psychotherapy to be better tailored to each client’s unique response to treatment. 
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CHAPTER ONE 

General Introduction to Thesis 

Psychotherapy has long been recognised as effective for alleviating distress, 

improving mental health problems, and enhancing day-to-day functioning, quality of 

life and healthy life choices for both adults and youth (American Psychological 

Association, 2012; Carr, 2009). Over 5,000 studies and 500 meta-analyses have been 

published affirming the effectiveness of psychotherapy (Lambert, 2011). The changes 

made in psychotherapy tend to be faster and larger than no treatment (Lambert, 2011) 

and tend to be as effective but longer-lasting than those provided by medication alone, 

without the side-effects associated with many medications (e.g. American Psychological 

Association, 2012; Hollon et al., 2005; Imel, Malterer, McKay, & Wampold, 2008). 

Interestingly, psychotherapy can often have benefits in other domains, such as reduced 

hospitalisations (Lanoye et al., 2017), reduction in costs spent on other medical services 

(Carr, 2009), fewer days off work (Altmann et al., 2016) and even increased income 

(Cozzi, Galli, & Mantovan, 2018). 

However, despite being generally established as efficacious, psychotherapy is 

not effective for all clients, particularly in routine care which has lower effectiveness 

rates than in tightly controlled research trials (N. B. Hansen, Lambert, & Forman, 2002; 

Weisz, Jensen-Doss, & Hawley, 2006). In a meta-analysis of routine care for adults, 

over half of clients (56.8%; ranging from 45.6% – 60.7% across settings) did not 

experience any significant change, and 8.2% of clients (ranging from 3.2% – 14.1% 

across settings) deteriorated during psychotherapy (N. B. Hansen et al., 2002). Only 

23.1% of clients had recovered or improved by session 3 — the median number of 

sessions attended (N. B. Hansen et al., 2002). For youth in routine private managed 

care, outcomes are equally disheartening. In a very large sample of youth (N = 16, 091), 
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only a third of youth (33.4%) experienced clinically significant and/or reliable 

improvement in their symptoms as a result of psychotherapy (Nelson, Warren, Gleave, 

& Burlingame, 2013). Similarly to adults, approximately half of the youth (52.1%) did 

not experience any significant change in their symptoms and 14.5% actually 

experienced a reliable worsening in their symptoms (Nelson et al., 2013).  

Some clients may make progress in ways not assessed by the outcome measure 

used, may deteriorate regardless of treatment, or may experience a negative life event 

during psychotherapy that exacerbates symptoms. However, for a portion of clients 

deterioration can be prevented and effectiveness improved through targeted strategies 

during psychotherapy. There is a pressing need to identify these strategies that enhance 

the effectiveness of psychotherapy, regardless of which “type” of psychotherapy is 

implemented. Doing so would decrease rates of deterioration and no change, and 

increase rates of improvement. This is a necessary priority because mental health is a 

public health issue and has impacts on economic development and societal welfare 

(World Health Organization, 2013).  

In 2017, suicide was the leading cause of death in Australians aged 15 – 44 

years and the second leading cause of death in Australians aged 45 – 54 years 

(Australian Bureau of Statistics, 2018a). Suicide is the leading cause of premature 

mortality, with a person who dies by suicide losing on average 34.5 years from their life 

(Australian Bureau of Statistics, 2018a). In Australia, mental and behavioural conditions 

are the most common category of chronic health conditions, surpassing cancer, heart 

disease and diabetes, affecting 20% of the population in 2017 – 2018 (Australian 

Bureau of Statistics, 2018b). In 2017-2018, approximately one in eight Australian adults 

experienced high or very high levels of psychological distress (13.0%; Australian 

Bureau of Statistics, 2018b). Children in Australia have a lower reported 12-month 
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prevalence rate with 14% of children aged 4 – 17 years old having a diagnosable mental 

health condition in 2015 (the most recent national survey; Lawrence et al., 2015). 

However, it is worth noting that this national survey assessed only anxiety disorders, 

major depressive disorder, attention-deficit/hyperactivity disorder and conduct disorder, 

and did not assess other diagnoses such as autism spectrum disorder, eating disorders, 

substance use disorders, trauma-related disorders, or psychosis-related disorders etc. 

Thus, the true prevalence of mental health conditions in youth is likely to be higher than 

this estimate. Only half of these young people (56%) with diagnosable mental health 

disorders had accessed treatment services in the 12-months prior to the study (Lawrence 

et al., 2015). Youth mental illness is strongly predictive of mental illness in adulthood, 

with 50% of mental illnesses having an onset prior to age 18 and 75% onset prior to age 

25 (Jones, 2013; Kessler et al., 2005). 

Mental illnesses, neurological conditions and substance use disorders can impact 

the individual and their family through increased distress, reduced functioning, 

increased likelihood of suffering from other physical illnesses or diseases, monetary 

costs of treatments, reduced or nil participation in employment or education, and 

experience of stigma, discrimination and potential abuse or violence from others (World 

Health Organization, 2013). Mental illnesses in children and adolescents are associated 

with substantial days absent from school (Lawrence et al., 2016), which can have long-

term impacts on educational attainment (Ou & Reynolds, 2008). At the broader 

community level, individuals with mental illnesses and their carers have higher rates of 

unemployment and under-performance in employment which limits economic growth 

(World Health Organization, 2013). Additionally, there are increased costs of welfare 

payments and associated with treating other physical health difficulties, which are 
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frequently comorbid with and caused by mental illnesses, neurological conditions 

and/or substance abuse (World Health Organization, 2013).  

In contrast, investing in good mental health services can remedy many of these 

problems, by reducing individual distress, promoting functioning, restoring capacity to 

work, reducing welfare payments, addressing stigma and discrimination, and increasing 

overall health and life expectancy (World Health Organization, 2013). In the United 

Kingdom, early intervention for and treatment of mental illnesses has been calculated to 

have large returns economically: for example, every £1 spent on early intervention for 

depression can have more than £5 of benefit, and every £1 spent on early intervention 

for psychosis can have almost £18 of benefit (Knapp, McDaid, & Parsonage, 2011). 

Prevention of mental illness can have even larger long-term benefits: for example, every 

£1 spent on prevention of conduct disorder through social and emotional programs can 

have over £83 of benefit (Knapp et al., 2011).  

When individuals access psychological services, it is therefore imperative that 

these services are providing maximal benefit. Perhaps the best way to boost the 

effectiveness of the treatments currently delivered in psychotherapy is to understand the 

aspects that make psychotherapy effective, and seek to optimise these (Storch, 2014). 

Brand new treatments may not be more effective than current treatments as it has been 

previously demonstrated that there are equivalent outcomes across many 

psychotherapies due to non-specific factors (American Psychological Association, 

2012; Lambert, 2011). One promising method has been found to optimise 

psychotherapy effectiveness for adult clients: providing feedback to psychotherapists on 

their clients’ self-reported symptoms over the course of psychotherapy (Duncan & 

Reese, 2015; Lambert, Whipple, & Kleinstauber, 2018; Norcross & Wampold, 2011a; 
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Shimokawa, Lambert, & Smart, 2010). Investigation into the effectiveness of feedback 

in youth psychotherapy is also promising, but still in its infancy (Tam & Ronan, 2017).  

However, these feedback procedures are based on comparing an individual 

client to a group average and alerting the psychotherapist if the client deviates from this 

group average. This invokes the ecological fallacy (Piantadosi, Byar, & Green, 1988). 

The ecological fallacy describes how serious potential errors can be drawn when 

conclusions from group-level data are assumed to apply to individuals within that group 

(Piantadosi et al., 1988). If there is considerable variation, mixed effects or confounding 

variables within the group, a group-based estimate is unlikely to accurately represent the 

individuals within the group (Piantadosi et al., 1988). Given the advancements in 

statistics afforded by modern computing and advancements in our understanding of 

psychotherapeutic change, there exists an opportunity to refine and potentially improve 

the feedback that is provided to psychotherapists by considering an alternative to these 

group-based averages that is more representative of an individual’s treatment response.  

Broadly, this thesis examines whether the feedback on client progress that is 

provided to psychotherapists could be enhanced by better understanding an individual’s 

trajectory over the course of psychotherapy. This thesis highlights how alternative 

statistical procedures that can appropriately model intra-individual change can be used 

to better understand each client’s response to treatment, and how their past change can 

be used to predict their future change. In addition, the thesis discusses how this 

individualised modelling approach might lead to increased understanding of the 

mechanisms of psychotherapy for individual clients. Specifically, five research 

questions are addressed in this thesis which are answered in three studies. Table 1 

presents these research questions and their respective study.  
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Table 1 

The Research Questions Answered in each Study of the Thesis. 

 Question Study 

1 Can a feedback-informed approach to treatment be implemented 

adequately in a training clinic setting? 

Study One 

2 Does the outcome-enhancing effect of feedback shown in the adult 

literature replicate in a sample of adults attending routine 

outpatient psychotherapy at two training clinics in Australia? 

Study One 

3 Does the outcome-enhancing effect of feedback extend to youth 

psychotherapy in the current setting? 

Study One 

4 a) Can we model individualised trajectories of symptom change 

for adults and how can we use these trajectories to better 

understand symptom change in psychotherapy? 

Study Two 

 b) Likewise, can we model individualised trajectories of 

symptom change for youth and how can we use these 

trajectories to better understand symptom change in 

psychotherapy? 

Study Three 

5 a) Can individualised trajectories of change be used to predict 

outcomes for adults and potentially improve the feedback 

given to psychotherapists? 

Study Two 

 b) Can individualised trajectories of change be used to predict 

outcomes for youth and potentially improve the feedback 

given to psychotherapists? 

Study Three 

 

The next three chapters present the background information necessary for these 

studies. Chapter Two presents the current procedures and evidence base for feedback 

and how these feedback procedures have been derived. Chapter Three provides a 

critique of current feedback techniques, outlining the challenges faced by the current 

feedback procedures. An alternative solution to these current feedback procedures is 

proposed, namely the use of individualised trajectories of change to improve feedback 

and contribute to our understanding of psychotherapy more broadly. Chapter Four 

outlines the statistical methods employed in this thesis to calculate individualised 
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trajectories and explains why these methods can overcome previous limitations. The 

subsequent three chapters (Five through Seven) present the three studies outlined in 

Table 1. The final chapter (Eight) concludes the thesis with a summary and integration 

of the findings from the three studies and provides implications of the research and 

ideas for future research. 
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CHAPTER TWO 

Where Are We Now? Feedback as a Strategy for  

Improving Psychotherapy Outcomes 

  Psychotherapists are not always the best assessors of client change, perhaps due 

to their optimism about a client’s potential to change. Psychotherapists tend to 

overestimate their own skill level compared to other clinicians (Walfish, McAlister, 

O'Donnell, & Lambert, 2012), overestimate how many of their clients improve (Connor 

& Callahan, 2015; Lambert, 2017; Walfish et al., 2012), overestimate how long their 

clients will remain in psychotherapy (Connor & Callahan, 2015), struggle to recognise 

when a client is deteriorating (Hannan et al., 2005; Hatfield, McCullough, Frantz, & 

Krieger, 2010) and then struggle to decide what to do when a client is deteriorating 

(Hatfield et al., 2010). For example, despite being informed of the base rate of 

deterioration in their clinic (8%), psychotherapists predicted only three clients out of 

550 (0.01%) would deteriorate (Hannan et al., 2005). At the end of psychotherapy, only 

one of those clients had deteriorated, and an additional 39 clients had also deteriorated 

(Hannan et al., 2005). In addition, psychotherapists may not always enquire about all 

aspects of a client’s functioning each session (Youn, Kraus, & Castonguay, 2012) or 

clients may be unprepared to directly report certain symptoms, such as substance use, 

due to shame or embarrassment, particularly without directly being asked (Youn et al., 

2012), so psychotherapists may not be privy to the information that they would use to 

conclude a client is deteriorating. Therefore, client change is best assessed by the client, 

or a reliable observer, such as a parent for a child client, rather than by the 

psychotherapist alone. 

When clients’ symptoms are routinely monitored over time and feedback on a 

client’s progress is provided to the treating psychotherapist, the psychotherapist is 
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afforded an opportunity to correct their self-assessment bias and to responsively adjust 

treatment if their client is deteriorating. This feedback assists clinical decision-making 

by providing the psychotherapist with information that they may not be aware of 

through clinical judgement and observation alone. In adult psychotherapy, the provision 

of this feedback has been consistently found to be “demonstrably effective” (Norcross 

& Wampold, 2011a, p. 99) at improving client outcomes across several reviews and 

meta-analyses, particularly for clients who are not progressing as expected and are at 

high risk of deterioration which, as previously discussed, may not be detected by their 

psychotherapist (Duncan & Reese, 2015; Lambert et al., 2018; Norcross & Wampold, 

2011a; Shimokawa et al., 2010). Feedback has become a mainstay of evidence-based 

practice and a component of clinical expertise (APA Presidential Task Force on 

Evidence-Based Practice, 2006).  

First, this chapter explores the various elements involved in providing feedback 

to psychotherapists: monitoring session-by-session change (routine outcome 

monitoring), understanding what is considered to be sufficient change (clinically 

significant and reliable change), anticipating client outcomes from their session-by-

session change (the expected treatment response curve), and notifying psychotherapists 

if their clients are at risk of deterioration (algorithms and warnings). Most feedback 

procedures utilise all of the above elements (Davidson, Perry, & Bell, 2015). Secondly, 

this chapter will review the most common family of feedback measures (the Outcome 

Questionnaire family), which are utilised in this thesis. Finally, the chapter concludes 

with a brief literature review of the current evidence-base for feedback.  

What Constitutes Feedback to Psychotherapists? 

Step one: Monitoring session-by-session change. The first stage in the 

feedback process is routine outcome monitoring (ROM): monitoring client’s symptoms 
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and/or functioning over time with a suitable, well-established measure that can be 

repeatedly administered at specified time-intervals. ROM was first proposed under the 

paradigm of patient-focused research (PFR) by Howard, Moras, Brill, Martinovich, and 

Lutz (1996) who suggested that instead of measuring effectiveness at the group level 

across all clients, effectiveness of psychotherapy should be assessed individually and 

frequently. As not all clients experience benefit from psychotherapy, effectiveness of 

treatment must be determined in real time for the specified client, rather than assuming 

effectiveness from the provision of an empirically supported treatment which is 

effective on average for a group but may not be effective for an individual client 

(Lambert, 2011).  

There exists a plethora of measures available for outcome monitoring. For 

adults, at least ten psychometrically sound and well-researched outcome measures were 

identified by Drapeau (2012; as cited in Boswell, Kraus, Miller, & Lambert, 2015) and 

eight by Tarescavage and Ben-Porath (2014). For youth and young people aged 12-25, a 

recent systematic review identified 29 different outcome measures, although only five 

were suitable for use across the whole age range and applicable to a variety of 

presenting problems (Kwan & Rickwood, 2015). ROM administration can be as 

frequent as each session, or may be longer, such as 3- or 6-monthly. Measures may be 

completed by the client or by a reliable observer, such as the psychotherapist, a teacher, 

or a family member. However, ROM is perhaps most informative when the measures 

are completed by a client, or a close significant other (e.g. parent) if the client is not a 

reliable reporter, as psychotherapists may not always be the best assessors of change in 

their clients.  

Although the main uses of ROM are to evaluate treatment effectiveness and 

provide feedback to psychotherapists on their clients’ progress, ROM has two other 
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purposes. Firstly, it can also be seen as a tool for facilitating conversation and 

enhancing the client’s experience of psychotherapy (Youn et al., 2012). Duncan and 

Reese (2015) outline, for example, how ROM has the potential to shift the potential 

power imbalance in psychotherapy by prioritising and valuing the client’s experiences 

and perspectives. In this way, they describe how ROM can allow psychotherapy to be 

responsive, culturally-sensitive and client-centric. Youn et al. (2012) provide several 

clinical examples of utilising ROM data to facilitate discussions with clients about 

difficult issues, competing priorities or partial disclosures, and highlight that through 

these discussions and consequential realignments of priorities, clients can become more 

engaged in treatment, increase trust in their psychotherapist and form a stronger 

working alliance with their psychotherapist. 

Secondly, although ROM is conducted on an individual level, group-based data 

formed by aggregating ROM data across clients allows for practice-oriented research 

(POR), which feeds individualised research into larger research agendas (Castonguay, 

Barkham, Lutz, & McAleavey, 2013). ROM provides a means for collaboration 

between researchers and clinicians and can assist in bridging the gap between science 

and practice by addressing clinically-relevant research questions with scientific rigor 

(Youn, Xiao, & Castonguay, 2016). For example, aggregating ROM data allows for 

benchmarking to be conducted across services or within a service over time, or between 

research and practice settings (Lambert, 2013). Alternatively, psychotherapists may 

choose to benchmark themselves by aggregating their own data to highlight areas of 

strength or weakness (Kraus, Castonguay, Boswell, Nordberg, & Hayes, 2011) and 

engage in deliberate practice to improve their effectiveness (Miller, Hubble, & Chow, 

2018; Miller, Hubble, Chow, & Seidel, 2015). For example, Kraus et al. (2011) utilised 

ROM data to investigate whether psychotherapists tended to be more effective with 
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some populations rather than others. Interestingly, they found preliminary evidence for 

domain-specific psychotherapist effectiveness. Nearly all (96%) psychotherapists were 

above-average in treating at least one problem domain (e.g. depression or psychosis), 

consistently producing large average effect sizes, and that although some 

psychotherapists were effective in many areas, it was often difficult to predict a 

psychotherapist’s effectiveness in one area from their effectiveness in another. They 

highlighted that ROM can thus be used to meet ethical obligations whereby 

psychotherapists can seek to treat clients matched to their competencies and seek out 

supervision or further training in areas where they are less competent.  

In Australia, ROM has been recognised as a national priority to improve mental 

health care, and since 2003 Australian government-funded treatment facilities have been 

consistently utilising ROM measures (Department of Health and Ageing, 2005). The 

UK, for example, who also have universal health-care, have similar policies relating to 

ROM usage in National Health Services (NHS) facilities (NHS England & NHS 

Improvement, 2016). In a recent study of Australian psychologists (both in the private 

and public sectors), 98% were aware of ROM and 69% utilised ROM in their practice 

(Chung & Buchanan, 2019). Interestingly, psychologists were more likely to use ROM 

if their clientele was predominantly adults (80% of psychologists) rather than 

predominantly youth (46% of psychologists; Chung & Buchanan, 2019). 

Step two: How much change is sufficient for treatment to be considered 

effective? One of the main purposes of ROM is to assess whether treatment is effective 

for the specified client. Therefore, psychotherapists must decide when the amount of 

change the client has made is sufficient for the treatment to be considered effective. 

Usually, the client’s score at intake or first assessment is used to provide a baseline 

measure of the client’s symptoms and/or functioning prior to any treatment 
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commencing. The amount of change between the client’s score at the first session and 

their score at any subsequent session can be calculated through simple subtraction. 

There are then three important considerations for assessing this change: (1) the direction 

of the change (i.e. has the client improved or deteriorated since their first session?); (2) 

the magnitude of the change (i.e. is the amount of change large enough to be statistically 

significant, or could it be due to random fluctuation?); and (3) the meaningfulness of the 

change (i.e. is the change clinically and practically meaningful?). The most commonly 

used method for answering these questions is the Reliable and Clinically Significant 

Change Index (RCSI) method proposed by Jacobson, Follette, and Revenstorf (1984) 

and later refined by Jacobson and Truax (1991). Although this is the established 

standard in the adult literature, the RCSI method is unfortunately utilised far less 

frequently with youth (Kwan & Rickwood, 2015). 

A reliable change is change that is of a magnitude that is considered to be 

statistically significant (i.e., change that is unlikely to have occurred by chance). 

Clinically significant change is considered to be change that also has real, practical 

meaning and utility in the client’s life. Whereas reliable change can be calculated 

simply from the standard error of the measure used, clinically significant change is 

more difficult to quantify statistically. Jacobson and colleagues (Jacobson et al., 1984; 

Jacobson & Truax, 1991) proposed that change would be clinically significant when a 

client experienced a return to normal functioning, whereby they had functioning that 

was more similar to a functional, non-distressed population than a clinical, distressed 

population. In doing so, they acknowledged that both clinical and non-clinical 

populations encompass a range of functioning but the two populations should have 

distinct distributions (Jacobson et al., 1984). As such, a clinical cut-off score can then 

be calculated which demarks the clinical and non-clinical populations. Moving from 
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belonging to one population distribution to another necessitates a large change, so 

clinically significant change must also be of a magnitude that is considered reliable. In 

other words, reliable change is a pre-requisite for clinically significant change.  

Depending on the direction of scoring for a measure, for a client to experience 

clinically significant improvement, their score must decrease (if higher scores denote 

more frequent symptoms/distress) as much or more than the amount necessary for 

reliable change on the specified measure; and in addition, their score must move from 

being equal to or more than the clinical cut-off score (i.e. within the clinical range) to 

being less than the clinical cut-off score (i.e. within the non-clinical range). It is worth 

noting that while reliable improvement is possible for clients who commence 

psychotherapy in either the clinical or non-clinical populations (i.e. above or below the 

clinical cut-off), clinically significant improvement is possible only for clients who 

commence psychotherapy in the clinical population. This is because clients who start 

treatment in the non-clinical range cannot experience a “return” to normal functioning 

as they were already functioning in this way prior to treatment. Thus, treatment may be 

considered effective when reliable improvement occurs, and is definitely considered 

effective when clinically significant improvement occurs.  

A client may also experience no change or even deteriorate in psychotherapy. 

Clients would be considered to have experienced no change in their 

symptoms/functioning if their change is not of a magnitude to be considered reliable. 

Deterioration is considered a decline in functioning and/or an increase in symptoms. As 

with reliable improvement, reliable deterioration is possible for all clients regardless of 

their initial score: both clients who commence treatment in the non-clinical range and 

also in the clinical range. Contrary to clinically significant improvement, clinically 

significant deterioration is possible only for clients who commence psychotherapy 
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belonging to the non-clinical population. Again, this is because clients who commence 

treatment in the clinical range cannot move into the clinical population by getting worse 

– they already belong to that population; but clients who commence treatment in the 

non-clinical range can move into the clinical range after experiencing reliable 

deterioration. Interestingly, and somewhat contradictorily, research has sometimes not 

classified reliable deterioration to occur if a client deteriorates but still remains within 

the non-clinical population (e.g. Lambert et al., 2002). 

Step three: Anticipating client outcomes from their session-by-session 

change. The expected treatment response (ETR) is a curve which purportedly describes 

the average trajectory of symptom change for clients attending psychotherapy (Lambert, 

Hansen, & Finch, 2001; Lueger et al., 2001). It is a-theoretical in that it is assumed to 

apply to clients in all psychotherapy treatments and can be calculated for any ROM 

measure. The ETR describes improvement in symptoms/distress/functioning as 

occurring relatively rapidly early in treatment, but with smaller gains being made with 

each passing session (Lambert et al., 2001; Lueger et al., 2001). The purpose of the 

ETR is to provide a reference with which clients’ progress in psychotherapy can be 

compared to the progress shown by other similar clients. The ultimate goal of this 

procedure is to detect deterioration when a client is not progressing as “expected” and 

consequently to prevent clients from leaving treatment having deteriorated (Lambert et 

al., 2002).  

The ETR thus allows the psychotherapist to anticipate the outcome of their 

client through comparison between a client’s expected and actual progress. The ETR 

provides the psychotherapist with an expected trajectory of symptom change with which 

a client’s actual psychotherapy progress can be compared (potentially before reliable or 

clinically significant change has occurred). If the client is “on-track” and progressing as 
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expected based on the ETR, the psychotherapist can anticipate a positive outcome for 

their client. However, if the client is “not on-track” and not progressing as expected, the 

psychotherapist can anticipate a negative outcome for their client and may therefore be 

motivated to change their treatment approach to try and prevent this negative outcome 

from occurring. Feedback Intervention Theory (Kluger & DeNisi, 1996) suggests that 

this process of comparison between a client’s actual and expected progress is the 

element that makes feedback effective. Feedback using the ETR highlights if there is a 

discrepancy between the goal (e.g., recovery/improvement) and the progress towards 

that goal thus far, creating cognitive dissonance. An individual is motivated to change in 

order to meet the desired goal (de Jong, 2016). Alternatively, Contextualised Feedback 

Theory (Sapyta, Riemer, & Bickman, 2005) suggests that feedback is effective because 

it provides psychotherapists with information that they cannot obtain through clinical 

judgement alone. Regardless, feedback allows psychotherapists to determine what is 

and is not effective for their client – allowing them to do more of what is effective, and 

less of what is not effective for their client. To be maximally effective, feedback should 

be provided at each session to allow as many opportunities for responsive treatment 

adaption as possible. As such, feedback allows psychotherapy to be optimised for each 

individual client and their unique presentation.  

The expected large improvement in symptoms early in treatment with 

progressively less improvement in later sessions originates from the theories of the 

dose-response (Howard, Kopta, Krause, & Orlinsky, 1986) and phase models (Howard, 

Lueger, Maling, & Martinovich, 1993) of psychotherapy, developed by Howard and 

colleagues. In their landmark research, Howard et al. (1986) adapted the dose-response 

model, which is prolific in the medical fields, to attempt to quantify how much 

psychotherapy (dose) was necessary to produce improvement in symptoms (response). 
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To this end, the authors calculated the cumulative percentage of clients that had 

achieved reliable improvement by specified numbers of sessions. They found that 

greater percentages of clients achieved reliable improvement early in psychotherapy, 

with fewer and fewer clients achieving reliable improvement with each passing session 

in a negatively accelerating fashion. The authors applied a log-normal transformation to 

session number (a common procedure in the medical dose-response literature) and then 

used a linear function to predict the dose of psychotherapy necessary for a chosen 

percentage of clients to improve (e.g. 50%).  

Using the data of 15 published studies that reported rates of improvement as a 

function of varying lengths of treatment, the authors (Howard et al., 1986) applied the 

same linear function with a log-transformation to estimate (through interpolation and 

extrapolation) the percentages of clients who should be improved at each session, 

assuming the relationship between percentage of clients improved and number of 

sessions attended was constant after the log-transformation was applied. As these 

percentages were estimated, they cannot be exact; for example, no study reported data 

for improvement prior to the first session. This analysis showed that across studies, 10–

18% of clients were estimated to have improved prior to their first session, 48–58% to 

have improved by the eighth session and 75% by 26 sessions. They found that higher 

doses (more sessions) were needed for some disorders to achieve the same percentage 

of improved clients as other disorders. The psychotherapy dose-response relationship 

has since been investigated in numerous studies (e.g. N. B. Hansen & Lambert, 2003; 

Harnett, O'Donovan, & Lambert, 2010; Kadera, Lambert, & Andrews, 1996; Kopta, 

Howard, Lowry, & Beutler, 1994; Lutz, Lowry, Kopta, Einstein, & Howard, 2001), 

which have all found greater percentages of clients improving earlier in treatment, with 

increasingly smaller percentages of clients improving over time.  
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Building on their finding that different disorders required different doses of 

treatment to show a response, Howard and colleagues proposed the phase model to 

explain how change occurs over time in psychotherapy and that different facets of 

symptoms change at different rates (Howard et al., 1993). Specifically, the phase model 

proposed that clients first experience improvement in well-being, then in 

symptomatology and finally in life-functioning. Despite aiming to replicate and extend 

their previous findings, Howard et al. (1993) used a different methodology and plotted 

the cross-sectional means of measures of well-being, symptoms and life-functioning at 

intake and sessions 2, 4 and 17. The dose-response model calculated the percentage of 

patients who had improved (a dichotomous outcome), but the phase model calculated 

the amount of improvement in clients’ symptoms cross-sectionally over time (a 

continuous outcome). Howard et al. (1993) found the greatest amount of mean change 

was in well-being and the least in life-functioning. The cross-sectional mean scores at 

each session on each of the three variables followed the same pattern of change across 

time: larger changes earlier in treatment, followed by progressively smaller changes. 

Notably, there was a high rate of attrition, with less than half of the sample remaining at 

session 2 and less than twenty percent remaining by session 17. By integrating the 

findings from the two models together, the decelerating curve seen in the dose-response 

model is thought to be due to the increasing difficulty in effecting change in more long-

standing problems, as explained by the phase model (Castonguay et al., 2013). The ETR 

was thus conceived with these conclusions in mind: that intra-individual change occurs 

rapidly early in treatment and more slowly later in treatment, although both the dose-

response and phase models examined different types of inter-individual change 

(percentage of clients improved in the dose-response model and amount of change in 

the phase model). This is discussed further in Chapter Three. 
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Reflecting this view that improvement occurs rapidly at the start of 

psychotherapy and gradually slows, the ETR can be shown graphically as a negatively 

accelerating curve with session number on the y-axis and symptom severity on the x-

axis (for example, see Figure 2 on p. 156 in Lambert et al., 2002; or Figure 1 on p. 575 

in Lutz, Martinovich, & Howard, 1999). The ETR is calculated empirically by applying 

a log-transformation to session number, and then calculating the linear relationship 

between large aggregates of clients’ scores at each time point (log-session number); 

when time is untransformed and the results plotted, the curve appears negatively 

accelerating. The ETR has been calculated for a variety of ROM measures, such as the 

Outcome Questionnaire-45 (OQ-45; Lambert & Burlingame, 1996; Lambert et al., 

2002), the Outcome Rating Scale (ORS; Anker, Duncan, & Sparks, 2009) from the 

Partners for Change Outcome Management System (PCOMS; Duncan, 2011), the 

Clinical Outcomes in Routine Evaluation – Outcome Measure (CORE-OM; Barkham et 

al., 2001; Lutz et al., 2005), the World Health Organization’s Wellbeing Index (WHO-

5; Bech, Gudex, & Johansen, 1996; Newnham, Hooke, & Page, 2010) and the Mental 

Health Index composite (MHI; Leon, Kopta, Howard, & Lutz, 1999; Lueger et al., 

2001; Lutz et al., 1999) of the Compass system (Howard et al., 1993). 

Step four: Notifying psychotherapists if their clients are at risk of 

deterioration. As with effectiveness, a similar determination must be made as to 

whether the amount that the client deviates from the ETR is sufficient for the client to 

be considered “not on-track” and not progressing as expected, or whether it is just 

random fluctuation. Tolerance intervals can be calculated to determine the bounds 

within which a certain percentage of the sample falls (Proschan, 1953). For example, an 

80% tolerance interval should contain the scores of 80% of the sample; the remaining 

20% of scores would be the 10% most extreme scores at the ends of the sample 
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distribution. For the ETR, tolerance intervals can be calculated for a large sample to 

determine the bounds within which the majority of the samples’ scores fall at each 

session/time point. This establishes a range of “expected” scores for each session. If a 

client’s scores fall within or below this range at a specified session (i.e. has changed as 

much as or has improved more than most other clients in the original sample), the client 

is considered to be progressing as expected. Small deviations within this range are not 

considered indicative of a negative outcome from psychotherapy. If a client’s scores fall 

above this range (i.e. has not improved as much as most other clients in the original 

sample), the client is considered to be not progressing as expected. Clients whose scores 

deviate significantly from the ETR are at increased risk of leaving psychotherapy 

deteriorated (Lambert et al., 2002). Across studies in a recent meta-analysis there was a 

wide variation in the percentage of clients who were not on-track at least once during 

psychotherapy, ranging from 11% to 56% (M = 31.2%; Lambert et al., 2018). 

The computer software for many feedback measures can calculate whether a 

client falls inside or outside of the ETR limits at each session, and then uses this 

determination to provide an appropriate alert and recommendation to the 

psychotherapist about the clients’ progress (Lambert et al., 2018). If the client is “not 

on-track” the psychotherapist is warned that the client is at risk of leaving treatment 

deteriorated and is recommended to consider altering the treatment plan to prevent 

deterioration. This alert system is considered to be a core aspect to effective feedback 

(Lambert, Harmon, Slade, Whipple, & Hawkins, 2005). Clinical support tools, such as 

the Assessment for Signal Clients (OQ-ASC; Lambert, Bailey, Kimball, Harmon, & 

Slade, 2007), can further assist psychotherapists in determining the reason for 

deterioration in order to determine the best approach to amend treatment. 
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Summary. In sum, there are four elements involved in providing feedback to 

psychotherapists. First, a client’s self-reported symptoms must be monitored regularly 

using a reliable and valid measure which is sensitive to change over time. Secondly, the 

amount of change that a client makes must be measured against the reliable and 

clinically significant change index. Reliable change has occurred if the change in 

symptoms is larger than what would be expected by chance alone. Clinically significant 

change has occurred if the client experiences a return to normal functioning, whereby 

their scores are more similar to a non-clinical population than a clinical population. 

Thirdly, the amount of change that a client makes can be measured against the change 

they are expected to make based on the expected treatment response curve. Fourthly, if 

a client deviates significantly from this expected treatment response curve, the 

psychotherapist is alerted to the client’s potential for deterioration. The following 

section reviews the Outcome Questionnaire family of measures, which are the most 

common family of feedback measures and utilise all four elements necessary for 

effective feedback.  

The Outcome Questionnaire Measures 

The Outcome Questionnaire family comprises 17 measures across adult, youth 

and group populations. The majority of the measures are designed to routinely assess 

and track mental health symptoms, general distress and functioning, with variations in 

either length (depending on the brevity required) or the types of symptoms assessed 

(depending on the severity and persistence of the client’s presenting problems). The 

remaining measures assess other psychotherapy-relevant variables, such as the 

therapeutic alliance, difficulties potentially hindering the therapeutic process or client 

strengths and weaknesses.  
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The OQ measures are one of only two feedback systems which have accrued 

enough evidence of their effectiveness at enhancing outcome that they were listed as a 

stand-alone evidence-based intervention on SAMHSA’s (Substance Abuse and Mental 

Health Services Administration) National Registry of Evidence-based Programs and 

Practices (see https://nrepp.samhsa.gov/legacy) prior to the closure of the registry in 

2018 (McCance-Katz, 2018). The OQ measures boast the largest evidence-base of any 

measure, with 90% of the research literature on ROM and feedback utilising one of the 

OQ measures (OQ Measures LLC, n.d.). The OQ measures are also popular in clinical 

practice: they are currently in use in over 3,000 locations across six continents (OQ 

Measures LLC, n.d.).  

The two core adult and youth feedback measures – the Outcome Questionnaire-

45 (OQ-45; Lambert & Burlingame, 1996) and the Youth-Outcome Questionnaire 2.01 

(Y-OQ; Burlingame, Wells, & Lambert, 1996) – have good psychometric properties 

(Lambert et al., 1996; Wells, Burlingame, Lambert, Hoag, & Hope, 1996) and were 

designed for routine administration so they are highly sensitive to change (McClendon 

et al., 2011; Tarescavage & Ben-Porath, 2014; Vermeersch, Lambert, & Burlingame, 

2000). Both have pre-calculated RCSIs and ETRs, and feedback is available 

immediately to the psychotherapist with the OQ-Analyst computer software (OQ 

Measures LLC, 2007). For these reasons, the OQ-45 and the Y-OQ were selected for 

this thesis.  

The OQ-Analyst software calculates sub-scale and total scores for the current 

session and displays these results for the psychotherapist alongside sub-scale and total 

means from other normative populations (e.g. outpatient settings, inpatient settings, 

non-clinical community) for comparison. The client’s total score is given a qualitative 

label (e.g. “moderately high”). In addition to sub-scale or total data, the client’s item-
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level responses are presented for critical items (e.g. “I have thoughts of ending my 

life”). As no change scores can be calculated at the first administration of the measure, 

the feedback alert provided to the psychotherapist after that first administration of the 

measure contains qualitative information about the meaning of the total score in relation 

to norms, the likely prognosis for the client and an estimation of number of sessions that 

client may need to attend to experience reliable and clinically significant improvement.  

Once the OQ-45/Y-OQ has been completed more than once, all of the above 

scoring information is provided to the psychotherapist for the most recent 

administration. From the second administration onwards, a change score can be 

calculated which allows determination of (a) reliable and/or clinically significant 

change, and (b) whether the client’s actual progress is consistent with their expected 

progress based on the ETR. Based on this comparison with the ETR, one of four 

feedback alerts is then given to the psychotherapist: White, meaning the client is 

functioning in the non-clinical range; Green, meaning the client is making expected 

progress; Yellow, meaning the client has some chance of a negative outcome from 

psychotherapy; and Red, meaning the client has a high chance of a negative outcome. 

Clients receiving White or Green alerts are considered “on-track” and clients with 

Yellow or Red alerts are considered “not on-track”. Yellow and Red alerts are 

differentiated by how much a client’s scores deviate from the ETR. A Yellow alert is 

provided if the client’s score falls above the 68% tolerance interval but below the 80% 

tolerance interval of the ETR; a Red alert is provided if the client’s score falls above the 

80% tolerance interval. Alerts are calculated at each administration based on the current 

scores. As such, a client may be considered not on-track at one session, but on-track at 

the next (Lambert et al., 2001). The client’s scores at each session are displayed 
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graphically for easier understanding; the psychotherapist can toggle between viewing 

the sub-scale or total scores over time.  

Calculating the ETR for the OQ-45. Lambert et al. (2002) outlines the 

empirical method (in contrast to the less sensitive and specific rationally-derived 

method) for calculating the ETR. First, using a very large sample (N = 11, 492), 

Lambert et al. (2002) split clients into 50 groups based on their initial intake symptom 

severity; this was so that separate ETRs could be calculated for each group with similar 

initial distress. Next, a slope and intercept were calculated for each of the 50 groups 

using hierarchical linear modelling. The hierarchical model accounts for the nesting of 

data (i.e. scores are nested within clients, who are nested within psychotherapists, who 

are in turn nested within sites) and modelled the linear relationship between score on the 

OQ-45 and the log-transformed time variable of number of sessions. The authors 

applied the log-transformation, as used in the dose-response model, and conducted “an 

initial graphical analysis of the data [which] revealed decelerating growth curves similar 

to those identified in previous studies on recovery curves” (p. 154). It is unclear whether 

the “graphical analysis” was of the percentage of clients who were improved at each 

session (as per the dose-response model) or the cross-sectional mean of scores over time 

(as per the phase model). However, given that the remainder of the analyses were 

calculated with scores rather than percentage of clients improved, it is likely the 

graphical analysis was of scores. Finally, the authors calculated 80% and 68% tolerance 

intervals around each derived ETR line, based on the within-participant, between-

participant and between-site error variance. These tolerance intervals identified the top 

10% and 16% of scores, respectively, which deviated negatively from the ETR.  

The ETR and the tolerance interval cut-offs were then plotted graphically. If a 

client’s score at a specified session was within the 68% tolerance intervals or was 
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outside of the tolerance intervals but deviating positively from the ETR (i.e. was 

improving more than expected), the client was considered on-track. If the client’s score 

fell above the 68% tolerance interval but below the 80% tolerance interval, the client 

was considered to be starting to deviate from the ETR and as such was not on-track. If 

the client’s score fell above the 80% tolerance interval, the client was deviating 

significantly from the ETR and was considered not on-track. Clients who were not on 

track were predicted to leave treatment deteriorated.  

This method was able to correctly predict the outcome (positive or negative) of 

83% of clients (Lambert et al., 2002). It was also able to correctly predict a negative 

outcome for 100% of the clients who had deteriorated upon leaving psychotherapy. 

However, it also incorrectly predicted that 18% of clients who left psychotherapy with a 

positive outcome would deteriorate (false negatives). Therefore, this method has 

excellent sensitivity and good specificity. As this study was deriving the feedback 

procedure, it is important to note that psychotherapists were not provided with this 

information in this study as this would have constituted feedback and may have altered 

a client’s outcome and the accuracy and usefulness of the calculation. In practice, when 

the feedback procedure is implemented, if clients who would have otherwise 

deteriorated do not deteriorate, as a result of the psychotherapist intervening and 

altering treatment, the specificity of the method will be reduced (i.e. the method predicts 

more clients will deteriorate than do deteriorate because psychotherapists are alerted 

and prevent deterioration from occurring). For example, in a meta-analysis of feedback 

using the OQ-45, only 9.1% of clients who were not on-track and whose 

psychotherapists were alerted through feedback actually deteriorated (cf. 20.1% of 

clients who were not on-track whose psychotherapists did not receieve feedback; 

Shimokawa et al., 2010). 
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Calculating the ETR for the Y-OQ. The ETR for various versions of the Y-

OQ has been calculated and refined in several papers (e.g. Cannon, Warren, Nelson, & 

Burlingame, 2010; Nelson et al., 2013; Warren, Nelson, & Burlingame, 2009; Warren, 

Nelson, Burlingame, & Mondragon, 2012). The most recent calculation of the ETR for 

the standard-length, parent-report Y-OQ which has been described thus far in this 

chapter is reported in Warren et al. (2012) who utilised a large sample of youth (N = 

2310) from both a private managed care setting and a public community outpatient 

setting. The procedure was similar to that reported in Lambert et al. (2002). First, the 

sample was stratified by initial symptom severity, with nine groups (rather than 50 

groups in the adult calculations). Secondly, multilevel modelling was used to estimate a 

slope and intercept for each of the nine groups. A log-transformation was again used but 

applied to number of weeks in treatment rather than number of sessions to provide a 

better fit to the data. The use of the log-transformation is particularly interesting given 

that no dose-response relationship has been found in youth psychotherapy (Andrade, 

Lambert, & Bickman, 2000; Leonard Bickman, Andrade, & Lambert, 2002; Salzer, 

Bickman, & Lambert, 1999). The authors provide this as further justification for using 

number of weeks in treatment rather than number of sessions attended. However, 

regardless of the time variable used, the authors modelled “change as occurring quickly 

at first and then tapering off” (p. 32). Finally, the authors created prediction intervals 

around the ETR for each of the nine groups. The prediction interval varied by the 

deterioration rate in each group: for a group with a 10% deterioration rate, an 80% 

prediction interval was calculated so that 10% of scores would fall above and 10% of 

scores would fall below the prediction interval.  

This ETR calculation method was still fairly accurate but less sensitive and less 

specific for the youth in Warren et al. (2012) than for the adults in Lambert et al. 
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(2002). This may be due to small changes in the method (e.g. using the log of weeks in 

treatment rather than the log of session number, calculating fewer ETRs as there were 

fewer groups, or using different prediction/tolerance interval cut-offs), or due to 

applying the method to youth. The ETR method for youth still had a good hit rate, with 

the correct outcome (positive or negative) for 75% of youth clients (c.f. 83% of adults in 

Lambert et al., 2002). However, only 63% of the clients who deteriorated were 

predicted; this means that the method did not produce an alert for 37% of the clients 

who deteriorated (cf. 100% of adults who deteriorated correctly identified in Lambert et 

al., 2002). 

Summary. The OQ-45 and the Y-OQ are psychometrically sound measures, 

suitable for evaluating session-by-session change in client’s symptoms. Both measures 

have pre-calculated reliable and clinically significant change indices and expected 

treatment response curves. The current evidence-base for these and other measures will 

now be reviewed.  

A Brief Review of the Effectiveness of Feedback 

The effectiveness of feedback with adults. In adult psychotherapy, feedback 

has been consistently found to be “demonstrably effective” (Norcross & Wampold, 

2011a) at improving client outcomes across several reviews and meta-analyses (Duncan 

& Reese, 2015; Lambert et al., 2018; Norcross & Wampold, 2011a; Shimokawa et al., 

2010). Feedback increases the amount of symptom change and the likelihood of 

achieving reliable improvement, and decreases the likelihood of deterioration and 

premature drop-out from psychotherapy (Shimokawa et al., 2010). Norcross and 

Wampold (2011a) described how seeking client feedback and monitoring outcome 

provides psychotherapists with increased opportunities for collaboration, modifying 

technical strategies, improving the working alliance and preventing premature 



 28 

termination from psychotherapy. In contrast, when psychotherapists make assumptions 

about the client’s experience of psychotherapy they are frequently incorrect and their 

observations are less informative of treatment outcomes (Norcross & Wampold, 2011a). 

In a recent meta-analysis of the OQ-45 and the Partners for Change Outcome 

Management System (PCOMS; Duncan, 2011) — the two feedback systems with the 

largest evidence-base — 11 out of 15 OQ-45 studies and six out of nine PCOMS studies 

found a significant effect of feedback compared to treatment-as-usual (i.e. no feedback; 

Lambert et al., 2018). Interestingly, the three PCOMS studies that showed no significant 

effect of feedback were all conducted outside the USA. When all clients were 

considered, there was a small to medium effect of feedback (SMD = .14 for OQ-45 

studies and SMD = .40 for PCOMS studies). For the OQ-45 studies, the effect of 

feedback was significantly greater for clients who were not on-track than for clients 

who were on-track (SMD = .33); PCOMS studies did not split their samples in this way 

so the differential effect of feedback for on-track/not on-track clients could not be 

determined. This boosted effect of feedback for clients who are not on-track has also 

been shown in other reviews and meta-analyses (Gondek, Edbrooke-Childs, Fink, 

Deighton, & Wolpert, 2016; Shimokawa et al., 2010). Client initial symptom severity 

and diagnosis did not appear to influence the feedback effect (Lambert et al., 2018), but 

the effect of numerous other client characteristics (e.g. gender, ethnicity, age, SES etc.) 

have not yet been examined.  

The effectiveness of feedback with youth. Despite the impressive findings for 

feedback in adult psychotherapy settings, there is a paucity of research with youth 

populations into both ROM and feedback. This is unfortunate given the significantly 

higher deterioration rates in youth psychotherapy (Whipple & Lambert, 2011). ROM 

measures are used less frequently with youth than with adults: less than half (46%) of 
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Australian psychologists utilise ROM with their youth clients (Chung & Buchanan, 

2019), and feedback is implemented even less frequently than is ROM (Kwan & 

Rickwood, 2015). In addition, when ROM and feedback are utilised there is frequently 

higher proportions of missing data and/or multiple reporters completing the measures at 

different time points (Whipple & Lambert, 2011); this makes the data less informative 

and more difficult to utilise. For reasons unknown, even when utilising the same 

methods for predicting deterioration as in adult settings, prediction of youth 

deterioration is less specific and less sensitive (Warren et al., 2012). When youth are 

informants, they often under-report symptoms and distress compared to their parents, 

and report their progress as occurring more rapidly than do their parents (Cannon et al., 

2010). 

This lack of uptake of ROM and feedback in practice is reflected in the research 

literature, which is far less extensive than the adult literature. As of September 2016, 

only 12 studies (comprising 13 trials) were identified that evaluated the effects of 

feedback on psychotherapy effectiveness with youth (age 10-19; Tam & Ronan, 2017). 

The results from these studies do appear promising, mirroring the feedback effect found 

in adult populations with a small effect size across the trials. However, the authors note 

there currently remains “insufficient, consistent evidence and insight into specifics 

related to the application, benefits and change mechanisms of the feedback framework 

in youth settings” (Tam & Ronan, 2017, p. 49). For example, one trial showed an 

unexpected pattern of results with a small negative effect size. Less than half of the 

trials (six out of 13) were conducted in routine outpatient psychotherapy settings, and of 

these six, one included only youth over 18 (i.e. 18 and 19 years old).  

Four different feedback systems were empirically examined in the meta-analysis 

(Tam & Ronan, 2017): the PCOMS or its subsidiaries, the Outcome Rating Scale and 
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the Session Rating Scale (Duncan, 2011; Duncan, Sparks, Miller, Bohanske, & Claud, 

2006; Miller & Duncan, 2004), were used in eight trials; the Contextualized Feedback 

Systems (CFS; L. Bickman, Kelley, & Athay, 2012) was used in three trials; the Goal 

Tracking Form (GTF; Ronan, 2009) was used in one trial; and the Ohio Scales (Ogles, 

Melendez, Davis, & Lunnen, 2001) was used in two trials. One study (Ronan et al., 

2016) utilised two feedback measures — the Session Rating Scale from the PCOMS 

and the GTF — hence, the total reported equals 14 rather than 13. Of the two measures 

previously mentioned as being endorsed as evidence-based interventions on the 

National Registry of Evidence-based Programs and Practices, only the PCOMS has 

been investigated with youth. There has been no published studies on the effectiveness 

of feedback with the youth version of the Outcome Questionnaire — the Youth-

Outcome Questionnaire (Y-OQ; Burlingame et al., 1996) — since the publication of 

this meta-analysis. This is surprising given the evidence-base for the adult OQ 

(Shimokawa et al., 2010), the availability of calculated ETRs for the Y-OQ (e.g. 

Cannon et al., 2010; Nelson et al., 2013; Warren et al., 2009; Warren et al., 2012), the 

availability of software for feedback with the Y-OQ (the OQ-Analyst computer 

software; OQ Measures LLC, 2007), the common use of the Y-OQ as a youth ROM 

measure (Kwan & Rickwood, 2015; OQ Measures LLC, n.d.), and the high sensitivity 

to change observed session-by-session with the Y-OQ (McClendon et al., 2011).  

Summary. In addition to the barriers generally reported by practitioners for 

using ROM and feedback (Boswell et al., 2015; Boyce, Browne, & Greenhalgh, 2014; 

Chung & Buchanan, 2019), there are numerous additional barriers when using feedback 

in youth psychotherapy: higher proportions of missing data, multiple reporters, potential 

lack of valid data gathered from youth self-report, and less sensitive and specific 

expected treatment response curves for detecting deterioration. There may be other 
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barriers specific to implementing feedback with youth, but these have not yet been 

elucidated. There are currently only five published feedback studies which have been 

conducted in routine outpatient settings with youth under 18 years old, and there are no 

published feedback studies conducted with the Y-OQ in any setting with any youth age-

group. In spite of these barriers, the groundwork for implementing feedback with youth 

has been adequately laid (Whipple & Lambert, 2011) and the emerging studies show 

that feedback may also enhance outcomes with youth. However, far more research is 

needed to determine the boundary conditions for the effectiveness of feedback and 

examine whether the outcome-enhancing feedback effect shown with the OQ-45 is also 

shown with the Y-OQ. This is particularly important to establish in routine care in 

outpatient settings. Study One in this thesis will be the first study to examine the impact 

of feedback on outcomes in youth psychotherapy using the parent-report Y-OQ.  

Summary: Where Are We Now and How Did We Get Here? 

 This chapter reviewed the various elements comprising feedback, how feedback 

is currently being implemented and the evidence-base for feedback for both adults and 

youth. Feedback represents an innovative and important development in the 

psychotherapy research literature with origins in the creation of the patient-focused 

research paradigm with the aim of preventing deterioration in psychotherapy. Feedback 

involves routinely monitoring a client’s symptoms and feeding the results of this back 

to the treating psychotherapist. The client’s results are compared to an expected 

treatment response (ETR) curve and the psychotherapist is alerted if the client is 

deviating significantly from this curve, as this is a risk-factor for the client leaving 

psychotherapy having deteriorated. The ETR was created with respect to conclusions 

drawn from the dose-response and phase models of psychotherapy which assume that 
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improvement occurs rapidly at the start of treatment, but that the rate of improvement 

slows with each passing session in a negatively accelerating fashion.  

There has been a great degree of research interest in feedback, with increasing 

use of feedback in clinical practice as it is now considered a core component of clinical 

expertise and evidence-based practice. In adult psychotherapy, feedback has been 

consistently shown to improve outcomes, largely through the prevention of 

deterioration. As such, feedback is most effective for clients who are not progressing as 

expected (i.e. are “not on-track”), with smaller benefits for clients who are considered to 

be progressing as expected (i.e. are “on-track”). The OQ-45 is a successful tool for 

feedback and has the largest evidence-base of any feedback measure. In youth 

psychotherapy, feedback research is in its infancy and there exist more barriers to its 

implementation. Yet, preliminary evidence suggests that feedback to psychotherapists 

may also be able to enhance outcomes for youth. The Y-OQ is a reliable, well-validated 

ROM measure which is sensitive to change on a session-by-session basis, with pre-

calculated RCSI and ETR curves, and software for immediate feedback to 

psychotherapists. However, the effect of feedback with the Y-OQ on youth outcomes is 

yet to be determined. The next chapter outlines further challenges faced by the current 

feedback procedures that have been presented in this chapter and discusses how these 

challenges may influence the effectiveness of feedback. 
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CHAPTER THREE 

Where Are We Going? Shifting the Research Agenda to Individualised 

Trajectories of Change to Improve Feedback Methods 

Current feedback procedures involve routinely monitoring clients’ symptoms on 

a session-by-session basis and feeding these results back to psychotherapists, along with 

a comparison between the client’s actual and expected progress. This expected 

treatment response can be depicted as a negatively accelerating curve, where 

improvement is assumed to occur rapidly early in treatment but slows later in treatment, 

with each passing session providing less benefit. This is based on findings from the 

dose-response and phase models of psychotherapy. If a client’s actual progress deviates 

substantially from their expected progress, the psychotherapist is alerted that the client 

is at risk of deterioration and that they should consider modifying their treatment 

approach to try to prevent this deterioration from occurring. The current chapter 

explores the challenges faced when using the current feedback procedures for 

describing and predicting client change trajectories and proposes an alternative strategy 

using individualised trajectories as a method to improve the utility of the feedback that 

is provided to psychotherapists and to increase the specificity of predictions. As 

feedback is more effective for clients who are considered “not on-track” and are at risk 

of deterioration, an opportunity exists to optimise feedback for clients who are 

considered “on-track”. The chapter begins by providing a critique of the expected 

treatment response (ETR) in feedback and examining the accuracy of five assumptions 

underlying the ETR. The chapter then presents a paradigm shift towards modelling 

change individually rather than on a group level. The chapter concludes by discussing 

how this paradigm shift might enhance feedback procedures and may lead to increased 

knowledge about the mechanisms of change.  
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Challenges in the Feedback Procedure: Is the ETR the Best Method? 

Strengths of the ETR. When feedback is implemented, a main challenge is its 

differential effectiveness: feedback is more effective for the minority of clients who are 

“not on-track”, where their actual progress deviates significantly from the ETR curve 

(Shimokawa et al., 2010). This suggests that one important mechanism of feedback 

might be detecting deterioration. Indeed, this was the original purpose of the ETR: to 

detect actual or imminent deterioration and then prevent a client leaving psychotherapy 

having deteriorated (Lambert et al., 2002). This is a necessary and important goal in 

psychotherapy. Borrowed from the Hippocratic oath, a core ethical tenant of health 

professions is “do no harm”. Psychotherapy operates under this mandate with the 

principals of non-maleficence and beneficence included in most ethics codes (e.g. 

American Counseling Association, 2014; American Psychological Association, 2017; 

Australian Psychological Society, 2007; British Psychological Society, 2018). As such, 

it is a requirement for psychotherapists to try to prevent harm. Using the ETR for this 

purpose is an effective method of doing so. The ETR for the OQ-45, for example, 

detects deterioration with excellent sensitivity and good specificity (Lambert et al., 

2002). In the original calculations it correctly predicted a negative outcome for 100% of 

the clients who had deteriorated upon leaving psychotherapy. 

Limitations of the ETR. However, the name “expected treatment response” 

suggests more than just a method for detecting deterioration. It implies that it describes 

the pattern, or trajectory, of symptom change for the majority of clients. Interestingly, in 

one of the original proposals for calculating the ETR, the authors noted “the treatment 

course of an individual patient will rarely match the group as a whole” (Lambert et al., 

2001, p. 164), but then in the following sentence, they describe the possibility of 

identifying “typical or expected trajectories of change”. Humans are known for their 
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unpredictability; one would not expect all clients, or even most, to follow the ETR 

precisely with zero variability. In this way, of course the treatment course of an 

individual will not match this group-level ETR trajectory. The more pertinent question 

then becomes, if most clients’ trajectories do not align exactly to the ETR, is the ETR at 

least generally representative of change for most on-track clients? Do (on-track) clients 

tend to experience larger gains early in treatment, which slowly decrease in magnitude 

with each passing session, with little variability in this pattern? Do clients experience 

change at a similar rate to others who commenced psychotherapy at a similar level of 

symptom severity?  

To answer these questions, we examine the accuracy of the five main 

assumptions of the ETR: (a) that group-based estimates are (to a reasonable extent) 

accurate for an individual and that all clients change in (roughly) the same way, 

following the same trajectory; (b) that this trajectory is negatively accelerating; (c) that 

variability around this general trajectory is unimportant unless it is extreme (which 

signals deterioration); (d) that symptom severity (intercept) is the only variable that 

predicts the rate of change (gradient) of that trajectory; and (e) that the ETR is the best 

representation of this general trajectory so far. If these assumptions are not correct, the 

ETR is not an expected response to treatment and thus that the ETR may not be the best 

trajectory to compare a client’s progress to. If there was a trajectory or trajectories 

available for comparison that were more closely aligned with client’s actual trajectories, 

feedback may be able to be improved for clients whose trajectories fall within the wide 

limits of the ETR.  

It is worth noting that the majority of information presented below originates in 

the adult literature. This is due to a paucity of evidence in the youth psychotherapy 

literature which makes it difficult to examine the accuracy of the assumptions. For 
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example, the earliest studies into trajectories of change began to appear in the mid- to 

late-2000s for youth (e.g. sudden gains in youth psychotherapy in Cromley & Lavigne, 

2008; sudden gains in adolescent treatment of depression in Gaynor et al., 2003; 

trajectories in substance use treatment for adolescents in Godley, Passetti, Funk, Garner, 

& Godley, 2008; anxiety trajectories in CBT and/or medication treatment in Walkup et 

al., 2008), which was approximately 15 years later than in the adult psychotherapy 

literature, which began investigations as early as the 1990’s (e.g. the Phase Model in 

Howard et al., 1993). However, the ETR derived for youth still rests on the same five 

assumptions presented below. 

Assumption one: All clients change in the same way. The first assumption of 

the ETR rests on two related assumptions: that group-level estimates of trajectories can 

be used for comparison with individual-level data, and that clients’ trajectories are 

similar enough to be grouped meaningfully to create this group-level estimate. The first 

part of this assumption is addressed by the ecological fallacy (Piantadosi et al., 1988). 

The ecological fallacy describes how serious potential errors can be drawn when 

conclusions from group-level data are assumed to apply to individuals within that group 

(Piantadosi et al., 1988). If there is considerable variation, mixed effects or confounding 

variables within the group, a group-based estimate is unlikely to accurately represent the 

individuals within the group (Piantadosi et al., 1988). Averaging across a group 

produces statistics, which while true mathematically, may not be accurate for the 

individuals within the group, meaning that the statistic may not be meaningful or 

helpful practically.  

To apply this to trajectories, if there is considerable heterogeneity in the 

trajectories contributing to the group-level trajectory, the group-level trajectory is 

unlikely to represent any individual client. For example, averaging across a group in 
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which 50% of clients improved and had trajectories with a negative gradient but the 

remaining 50% of clients changed in equal amount but opposite direction (i.e. they 

deteriorated and had trajectories with a positive gradient), the average group trajectory 

would be flat, indicating no change. In this example, the average trajectory would not 

describe any client’s trajectory accurately and would guise the clinically meaningful 

differentiation between these two groups. The group-level trajectory would not be able 

to be used to explore the differences between clients who improved and who 

deteriorated. If a new client commenced treatment, their trajectory would be predicted 

to be one of no change based on the previous group-level finding; this prediction would 

likely not eventuate given that in this example, 50% of clients improve and 50% 

deteriorate. 

This challenge has been recognised for decades in the psychotherapy literature. 

In 1966, when describing the client uniformity myth, Kiesler acknowledged that 

“meaningful results will not occur if one continues to aggregate patients ignoring the 

meaningful variance of relevant patient characteristics” (p. 112). He outlined how 

clients are not always a homogenous group and present to treatment with a variety of 

characteristics which can influence their response to psychotherapy. Clinical knowledge 

and experience would attest to this: no two clients are the same and what worked for 

one might not work for another. 

There is considerable variation documented in client outcomes in response to a 

variety of client, psychotherapist or treatment factors: some clients improve, some 

experience no change, and some deteriorate. Often, in routine care, the majority of adult 

(N. B. Hansen et al., 2002) and youth (Nelson et al., 2013) clients may not even 

improve. To deteriorate, a client must have a positive gradient for the majority, if not 

all, of their trajectory; to improve, a client must have a negative gradient for the 
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majority, it not all, of their trajectory. Based on this information alone, it highlights that 

the negative gradient (i.e. improvement) of the ETR may not accurately represent the 

majority of clients’ experiences in routine care. The meaningful differences in 

trajectories that exist is probably best highlighted through brief reviews of the sudden 

gains/early treatment response and the growth mixture modelling literatures.  

Sudden gains and early response to psychotherapy. Investigations into sudden 

gains and clients’ early responses to treatment showcase that some individual 

trajectories do not fit with the aggregate or average model of change, and that by 

examining the group as a whole, these meaningful patterns can be missed (Tang & 

DeRubeis, 1999). Sudden gains are dramatic improvements in symptoms between two 

sessions which are much larger than the amount of change shown between other 

sessions (Tang & DeRubeis, 1999). In a meta-analysis of sudden gains, Aderka, 

Nickerson, Bøe, and Hofmann (2012) found that sudden gains are a frequently 

occurring phenomenon (occurring in 15% – 52% of each sample) and that compared to 

clients without sudden gains, clients with sudden gains had greater reductions in 

symptoms both at the end of treatment and at follow-up. Sudden gains are hypothesised 

to improve outcome by creating an upward spiral of positive change (Tang & DeRubeis, 

1999). For example, Wucherpfennig, Rubel, Hofmann, and Lutz (2017) found that for 

clients experiencing a sudden gain, in the session immediately following the gain they 

rated an improvement in working alliance and coping skills, which in turn led to a better 

outcome, whereas clients without sudden gains did not have this experience.  

Sudden gains also appear to occur frequently in youth psychotherapy (e.g. 33% 

in Dour, Chorpita, Lee, Weisz, & Research Network on Youth Mental, 2013; 46% in 

Durland, Wyszynski, & Chu, 2018; 39% in Gaynor et al., 2003). However, there is 

mixed support for the relationship between sudden gains and outcome, with some 
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studies finding no relationship (Durland et al., 2018) and some replicating the effect 

found in the adult literature with youth who experienced sudden gains having better 

outcomes (Dour et al., 2013; Gaynor et al., 2003). Interestingly, sudden regressions 

(sudden, large increase in distress/symptoms) in youth appear to be linked to more 

severe initial presentations and worse treatment outcomes (Durland et al., 2018). 

Early response is a related but distinct phenomenon whereby large gains are 

made early in psychotherapy, often before specific techniques are introduced (Haas, 

Hill, Lambert, & Morrell, 2002). In the first study of early response, Haas et al. (2002) 

found that clients who improved more than expected (based on the ETR) in the first 

three sessions had a better outcome both at termination of psychotherapy and up to two 

years later than clients who responded as expected. Subsequent early response studies 

have found that a larger amount of symptom change in the early stage of psychotherapy 

(often up to and including session 5) is predictive of a better outcome (e.g. Koffmann, 

2018a; Lutz et al., 2014; Rubel, Lutz, Kopta, et al., 2015; Stulz, Lutz, Leach, Lucock, & 

Barkham, 2007), even when controlling for pre-treatment characteristics and number of 

sessions attended (Lewis, Simons, & Kim, 2012). Interestingly, Thomas and Persons 

(2013) highlighted that sudden gains occur more frequently in trajectories that are 

steeper (i.e. where change is large and rapid) and found that when sudden gains are 

considered alongside early change, sudden gains do not explain any further variance in 

outcome than can be accounted for by early change (Thomas & Persons, 2013). An 

under-researched area is early negative response to treatment (Flood, Page, & Hooke, 

2018). However, taken together, the sudden gains and early response literature highlight 

the variability in trajectories that can occur during psychotherapy, and that these 

different trajectories can be clinically meaningful, perhaps representing different 

mechanisms of change for clients who experience them compared to those that do not 
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(Haas et al., 2002; Tang & DeRubeis, 1999; Wucherpfennig et al., 2017) and can lead to 

different short- and long-term outcomes from psychotherapy (Haas et al., 2002).   

Growth mixture modelling. Growth mixture modelling (GMM) is a relatively 

new technique which fits a growth curve to each individual and then clusters individuals 

with similar curves, which allows identification of latent (unknown) subgroups that 

have similar trajectories (Muthén, 2001; Nagin & Odgers, 2010). GMM works by 

finding the optimal solution for splitting the group. Unfortunately, the GMM literature 

is difficult to synthesize as there is significant heterogeneity in methodologies and in 

findings. For example, many GMM studies do not report the procedure for choosing 

their initial model shape (i.e. intercept-only, linear, quadratic, cubic etc.) or do not 

compare a full range of shapes (Koffmann, 2018b). We are aware of only one GMM 

study which fit (or even considered) a cubic model to their full data (Owen et al., 2015), 

and one further study which fit a cubic GMM model, but only to a sub-sample of clients 

who did not fit linear, linear with log-time or one-step (sudden gain) regression models 

(Vittengl, Clark, Thase, & Jarrett, 2013). In addition to varying in shapes considered, 

the extant GMM literature also varies widely in terms of number of sessions studied 

(e.g. early change vs. whole duration of treatment) and number of clients used; and 

some do not exclusively examine psychotherapy (e.g. combining clients treated with 

psychotherapy, medication or clinical management; Lutz, Stulz, & Köck, 2009; 

Wardenaar, Conradi, & de Jonge, 2014) making it difficult to compare findings. 

However, these difficulties aside, there are several findings worth highlighting. 

Firstly, and most importantly, we are only aware of one GMM study which found one 

group to be the best-fitting model (Koffmann, 2018b); generally, GMM studies tend to 

discover between three and five sub-groups who vary on their trajectories, highlighting 

the diversity that can exist in trajectories. Secondly, GMMs have shown that clients 
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starting with a similar level of symptom severity can experience vastly different rates 

and shapes of change, and that clients starting with different levels of symptom severity 

can experience similar rates or shapes of change (Flood et al., 2018; Lutz et al., 2014; 

Melchior et al., 2016; Nordberg, Castonguay, Fisher, Boswell, & Kraus, 2014; Owen et 

al., 2015). Thirdly, GMMs have highlighted that different trajectories are differentially 

related to number of sessions attended and to drop-out rates (Lutz et al., 2014; Melchior 

et al., 2016; Owen et al., 2015; Stulz et al., 2007); and to both immediate outcome at the 

termination of psychotherapy (Flood et al., 2018; Lutz et al., 2014; Lutz et al., 2009; 

Melchior et al., 2016; Stulz & Lutz, 2007; Stulz et al., 2007) and to distal outcomes at 

follow-up (Lutz et al., 2009; Melchior et al., 2016; Vittengl, Clark, Thase, & Jarrett, 

2016). Fourthly, trajectory sub-group membership can be predicted by numerous and 

varied intake variables: for example, social functioning impairment and separation 

anxiety (Lutz et al., 2014); various other symptoms not assessed by the measure used 

for the trajectories (e.g. sleep, suicidal ideation; Nordberg et al., 2014); education level 

and amount of pre-treatment sick leave (Melchior et al., 2016); and gender (Smits, 

Stinckens, Luyckx, & Claes, 2016). In addition, some variables may have differential 

effects in different trajectories. For example, Stulz et al. (2007) found that in the early 

stage of psychotherapy older clients had better outcomes in one trajectory 

(“continuous”), but in another trajectory (“low impairment”), the reverse was true: older 

clients had worse outcomes. Thus, one could not conclude that older clients tend to have 

better outcomes – the truth of this statement depends on the client’s trajectory group 

membership. 

There are only three studies (consisting of four trials) that use the GMM 

procedure in youth mental health treatment (substance abuse treatment for adolescents 

in the community [trial 1] or in juvenile detention [trial 2] in Henderson, Dakof, 
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Greenbaum, & Liddle, 2010; youth in acute stay inpatient treatment in Leon, Miller, 

Stoner, Fuller, & Rolnik, 2016; internet-delivered CBT for adolescents with chronic 

pain in Palermo et al., 2015). Collectively, these three studies also confirm the existence 

of sub-groups of youth clients with varying treatment response; that certain subgroups 

may benefit more from one treatment than another, but other subgroups may benefit 

equally from either treatment; that although clients may not differ on pre-treatment 

characteristics, they may differ in their response to treatment; and that differential 

outcomes may be preceded by specific responses to treatment. 

In sum, there is considerable evidence that substantial variability exists in client 

trajectories and that this variability is clinically meaningful. Thus, it seems that client 

trajectories may not be similar enough to form one homogenous group. Any group-level 

averages are likely to disguise this variability and may not adequately describe any 

individual group member. Therefore, comparing an individual with a group is unlikely 

to inform or predict their response to future psychotherapy sessions. 

Assumption two: Change is negatively accelerating. In assessing the second 

assumption of the ETR — that trajectories are negatively accelerating — it is important 

to recall that the ETR was based on findings from the dose-response (Howard et al., 

1986) and phase models (Howard et al., 1993). The dose-response model has 

contributed significantly to the policy discussion around treatment limits and has been 

important evidence when advocating for increased sessions of psychotherapy (e.g. 

Harnett et al., 2010). The proposal of the phase model was innovative and has since 

sparked multiple testable hypotheses to better understand how and why change occurs 

in psychotherapy. This is important to recall the origins of the assumed negatively 

accelerating curve because neither model accurately modelled longitudinal symptom 

change (i.e. a trajectory). 
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The dose-response model examined the percentage of clients at each session 

who had achieved reliable or clinically significant improvement and found that there 

was a negatively accelerating likelihood of improvement with more sessions. However, 

the dose-response model does not and was not intended to make predictions about 

individual rates or trajectories of change. For example, if by eight sessions of 

psychotherapy 40% of clients have reliably improved, this does not mean that the 

average client has experienced a 40% reduction in their symptoms by their eighth 

session: likelihood of change for the group does not translate to amount of change for an 

individual. This is the ecological fallacy. In fact, the findings from the dose-response 

model actually suggest different rates of improvement: some people improve quickly, 

and some take longer. 

While the dose-response model calculated the percentage of clients who had 

improved over time (a dichotomous outcome), the phase model calculated the amount 

of improvement in the group mean level of symptoms cross-sectionally over time (a 

continuous outcome). The phase model found a negatively accelerating amount of mean 

symptom change in the group over time. While this at least considers amount of change, 

unlike the dose-response model, it models the mean of the group. For a cross-sectional 

approach to be valid longitudinally, not only would an individual’s position in the 

distribution of scores at each session have to remain constant across time (i.e., if they 

start at the 40th percentile, they would have to remain at the 40th percentile), but the 

distribution mean would also have to remain unaffected by the people who had dropped 

out of psychotherapy — that those who have dropped out are no different than those 

who have remained (i.e., equal drop-out at all points of the distribution). In the original 

phase model study (Howard et al., 1993), there was a very high attrition rate: less than 

half of the sample remained at session 2 and less than twenty percent remained by 
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session 17. The effect that attrition can have on longitudinal trajectories is described 

well by Barkham et al. (2006) who first proposed the good-enough level model, 

described below.  

 However, despite these statistical misconceptions, the conclusions drawn from 

these models became widely accepted as psychological lore: that individual clients 

should achieve rapid change early in treatment and progressively less and less change in 

later sessions. Often models other than the negatively accelerating curve produced by 

the log-transformation are not even considered (e.g. Hooke, Sng, Cunningham, & Page, 

2017; Lambert et al., 2002; Leon et al., 1999; Lueger et al., 2001). This being said, 

when linear models have been also been considered, they have provided a poorer fit to 

the aggregate data than the log-linear model (Lutz et al., 2005). In addition, a few GMM 

studies have found the log-linear model to be the best fit, such as Lutz et al. (2009) who 

compared intercept-only, linear and log-linear models; Lutz et al. (2014) who compared 

linear, log-linear and quadratic models; Rubel, Lutz, Kopta, et al. (2015) who compared 

intercept-only, linear and log-linear models; and Stulz et al. (2007) who compared 

linear and log-linear.  

The main theory that has thus far challenged the assumptions of the negatively 

accelerating curve is the good-enough level model (GEL model; Barkham et al., 2006). 

The GEL model posits that if linear rates of change are averaged, with successively 

fewer clients represented at each passing session (due to drop-out as clients reach their 

“good-enough” level of functioning), a negatively accelerating curve can be produced. 

Barkham et al. (2006) found that the percentage of clients showing improvement stayed 

constant or declined as a function of the number of sessions attended. That is, that 

clients who attend four sessions and then terminate are as likely, or more likely, to 

improve as clients who attend eight sessions. This directly contradicts the proposals of 
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the dose-response model that rate of change does not vary as a function of total number 

of sessions and that the likelihood of achieving improvement is positively correlated 

with number of sessions attended (Baldwin, Berkeljon, Atkins, Olsen, & Nielsen, 

2009).  

When the differing propositions of the dose-response and GEL models were 

directly compared with multilevel growth curve models of clients’ scores, there was 

most support for the GEL model (Baldwin et al., 2009): rate of change was related to 

number of sessions attended and after session eight, there was no increased likelihood 

of achieving improvement with more sessions, although there was a small increase in 

likelihood of recovery with more sessions prior to session eight (which is more 

consistent with the dose-response model’s propositions). Baldwin et al. (2009) 

illustrated that an aggregate model can be misleading and not accurately represent the 

differential patterns of change occurring. Interestingly, Baldwin et al. (2009) found that 

their growth curves fit a cubic model better than a log-linear model and that clients with 

higher initial symptom severity tended to attend more sessions.  

In summary, although the reason for modelling group-level change as a 

negatively-accelerating curve has been somewhat misguided by history, there does 

appear to be some support for this pattern of change on the group-level. However, when 

other factors (e.g. number of sessions attended) are incorporated, this group-level 

estimate has much weaker support. Thus, this assumption may be accurate for the 

group; but it may not be accurate when the larger group is either somewhat 

disaggregated (e.g. by total number of sessions attended, shown with the GEL model), 

or fully disaggregated (i.e., due to individual differences within the group).  

Assumption three: Variability around the ETR is unimportant unless it is 

extreme. As discussed previously, clients whose scores deviate significantly from the 
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ETR are flagged as “not on-track” and at risk of deterioration. However, the majority of 

clients’ scores remain within the wide bands of the ETR. In a recent meta-analysis, 69% 

of clients remained on-track throughout treatment and never received an alert (range = 

11% to 56% of clients who were not on-track across studies; Lambert et al., 2018). For 

these clients who are on-track, their variability is assumed to be unimportant — as long 

as they do not deviate too far from the ETR, their progress is considered to be on-track. 

It is therefore worth determining whether variability in distress and/or functioning is 

clinically important if the client remains within the bounds of the ETR. 

The sudden gains literature discussed earlier provides one example of clinically 

(and statistically) meaningful variability. Clients with sudden gains (large 

improvements between sessions) tend to have greater reductions in their symptoms both 

at the end of treatment and at follow-up (Aderka et al., 2012; Gaynor et al., 2003). 

Clients with sudden gains may stay “on-track” but have quantitatively different 

outcomes from treatment than clients who stay on-track but show more gradual 

changes.  

In addition, using GMM, Stulz et al. (2007) identified a group of clients defined 

by their frequent improvement and deterioration shifts in the first six sessions of 

individual psychotherapy, which they termed the discontinuous group. The 

discontinuous group was highly similar to another group (the continuous group) on their 

average gradients and intercepts but differed significantly in their variability, with the 

discontinuous group having far more variability. An interesting pattern of results 

emerged when these two groups were compared. The continuous group improved 

slightly more in the first six sessions, but by the end of treatment, the two groups had 

the same average effect size. However, the discontinuous group had more clients who 

were classified as improved at the end of treatment (44% vs. 19%), but also had more 
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clients who were classified as deteriorated at the end of treatment (13% vs. 0%). The 

authors highlight that while this heightened variability is not necessarily indicative of a 

poor treatment outcome, they queried whether the discontinuous group would be less 

likely to maintain these gains: if symptoms are highly variable in treatment, are they 

likely to be variable after treatment too? 

A recent study conducted by Vittengl et al. (2016) provides some support for 

Stulz et al.’s (2007) conjecture. Clients with major depressive disorder who were 

classified as responders to cognitive therapy but who experienced significant variability 

in their distress during treatment had significantly poorer longer-term outcomes than 

clients who responded but had defined trajectories of symptom change with little 

variability (Vittengl et al., 2016). These clients with variable symptoms during 

treatment had significantly more depressive symptomatology, more depressive 

cognitive content, poorer social functioning and were more likely to experience 

subsequent major depressive episodes for up to 32 months after treatment (the duration 

of the follow-up period).  

Variability in treatment might highlight factors such as poor distress tolerance or 

emotional lability, which would be an important factor to address in treatment, and if 

unaddressed, may lead to a quicker relapse. In addition, heightened emotional 

variability is a core diagnostic criteria of several disorders, such as borderline 

personality disorder, histrionic personality disorder, and bipolar disorders (American 

Psychiatric Association, 2013). Thus, variability can be seen as an important component 

of treatment response and recognising variability can provide clinically meaningful 

information, even for those clients who are potentially on-track throughout treatment.  

Assumption four: Symptom severity is the only variable that affects rate of 

change. Current feedback procedures select an appropriate ETR curve for a client based 
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on pre-calculated ETRs for past clients with similar initial symptom severity scores. For 

example, there are 50 ETRs calculated for the OQ-45 based on groups of clients with 

similar initial symptom severity scores (Lambert et al., 2002). This is so that clients are 

compared only to similar clients, rather than to all clients. This allows the intercept of 

the curve (initial symptom severity) to vary, but also allows for different gradients (rate 

of change) for clients with different initial symptom severity scores. While symptom 

severity has been firmly established as a factor that can significantly influence treatment 

outcome (American Psychological Association, 2012), other client (Bohart & Greaves 

Wade, 2013), therapist (Baldwin & Imel, 2013) and therapy-related (Crits-Christoph, 

Connolly Gibbons, & Mukherjee, 2013) factors may influence a client’s response to 

treatment. One difficulty here is that much psychotherapy research focuses solely on 

outcomes and not on the trajectory, or pattern, of symptom change over time. However, 

a few salient factors will now be discussed to highlight that symptom severity is not be 

the only variable that affects treatment response.  

GMM studies (e.g. Lutz et al., 2014; Melchior et al., 2016; Nordberg et al., 

2014; Owen et al., 2015) have repeatedly shown that some sub-groups may differ on 

their gradient or shape while not differing on their intercept (initial symptom severity). 

For example, Lutz et al. (2014) found four subgroups of early (up to session 5) 

treatment response to CBT in clients with panic disorder. Two of these sub-groups had 

similarly high initial panic symptoms but showed very different responses to treatment. 

One group had no change in symptoms in the first five sessions and the other 

experienced a rapid improvement. Interestingly, while clients in the no-change group 

showed more improvement during the remainder of treatment than the early change 

group, clients in the early change group evidenced a better outcome overall from 

psychotherapy and were significantly less likely to prematurely terminate (drop-out) 
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from treatment. Thus, even clients with similar initial symptom severity can experience 

very different outcomes.  

The good-enough level model (GEL model; Barkham et al., 2006) is one 

example of how rate of improvement differs with number of sessions a client attends. 

For example, Baldwin et al. (2009) found rate of change was related to number of 

sessions attended, with clients attending fewer sessions having faster rates of change. 

Psychotherapists also appear to affect rate of change, with clients of more effective 

psychotherapists improving faster (Banham & Schweitzer, 2016; Lutz, Leon, 

Martinovich, Lyons, & Stiles, 2007; Okiishi et al., 2006). For example, Okiishi et al. 

(2006) found significant variability in the rate of clients’ symptom change between 

psychotherapists, which had a significant effect on client outcome: on average, the 

clients of the most effective psychotherapist improved by 14.93 points on the OQ-45 

over 11 treatment sessions, but the clients of the least effective psychotherapist only 

improved by 2.66 points over 12 sessions. Although there were no significant 

differences in clients’ initial symptom severities, clients seeing one of the most-

effective psychotherapists (N = 7; top 10% of the psychotherapist sample when ranked 

by client outcome) on average improved by 1.59 points per session and experienced 

13.46 points of total improvement in 7.91 sessions. In contrast, clients seeing one of the 

least-effective psychotherapists on average improved by 0.48 points per session and 

experienced 5.33 points of total improvement in 10.59 sessions. 

 Assumption five: The ETR is the best representation of change so far. As 

symptom severity may not be the only variable that predicts treatment response, other 

researchers have incorporated variables such as previous treatment, chronicity of 

presenting problem, treatment expectations and global functioning to more accurately 

predict treatment response (Lutz et al., 1999). For example, Lutz et al. (2005) compared 
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the accuracy of the ETR with the nearest neighbour (NN) technique, which is used in 

avalanche predictions. The NN technique matches a client with previous clients who are 

similar at intake (the client’s “nearest neighbours”) and uses the trajectories of these 

nearest neighbours to predict the specified client’s trajectory. The authors found that the 

NN technique increased the accuracy of predictions compared to the ETR: correlations 

between clients’ expected and actual progress trends were over .70 for the NN 

technique (ranger = .70 – .75 depending on number on nearest neighbours used and 

whether the model was linear or log-linear) and were only .34 for the ETR method (r = 

.34 for both linear and log-linear ETR models). Surprisingly, there was no significant 

correlations between actual and predicted variability. In secondary analyses, Lutz et al. 

(2005) found the NN technique could be improved further with the incorporation of 

early trajectory information (change and variability) as additional predictors: 

correlations between actual and expected predictions of change from the NN technique 

improved to above .83 (ranger = .83 – .87; r = .56 and .48 for linear and log-linear ETR 

models, respectively). Thus, incorporating more information about the client and their 

early response to psychotherapy can improve predictions of general trends. 

A related issue, and one pertinent to this thesis, is whether feedback can be 

improved. One method to improve feedback is by seeking further information about 

why a client might be deteriorating. Clinical support tools (Whipple et al., 2003) assist 

psychotherapist decision-making for not on-track clients through guided decision trees. 

The OQ family of measures contains a clinical support tool for use with adults, the 

Assessment for Signal Clients (OQ-ASC; Lambert et al., 2007), which assesses 

potential issues in treatment such as the therapeutic alliance, client motivation, client 

social support and client life events; the psychotherapist then uses these results with a 

guided decision tree to determine potential reasons for deterioration. No such measures 
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for youth have yet been developed for the Y-OQ. For adults, clinical support tools as a 

supplement to feedback for not on-track clients has been shown to further boost 

effectiveness (Lambert et al., 2018). For example, a recent meta-analysis found that the 

effectiveness size for feedback for not on-track clients was .33 (a small effect), but .49 

(a medium effect) for clinical support tools in addition to feedback for not on-track 

clients.  

Alternatively, feedback could be improved using statistical, data-driven 

methods. For example, Delgadillo, Moreea, and Lutz (2016) developed a risk-weighting 

scheme whereby various factors (e.g. age, unemployment, disability etc.) that are 

associated with poorer outcomes in psychotherapy are used to calculate a client’s risk of 

poor outcome in treatment. Clients with a higher risk were less likely to achieve reliable 

and clinically significant improvement and were less likely to complete treatment than 

those with moderate and low risk. Risk weighting was still a significant predictor of 

outcome (explaining 9% of the variance) even after initial severity, early response to 

treatment, and treatment length were controlled. The authors proposed this method 

could supplement clinical decision making by highlighting which clients might be at 

increased risk of negative outcomes from psychotherapy. Further, although not strictly 

related to feedback, DeRubeis et al. (2014) highlighted how client outcome data can be 

used to predict clients’ responses to different types of treatments through a personalised 

advantage index. They found that while certain variables predicted better outcomes 

regardless of type of treatment provided (in their example, psychotherapy vs. 

medication), some variables provided a differential advantage in one treatment over the 

other. By utilising this information, they were able to predict which clients would 

respond best to each treatment. Using this method, on average a client would be 4.2 

points more improved on the Hamilton Rating Scale for Depression (a 3-point change is 
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considered reliable; Hamilton, 1960) if they received their optimal treatment rather than 

their non-optimal treatment.  

These findings collectively highlight that the ETR can be improved by 

considering additional variables and incorporating information about the client’s early 

trajectory into predictions, and that feedback could potentially be enhanced through 

further consideration of individual client factors. Thus, group level approaches which 

minimise the contribution of individual client variation may not be providing optimal 

client predictions.  

 Summary: Is the ETR the best method of modelling symptom change in 

psychotherapy and of providing feedback? In short, no: there appears to be multiple 

ways in which change can be more accurately modelled than using the ETR, and 

additional ways for feedback to be optimised. The ETR is an excellent method for 

detecting when a client is deteriorating which has not yet been improved upon in the 

literature due to the ETR’s excellent specificity for this purpose. When psychotherapists 

are alerted to this potential deterioration, they seem to be able to utilise this information 

to alter the course of treatment and prevent subsequent deterioration. In this way, the 

conception of the ETR and its use in feedback systems has positively impacted 

potentially thousands of clients’ experiences in psychotherapy and allowed them to 

receive treatment that could be responsively tailored to them. It can be best 

conceptualised therefore as a quality management system (Castonguay et al., 2013). 

 However, some of the assumptions that the ETR rests on have limited support: 

group-based estimates appear to apply poorly to the individuals within the group as 

there is substantial variability and heterogeneity in the trajectories that make up that 

group estimate; this variability and heterogeneity is statistically and clinically 

meaningful even for clients who are on-track; there exists numerous factors other than 
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initial symptom severity which may impact a client’s treatment response; and there 

appears to be alternative ways to model change that may align better with clients’ actual 

patterns of change in psychotherapy. This being said, there is some support for the 

assumption that change may be negatively accelerating on a group-level and that 

symptom severity can influence treatment response. 

Given the advancements in statistics afforded by modern computing and 

advancements in our understanding of psychotherapeutic change, there exists an 

opportunity to refine and potentially improve the feedback that is provided to 

psychotherapists by considering an alternative to the ETR that is more representative of 

treatment response. This thesis thus proposes and demonstrates one way through which 

the ETR could be refined: through the consideration of individualised trajectories of 

change. 

A New Direction: Individualised Trajectories of Symptom Change 

A core aspect of feedback is the presentation of the client’s symptoms at each 

session in an easy-to-read graph. Interestingly, one recent randomised controlled trial of 

feedback using the OQ-45 across six sites in Norway found that feedback was equally 

effective for both “on-track” and “not on-track” clients (there was still a significant 

feedback effect, but it was not moderated by whether a client was on-track or not; 

Amble, Gude, Ulvenes, Stubdal, & Wampold, 2016). This study found that the alert that 

a client was not on-track was not the active component of feedback: after an alert was 

generated that a client was not on-track, clients’ subsequent rate of change was not 

significantly different for clients whose psychotherapists were alerted to them being not 

on-track (feedback) and clients whose psychotherapists were unaware of their client’s 

progress and this alert (no feedback). Psychotherapists who received feedback in this 

trial instead reported finding the visual, graphical representation of client progress to be 
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the most helpful aspect of feedback (Amble et al., 2016). This sentiment was echoed in 

a systematic review of healthcare professionals using ROM and feedback data in 

practice (Boyce et al., 2014): healthcare professionals reported finding the graphical 

presentation of results helpful but desired more sophisticated feedback to increase 

interpretability and usefulness of the data. This highlights the potential value in the 

provision of individualised graph of client progress, but that graphs may need to be 

refined for maximum useability.   

The graphical presentation of a client’s scores over time offers the opportunity 

for in-depth patient-focused research through the generation and testing of hypotheses 

for the specified client. The goal of patient-focused research is to improve treatment 

through the incorporation of research techniques into treatment (Lutz, De Jong, & 

Rubel, 2015). Research in general uses data to test hypotheses, draw conclusions and 

then make predictions. Patient-focused research is when a psychotherapist applies these 

procedures to the data from an individual client to test hypotheses that are idiosyncratic 

to that client. By using routinely collected outcome data, psychotherapists can in-effect 

conduct informal single case-study designs. By examining how a client has responded 

to certain treatment elements or extra-therapeutic events, psychotherapists might predict 

what will happen next for a client and why this might occur. Through the identification 

of turning points in a trajectory, a psychotherapist may be able to pinpoint a shift in 

client motivation, a change of treatment plan, or increased insight (an “aha moment”). 

From this, the psychotherapist might generate ideas about future treatment and whether 

that will be effective for the client.  

While psychotherapists likely use the ROM and feedback data for this purpose 

informally, natural client variability may make it difficult to visually detect general 

trends in the data and then to predict where the trend will go, particularly with 
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curvilinear (e.g. quadratic or cubic) trends. Psychotherapists’ difficulty in predicting 

treatment outcomes are well-documented: psychotherapists tend to overestimate how 

many of their clients improve (Lambert, 2017; Walfish et al., 2012), struggle to predict 

how long their clients will remain in psychotherapy (Connor & Callahan, 2015) and 

struggle to recognise when a client is deteriorating (Hannan et al., 2005; Hatfield et al., 

2010). If the use of empirical data has ameliorated psychotherapists’ difficulty detecting 

deterioration through feedback alerts, statistical modelling on empirical data may also 

be able to enhance psychotherapists’ ability to understand and predict future change for 

their clients. Feedback systems must be able to add something that the psychotherapist 

does not already know (Lambert, 2018). The existing elements of feedback (e.g. 

deterioration alerts, calculation of reliable and clinically significant change, presentation 

of client’s scores at each session) are still invaluable — particularly the detection of 

deterioration. However, a complementary feedback procedure to overcome some of the 

difficulties associated with using the ETR to predict change could be fitting 

individualised trends to each client’s session-by-session data.  

If trends were fitted to each client’s trajectory, the trajectory is likely to be more 

easily understood and turning points more easily identified as it smooths natural 

variability. Fitting individualised trends allows for rate of change (gradient), shape of 

change (how many turning points occur), location (i.e. session number) of turning 

points and variability to vary by individual client, in addition to initial symptom severity 

(intercept). By fitting trends to each individual’s data, predictions can be made about the 

future direction and magnitude of change. In this way, clients’ actual progress can still 

be compared to their expected progress, but this expected progress is based on the 

client’s own response to treatment thus far rather than on group-level data which may 

not be accurate for the individual client. Rather than the simple designation of “on-



 56 

track” or “not on-track”, psychotherapists can consider their client’s progress in a more 

nuanced way. For example, it allows a psychotherapist to consider whether the client is 

currently on an upward (deteriorating) or downward (improving) trend; whether the 

client’s progress is slowing or quickening; or whether a client has reached a turning 

point, indicating a change in their progress (be it positive or negative). It can also be 

used to predict how much change is likely if the client remains true to their current 

trajectory, and how many more sessions are likely for the client to achieve their desired 

outcome. It allows for psychotherapists to generate and test more complex hypotheses 

about the mechanisms of change for their client.  

Additional benefits of individualised trajectories of symptom change. In 

their investigation of sudden gains, Tang and DeRubeis (1999) hypothesised that if 

individualised trajectories are considered, groups of clients with similar trajectories can 

be identified, and that this can lead to increased understanding about the mechanisms of 

change in psychotherapy. This led them to uncover the phenomenon of sudden gains 

which in turn generated testable hypotheses about the mechanisms of change that 

operate in psychotherapy. Unfortunately, although the literature has provided a 

substantial amount of evidence that psychotherapy does work, much less is known 

about how and why it works in both adult and youth psychotherapy (Emmelkamp et al., 

2014; Lambert, 2011; Miller, Hubble, Chow, & Seidel, 2013; Wampold, Hollon, & Hill, 

2011; Weisz & Kazdin, 2010; Weisz et al., 2019). Trajectories offer one way to 

examine these mechanisms of change. Knowing how and when change occurs in 

treatment, or when change does not occur when it is expected to, increases our 

understanding of psychotherapy processes (Castonguay et al., 2013). While client’s 

individualised trajectories can shed light on the unique factors that cause change for that 

client, aggregating across clients with similar trajectories can highlight mechanisms of 
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change that may be shared by all members of that aggregated group, which enhances 

our understanding of psychotherapy more generally. When mechanisms of change are 

understood, treatments can be refined and streamlined; teaching of new 

psychotherapists can be more impactful; and client deterioration could potentially be 

reversed (Weisz & Kazdin, 2010). 

In addition, by understanding more about the nature of change, both client and 

psychotherapist expectations can be more aligned with the realities of treatment. 

Clients’ expectations about the process and outcome of psychotherapy are common 

factors that influence psychotherapy (Constantino, Arnkoff, Glass, Ametrano, & Smith, 

2011; Constantino, Visla, Coyne, & Boswell, 2018). In one study in a training clinic, as 

much as 11–14% of the variance in adult clients’ drop-out rates could be explained by 

their pre-treatment expectations (Callahan, Aubuchon-Endsley, Borja, & Swift, 2009). 

If expectations are unrealistic and mis-matched with reality, clients may discontinue 

psychotherapy prematurely (Swift & Callahan, 2008). For example, clients may drop-

out of psychotherapy if they expect quicker recovery than psychotherapy may provide, 

concluding that treatment is not working, or if they experience a quicker reduction in 

symptoms than they expected, they may feel they have achieved the full benefit from 

psychotherapy (Swift & Callahan, 2008). Expectations of treatment duration have been 

shown to be quickly and easily amenable to change with even a few sentences of 

education (Swift & Callahan, 2008). Changing expectations of treatment duration in this 

way resulted in clients attending significantly more sessions and being more likely to be 

classified as completing treatment, rather than dropping out (Swift & Callahan, 2011). 

As such, it could be expected that clients’ expectations about likely processes of change 

more generally could be malleable at the start of treatment, and then again specifically 

later in treatment based on the predictions from the client’s own early trajectory.  
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Summary: Where Are We Going?  

Although the “what works for whom” movement was started in 1967 with 

Paul’s seminal question ‘‘What treatment, by whom, is most effective for this individual 

with that specific problem, and under which set of circumstances?’’ (p. 111), most of 

the answers to this question have been drawn from group-level moderator analyses 

(Norcross & Wampold, 2011b). However, perhaps more answers can be generated both 

in research and in clinical practice through focusing on “this individual”. This chapter 

critiqued the ETR as a means of describing the pattern of symptom change that occurs 

in psychotherapy as it seeks to apply group-level estimates to individuals within the 

group. Due to the substantial heterogeneity that appears to exist within and across client 

trajectories, these group-level estimates may not be representative of any client’s 

trajectory. By grouping all clients together and neglecting to acknowledge this 

heterogeneity, any meaningful variation in trajectories cannot be investigated, which 

hinders research into mechanisms of psychotherapeutic change.  

This chapter therefore presented an alternative paradigm: for each client, fitting 

individualised models of symptom change, and then using this individualised model to 

predict a client’s expected treatment response. The next chapter discusses the specifics 

of how statistical techniques from the Bayesian paradigm will be used to enact this 

proposal and model individualised trajectories of change in the second (adult 

psychotherapy) and third (youth psychotherapy) studies in this thesis. Finally, the 

current chapter concluded by discussing the potential implications for use of these 

individualised treatment responses for potentially enhancing feedback procedures, for 

allowing psychotherapists to conduct their own patient-focused research, for richer, 

more in-depth investigations into mechanisms of change and for enriching and aligning 

client and psychotherapist expectations. So, where are we going? Towards fully 
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embracing individualised treatment responses and the richness they can bring to both 

clinical practice and research. 
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CHAPTER FOUR 

How Are We Getting There? 

The Statistical Methods Required to Model Individualised Change 

The previous chapter discussed the possibility of an alternative paradigm: 

modelling individualised change trajectories and basing predictions for a client’s future 

change on their own past change. This stands in contrast to the existing group-based 

trajectory modelling that has occurred thus far in psychotherapy research, resulting in 

potentially erroneous conclusions about an individual’s trajectory based on a group-

average trajectory. The majority of the studies reviewed in the preceding chapters have 

examined their samples (or sub-groups of samples) with group-based methodologies; 

the exception being the calculation of reliable and clinically significant change which is 

necessarily calculated on an individual level first before being aggregated. A paradigm 

shift to individualised modelling necessitates different statistical methodologies that can 

adequately address the unique challenges involved in modelling change on an individual 

level. Thus, the current body of research adopted alternative statistical methodology that 

is appropriate for examining individualised trajectories of change.  

This dissertation utilised a Bayesian statistical approach for this purpose, which 

stands in contrast to the traditional Frequentist or p-value statistics mostly used in 

psychology (van de Schoot et al., 2014). The Bayesian paradigm has several 

advantages. In particular, a Bayesian approach is well suited to pioneering rather than 

confirmatory studies, where little is known about structure of relationships (here, little is 

known about individualised trajectories of symptom change). The traditional, 

Frequentist approach (discussed further below) typically relies on the optimisation of 

models, which hides the performance of other models considered, even those that are 

near-optimal. Spiegelhalter, Myles, Jones, and Abrams (1999) aptly comment that a 
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Bayesian approach “emphasises the practical advantages in handling complex 

interrelated problems and in making explicit and accountable what is usually implicit 

and hidden, thereby clarifying discussions and disagreements” (p. 512).  

Studies Two and Three aimed to utilise individualised modelling procedures to 

understand the trajectories of symptom change that occur for individuals, for both adult 

(Study Two, Chapter 6) and youth (Study Three, Chapter 7) clients. In addition, the two 

studies aimed to demonstrate how this individualised modelling could be used to 

provide enhanced feedback to psychotherapists. Both studies followed a similar data 

analysis plan, with Study Three replicating the methodology used in Study Two and 

extending it by applying it to a youth sample. The samples in both studies were split 

into two: a main sample (comprising over 80% of clients), and a hold-out sample. In the 

main sample, a range of trend models were fit and compared for each client using all of 

the client’s available data. The purpose of this was to generate normative information 

about how symptom change occurs during psychotherapy for individuals. The data from 

the main sample was then used to inform predictions in the hold-out sample, treating the 

hold-out sample as “external” to the main sample. The hold-out sample comprised the 

most recent clients to attend psychotherapy, which reflects how the information from 

past clients could practically be used to inform decisions for current or future clients. In 

the hold-out sample, individualised modelling was again applied to each client, but 

models were fit to each client’s data in 5-session blocks, and then projected forward to 

generate predictions for each client of their plausible symptom change at proceeding 

sessions. This stage of analysis demonstrates how the individualised modelling 

approach could be used in feedback procedures to provide psychotherapists with 

accurate information about a client’s trajectory thus far in treatment and to more 

accurately predict client’s symptom change in treatment.  
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Although Study One only focuses on comparing outcomes from psychotherapy, 

using two data points for each client (pre-/post-psychotherapy), rather than their entire 

trajectory, it too utilises Bayesian statistics to adequately address the research questions. 

The two aims of Study One were to determine whether feedback-informed 

psychotherapy delivered in a training clinic setting can be as effective as in non-training 

settings, and whether feedback using the Y-OQ also enhances psychotherapy outcomes. 

To achieve these aims, Study One employs a benchmarking design to compare the 

effectiveness of the feedback-informed psychotherapy that was provided in the current 

adult and youth samples to published benchmarks of treatment-as-usual and feedback-

informed psychotherapy.  

The Bayesian paradigm will now be described, with the reasons for selecting 

this approach discussed throughout. The chapter will conclude with an overview of the 

statistical methods employed in each three studies, providing elaborated details from the 

Method sections of each study.  

Bayesian Statistics: What is it and Why is it Being Used? 

The popularity of Bayesian statistical approaches has been growing in 

psychology over recent years: both in frequency and in proportion of published articles 

(van de Schoot, Winter, Ryan, Zondervan-Zwijnenburg, & Depaoli, 2017). In a 

systematic review of the use of Bayesian statistics in psychology alone, van de Schoot 

et al. (2017) found 1, 579 articles had been published between 1990 and 2015, with 

approximately 30% of these being empirical or meta-analytic studies (as opposed to 

simulation, tutorial, commentary or theoretical papers). The Bayesian paradigm is based 

on Thomas Bayes’ theorem, first published posthumously in 1763 (as cited in Low-

Choy, 2013), which describes inverse probability, whereby the probability of an event 

occurring can be described based on prior knowledge about the conditions relating to 
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the event occurrence and the plausibility of the event occurrence. Or in other words, 

how plausible are the range of possible outcomes, based on the information we have? 

This interpretation of probability stands in contrast to the type of probability that 

is used in current statistical paradigms that rely on p-values to interpret statistical 

significance to accept or reject a null-hypothesis based on an arbitrary cut-off 

(Editiorial, 2019). The classical interpretation of probability is as the frequency of an 

event when it is replicated a certain number of times: for example, if I run this 

experiment 100 times, how many times will I achieve result X? However, psychology is 

often more concerned with making probabilistic statements about theories and models 

(e.g. “this theory is more plausible than that one”), based on the data at hand, which are 

often not easily answerable within this Frequentist approach (Etz & Vandekerckhove, 

2018). Sometimes this type of Frequentist approach is also neither feasible nor logical 

(Western & Jackman, 1994). 

When we are interested in a singular event, such as the outcome of this client 

during the current course of psychotherapy, a Frequentist approach is not overly 

helpful: we are not going to require the client to complete many courses of 

psychotherapy to determine the probability they will achieve a certain outcome (e.g. 

clinically significant improvement). Indeed, even if we did ask this of clients, in the real 

world each course of psychotherapy is likely to impact the outcome of the next, because 

presumably, the client would learn from each course of treatment; the observations are 

not independent, like they are, for instance, with a toss of a coin. Therefore, the first 

reason that Bayesian statistics is used in the current body of research is to allow for the 

broader “epistemic” interpretation of probability, which can be used for single events 

and states how strong a belief is based on prior information (which may also include 

interpretation of probabilities via frequency of events), rather than solely on the 
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“aleatory” interpretation of probability, which relates exclusively to the frequency of 

event occurrence (Etz & Vandekerckhove, 2018). In the current body of research, this 

change of perspective enables us to understand the plausibility of individual models for 

each client.  

The second reason that Bayesian statistics were used in the current body of 

research relates to the use of priors. A prior probability distribution represents how 

plausible we think something is, based on the information that is already known about 

that phenomenon, or related factors, prior to data collection (Press, 2001). Prior beliefs 

are subjective but can be informed by both subjective inputs (such as theories and 

expert assessments) and “objective”, or empirical, information (such as previous 

research) which were obtained before the current data collection (Press, 2001; 

Spiegelhalter et al., 1999). A common criticism of the Bayesian approach is that using 

this prior information in essence “corrupts” the independence of the data, and that 

results could therefore be interpreted unfairly (Western & Jackman, 1994, p. 419). 

However, this argument rests on the assumption that it is indeed possible to conduct 

data analysis without any prior information influencing the results (Western & Jackman, 

1994). Etz and Vandekerckhove (2018) argue that even in Frequentist approaches, 

researchers have a prior belief in the plausibility of their hypothesis, or they would not 

even be considering conducting the experiment (p. 10). Expert knowledge can also be 

used in Frequentist approaches, for example, to select populations to study, models to 

be tested and/or the likely parameters of those models (Ferrier, Watson, Pearce, & 

Drielsma, 2002). However, the difference with a Bayesian approach is that this 

information is explicitly acknowledged in an attempt to be objective (Western & 

Jackman, 1994). Spiegelhalter et al. (1999) commented that through the use of priors, 
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Bayesian statistics make “explicit and accountable what is usually implicit and hidden” 

(p. 512).  

The first stage of analyses in both Studies Two and Three involved creating 

informative priors for the second stage of analyses by better understanding the shapes of 

change that are possible and likely to occur during psychotherapy. Currently, no studies 

have examined individualised shapes of change so there is little objective information 

available to inform priors. The information learnt from this initial modelling stage with 

the main sample was then used to create more informative priors for use in the second 

stage of analyses with the hold-out sample, in order to help inform predictions of 

change. Therefore, the first stage of analyses was conducted with non-informative priors 

where all model choices were equally plausible and model selection was based on each 

individual’s data alone (Lunn, Jackson, Best, Thomas, & Spiegelhalter, 2013). 

However, the range of initial model choices were in themselves subjective, based on the 

researchers’ beliefs and past research (Lunn et al., 2013). The seven selected models 

(discussed further below) were chosen for their flexibility and for ease of understanding, 

but many other complex, non-linear, shapes exist (Ratowsky, 1990).  

In Bayesian statistics this prior belief is updated with the new, observed data to 

produce a posterior probability distribution (Press, 2001). The posterior probability 

reflects how plausible you think the hypothesis/event occurrence/model etc. is after 

having observed the newly collected data and taking into account how plausible the data 

is compared to what you believed previously (Press, 2001). A Bayes factor (BF) 

quantifies how much you have learnt in the updating process (Etz & Vandekerckhove, 

2018) and is easily interpretable as an odds ratio, giving the plausibility of the model 

compared to the reference model, or vice versa (Rouder, Speckman, Sun, Morey, & 

Iverson, 2009). In turn, the posterior probability from one model can then become a 
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prior probability for further collected data, and in this way learning accumulates over 

time and scientific beliefs are updated to account for new information (Press, 2001).  

This explicit updating process is relevant for the second stage of modelling 

analyses in Studies Two and Three, but also for future research. In the second stage of 

analyses, the individualised models were fit and compared in five-session intervals. The 

models fit to each client’s first five sessions were then projected out to generate 

predictions for the client’s next five sessions. The models were updated every five 

sessions and new predictions generated, simulating the natural data collection process. 

As the models are updated over time, the posterior probability of the model becomes 

updated to account for the client’s accumulating data. In order for model selection to 

change over time, the observed data must be very surprising; in this way, evidence can 

be applied to defeat prior odds (Etz & Vandekerckhove, 2018, p. 11). In traditional 

Frequentist statistics, analyses ignore any previous information so they do not allow this 

form of updating to occur or for data to be considered surprising or unusual.  

In future research, priors can become more informative as they become updated 

with new information, such as with data from different sources (e.g. different clinic 

settings, different countries etc.), which in turn informs the data analysis in the next 

research study. Different priors could be selected for different types of clients, different 

clinics or different psychotherapists that are more informative to each population. This 

would require information about why clients have different outcomes and why they 

have different shapes and parameters of change. Potential modifiers of treatment 

response could be, for example, initial symptom severity, chronicity of the presenting 

problem, type of presenting problem, client insight, client motivation, whether the client 

is on psychotropic medication, the working alliance between the psychotherapist and 

client, the type of treatment, whether the client has received psychotherapy before, the 
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client’s level of social support outside psychotherapy or the client’s demographics. It 

may be possible with a larger sample to construct priors that are also informative of 

plausible model parameters, within each possible selected model, for each individual, as 

they affect predicted outcomes (deterioration or not), identifying turning points and 

assessing non-systematic variation. Thus, in larger samples, and when more is known 

about the determinants of treatment response, priors could be constructed for more 

aspects of clients’ responses to treatment, such as the rate, magnitude and direction of 

change, not just the number of turning points that are considered plausible for that client 

(model shape). In this way, the prior becomes more informative in that it provides more 

relevant information about plausibility on which to base beliefs about a client’s change 

before the client has commenced treatment. Therefore, the Bayesian use of priors allows 

for the current research to explicitly incorporate prior knowledge with information 

about the nature of change in general in psychotherapy and about a client’s past change 

specifically and allows the models to be updated over time (as new data accumulates 

throughout the course of treatment). 

The third reason for using Bayesian statistics in this dissertation is that 

predictions are more easily interpretable and logical (Koch, 2007). Predictions involve 

using a derived model to forecast expected data at times or points where data collection 

has not yet occurred (Koch, 2007). Often the best predictor of future change is past 

change. Therefore, predicting a client’s future change from their own past change is 

likely to be more informative to the psychotherapist and more accurate than from 

applying a group-average expected trajectory to an individual client, which invokes the 

ecological fallacy (Piantadosi et al., 1988). The ecological fallacy describes how relying 

on group-level data to understand the individuals within the group can be highly 

problematic if there is considerable variation, mixed effects or confounding variables 



 68 

within the group (Piantadosi et al., 1988); this would mean that group-averages are 

unlikely to be meaningful for the individuals comprising the group. 

Fourthly, Bayesian statistics provides much more flexibility for model selection. 

A key benefit is that it allows for any number of alternative hypotheses to be considered 

— all of which may have varying credibility (Etz & Vandekerckhove, 2018, p. 14). In 

contrast, null hypothesis significance testing in Frequentist statistics only examines 

whether a null hypothesis is observed to be true or false; from the frequency of these 

observations, the null hypothesis can be accepted or rejected. Although Frequentist 

statistical modelling considers a continuum of hypothesized values for model 

parameters, it then goes ahead and selects the hypothesized model which makes the data 

most likely. This actually presumes that the data are maximally representative of the 

population, and ignores any other models that make the data close to the most likely. In 

this way, null hypothesis significance testing is a choice problem between only two 

alternatives (Etz & Vandekerckhove, 2018).  

For the current body of research, multiple models need to be directly compared, 

concurrently. To do this from a Frequentist approach using standard information criteria 

(AIC or BIC) requires that the models are nested. In our case, six of the seven selected 

models are nested (since that is how polynomial regressions are constructed). However, 

the remaining model (linear with log-time, as per the expected treatment response 

curve) is not nested as it transforms the main explanatory variable (time), and hence 

alters the scale of the residual variation and unscaled error, so that it is misleading to 

rely solely on goodness-of-fit criteria. Even most Frequentist statistical modelling 

approaches, whilst they choose parameter values that maximize the likelihood of the 

data, they still fall back on the convenience of Wald statistics to undertake a null 

hypothesis test of whether the differences between the models are negligible 



 69 

(McCullagh & Nelder, 1989, pp. 391-418). In other words, they examine whether the fit 

of Model 2 is significantly better than the fit of Model 1, and then whether the fit of 

Model 3 is significantly better than the fit of Model 2. However, from a Bayesian 

approach, all models can be directly compared; within this clearly delineated model 

space, the posterior probabilities of the models sum to 100%. This also allows for 

uncertainty about the models to be explicitly captured as there is a varying plausibility 

of each model. In other words, a Frequentist approach with null hypothesis significance 

testing would only allow you to falsify a null hypothesis, such as it will not rain. 

Instead, the Bayesian approach would allow you to directly compare the chances of 

each rain, sun, cloud, snow etc and determine which is the most plausible. For the 

current body of research this allows us to directly compare the plausibility of each of the 

seven considered models for each client.  

The fifth and final reason for using Bayesian statistics relates to the use of 

credible intervals for the benchmarking design in Study One. Benchmarking is the 

process of discovering the best practices through comparing outcomes or outputs, and 

then seeking to improve practices if better practices are discovered in this process 

(Lueger & Barkham, 2010). Study One utilised this benchmarking design to determine 

whether the outcomes achieved by clients in the current samples were comparable to the 

outcomes of clients receiving best-practice feedback-informed psychotherapy as 

published in the literature (i.e. the feedback benchmark), or whether they are more 

comparable to clients receiving treatment-as-usual (i.e. the treatment-as-usual 

benchmark). Although benchmarking can be conducted with Frequentist statistics, the 

logic of Bayesian statistics makes the results more logical and interpretable, and it 

aligns better with the research question when trying to understand broader population 

parameters. Bayesian statistics uses credible intervals, which encapsulate the most 
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plausible values of population parameters, accounting for the data obtained. In contrast, 

confidence intervals at the basis of Frequentist statistics communicate how likely the 

confidence intervals from this study (versus any other, with similar data collection 

strategy and population) contains the population parameter, assuming there is one true 

value to uncovered. Each study’s randomly drawn sample may represent the data to a 

different degree and yet is as equally likely to be drawn as any other. Confidence 

intervals state that 95% of our repeatedly drawn samples’ confidence intervals contain 

the true population value; it is a “hit” rate, not a measure of plausibility of the parameter 

values contained within the confidence interval (Greenland et al., 2016; Morey, 

Hoekstra, Rouder, Lee, & Wagenmakers, 2016). The edges of the confidence interval 

are not less plausible than the values in the middle of the confidence interval, and as 

with p-values, the confidence interval would be different if there was a different testing 

intention or a different sampling intention (Kruschke & Liddell, 2018). Thus, 

confidence intervals use deductive logic to learn about the particulars (i.e. this sample), 

from assumed generalities (i.e. the population parameter). 

Bayesian credible intervals, however, are statements of uncertainty about the 

broader population parameter, rather than the sample parameter, allowing us to be 95% 

sure that the credible interval contains the true population value (van de Schoot et al., 

2014). The Bayesian approach assumes that the values we obtain fall within a 

plausibility distribution; after we have collected the data, we can calculate the broader 

population parameters given our data. Bayesian approaches use inductive logic to learn 

about the general (i.e. the population) from the particulars (i.e. this sample; Gelman & 

Shalizi, 2013). By describing the plausible range of effects of psychotherapy, a 

Bayesian approach can help circumvent the potential for researchers to find 

“significant” p-values, even without “data mining” or “p-hacking” (Gelman & Loken, 
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2013), or arbitrarily accepting and rejecting results, or overhyping or downplaying 

results (Editiorial, 2019). 

As such, credible intervals are a more logical choice than confidence intervals to 

estimate population parameters and allow for benchmarking to determine whether the 

samples are likely drawn from the same population. Unlike the inferential difficulties 

with interpretation of overlapping confidence intervals (Greenland et al., 2016), when 

two 95% credible intervals overlap, we can say that it is plausible that the two 

populations have the same population mean, however we cannot quantify how plausible 

that may be. Conversely, if the credible intervals do not overlap, it is plausible that the 

results are from different populations with different population means. Thus, this allows 

us to determine whether the results obtained in the current body of research are 

plausibly from the same population as previous feedback studies, which could be 

consistent with the case that the training clinics are implementing feedback and 

conducting psychotherapy with similar client groups as the feedback studies; or whether 

the results are from the same population as previous treatment-as-usual studies, or from 

neither, which could indicate that the training clinics are not implementing feedback 

effectively, are conducting psychotherapy differently, or are utilising different client 

groups.  

Statistical Analysis Plan 

Benchmarking in Study One. The OQ-45 and the Y-OQ are both global 

measures of mental health symptoms, general distress and functioning, where higher 

scores indicate more symptoms/distress and lower functioning (see Chapter 2). To begin 

the benchmarking process, the amount of change each client made during 

psychotherapy was calculated. Outcome was calculated individually for each client by 

subtracting their final total score on the OQ-45 or Y-OQ from their total score at their 
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first session. If their outcome was numerically positive, this indicated improvement 

from baseline (i.e. a reduction in distress/an improvement in functioning); if their 

outcome was numerically negative, this indicated deterioration from baseline. Each 

client’s outcome score and their initial score was used to calculate whether they have 

achieved reliable or clinically significant change, using the pre-calculated reliable and 

clinically significant change indices for the OQ-45 (Lambert & Burlingame, 1996) and 

the Y-OQ (Burlingame et al., 1996). For further information on this process, please see 

Chapter 2. 

Appropriate benchmarks were selected separately for the adult sample and youth 

sample. The benchmarks must have used the OQ-45 (for the adult benchmark) or the 

parent-report Y-OQ (for the youth benchmark) to be eligible. This is because different 

measures have different reliable and clinically significant change indices and comparing 

across measures might result in different amounts of clients being classified as having 

reliably or clinically significantly improved, even within the same sample (Beckstead et 

al., 2003). Therefore, if differences occurred between the current samples and the 

benchmarks, it would be impossible to determine whether these differences were due to 

the samples originating from different populations or merely due to measurement 

differences.  

Typically in psychotherapy research, studies are benchmarked from effect sizes 

(e.g. the popular method described by Minami, Wampold, Serlin, Kircher, & Brown, 

2007). However, in the current body of research we wanted to understand differing rates 

of outcome classification, particularly whether feedback-informed psychotherapy 

reduces rates of deterioration (Shimokawa et al., 2010). Average effect sizes could be 

similar yet have differing rates of clients achieving clinically significant improvement, 

reliable improvement, reliable deterioration and clinically significant deterioration. As 
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such, an alternative benchmarking method was required that could examine differences 

in percentages. Bayesian credible intervals at the 95% level were therefore chosen to be 

calculated, using non-informative priors, around the proportions of clients in each 

outcome category in the adult and youth samples and in the benchmark samples. The 

95% level was chosen as this leaves out the 5% of values that are the least plausible, 

falling in the lowest or highest 2.5% distribution of plausible values. Although non-

informative priors were used, in the Binomial setting (chosen for inference on 

proportions), these numerically act in a similar way to finite sample adjustments used to 

provide more robust confidence intervals in the classical setting (Agresti & Coull, 

1998).  

If the credible intervals from the examined sample and the benchmark overlap, it 

is plausible that they are estimating the same population percentage; if they do not 

overlap, it is plausible that they are not estimating the same population percentage. For 

example, if the credible intervals of clients experiencing clinically significant 

improvement in the adult sample overlap with the credible intervals of clients 

experiencing clinically significant improvement in the feedback benchmark sample, but 

does not overlap with the credible intervals of clients experiencing clinically significant 

improvement in the treatment-as-usual benchmark, it could reasonably be conjectured 

that the current sample and the feedback benchmark are estimating the same population 

proportion (i.e. of clients receiving feedback-informed psychotherapy).  

Individualised trajectories in Studies Two and Three. Studies Two and Three 

both followed a similar data analysis plan, with Study Two (Chapter 6) examining 

individualised trajectories in adult psychotherapy and Study Three (Chapter 7) 

examining individualised trajectories in youth psychotherapy. It was important to 

separate the adult and youth samples for analysis as: (a) the OQ-45 and the Y-OQ have 
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different psychometric properties (i.e., different number of items, different ranges of 

possible scores, different clinical cut-offs and reliable change indices); (b) there is 

currently more information about trajectories of symptom change in adult 

psychotherapy (see Chapters 2 and 3); and (c) adults and youth are likely to have 

different experiences in psychotherapy. Youth rarely refer themselves to treatment, so 

children may not see themselves as in need of treatment (Kazdin, 2003), which usually 

means that the youth’s problem behaviours must be significantly affecting their lives, 

with high levels of accompanying family stress (Weisz et al., 2006); in relation to 

symptom trajectories, this could mean that youths experience a greater delay in changes 

in their symptoms after commencing psychotherapy, as the youth gains understanding 

of their problems and builds trust with their psychotherapist, rather than adults who may 

feel more immediate symptom relief. Youth psychotherapy also tends to involve family 

members, such as parents (Kazdin, 2003), which again can make trajectories more 

protracted. As half of mental illnesses have an onset prior to age 18 and 75% prior to 

age 25 (Jones, 2013; Kessler et al., 2005), adults may have different trajectories to 

youth. For example, adults may experience more rapid improvement if they have had 

previous courses of psychotherapy, because they may just need a reminder of their 

previously acquired skills, rather than requiring socialisation to psychotherapy, 

psychoeducation to be given and skills to be taught. Alternatively, adults may 

experience slower improvement if their difficulties are more ingrained or they have not 

remitted fully from previous courses of treatment. In addition, the differing 

developmental needs of adults and youths may translate to differences in skill 

acquisition, which may affect trajectories of symptom change. As individualised 

trajectories have not been examined previously, and comparisons have not been 

conducted around the differences between adults and youths in their individualised 
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symptom change trajectories, these are merely hypothetical examples of reasons why 

adult and youth trajectories could differ. Therefore, individualised trajectories were 

examined separately in adults (Study Two, Chapter 6) and youth (Study Three, Chapter 

7). The individualised modelling strategy was applied first to the adult sample in Study 

Two as a basis for developing the technique, since the adult literature is richer and more 

advanced, and therefore provides more opportunity for comparison of results.  

In order to provide some protection from data anomalies, and enable results to 

be more generalizable, external testing was implemented (Hastie, Tibshirani, & 

Friedman, 2009), whereby the samples in both studies were split into two: a main 

sample, and a hold-out sample. In the main sample, individualised models were fit to 

clients’ entire duration of psychotherapy in order to gather normative information about 

how symptom change occurs in psychotherapy for individuals. This has not yet been 

statistically examined in either the adult or youth psychotherapy literatures. One study 

in the youth psychotherapy literature reported conducting visual examination of 

individual trajectories of symptom change prior to conducting their main statistical 

analysis, whereby independent raters classified each client’s trajectory as having no 

discernible pattern, or linear, quadratic/logarithmic, or cubic model shapes (Chu, 

Skriner, & Zandberg, 2013). However, despite acknowledging this variability in 

trajectory shapes, the authors then statistically examined trajectories on a group-level 

using multilevel growth curve models (Chu et al., 2013).  

In the hold-out sample, the individualised models were fit to each client’s data in 

5-session blocks and individualised predictions were generated for each client based on 

their own past symptom change. This stage of analysis will demonstrate how 

individualised modelling could be used in feedback procedures to provide 

psychotherapists with accurate information about a client’s trajectory thus far in 
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treatment and to more accurately predict client’s symptom change in treatment. These 

prediction analyses were only conducted for the hold-out sample so that the normative 

information obtained from the main sample could be used to inform model choice in a 

“different” sample (the hold-out sample) through the use of priors. These two stages 

will now be described in further detail: individualised modelling in the main sample, 

and sequential individualised modelling and predictions in the hold-out sample. These 

stages are identical in both the adult (Study Two, Chapter 6) and youth (Study Three, 

Chapter 7) samples. 

Individualised modelling of symptom change trajectories in the main sample. 

In the main sample for each study, Bayesian curve-linear regression models were fit to 

each client using all of the client’s available data (i.e. from the whole duration of 

treatment). Six trend models were directly compared for each individual, increasing in 

polynomial degree: constant, linear, quadratic, cubic, quartic and quintic. For these 

models, the response (or dependent) variable was OQ-45 or Y-OQ score, and number of 

sessions was the explanatory (or independent) time-variable. These models increased in 

complexity, with each model adding an extra higher-order polynomial term. A constant 

model includes only an intercept term; this reflects no change in OQ-45/Y-OQ score 

over time. A linear model includes an intercept term, but also adds a linear term 

(polynomial term of degree 1); this reflects constant change in OQ-45/Y-OQ score over 

time. A quadratic model includes an intercept term, a linear term (polynomial degree of 

1) and a quadratic term (polynomial of degree 2); this allows for one turning point to 

occur in the trajectory. A cubic model includes an intercept term, a linear term, a 

quadratic term, and a cubic term (polynomial of degree 3); this allows for two turning 

points to occur in the trajectory. A quartic model also includes a quartic term 

(polynomial of degree 4), reflecting three turning points in the trajectory, and a quintic 
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model also includes a quintic term (polynomial of degree 5), reflecting four turning 

points in the trajectory. These six polynomial models were chosen for their flexibility 

and because they utilise fewer parameters than more complex models (such as non 

parametric curves, e.g. by generalised additive models, Hastie et al., 2009, pp. 295-304), 

and they are more easily estimated from small sample sizes than are non-linear models.  

In addition, a seventh model was considered: a linear model with OQ-45/Y-OQ 

score as the response (or dependent) variable, but with a log-transformation applied to 

number of sessions as the explanatory (or independent) time-variable. This will be 

referred to as the log-time model. This additional model was considered given that this 

is the predominant model of group-level change in the psychotherapy literature, based 

on the dose-response and phase models, and is currently how the expected treatment 

response curve is calculated (see Chapter 2).  

A sufficient number of data points for each client was required in order to fit 

each model statistically rather than deterministically. For each model, the number of 

data points required is determined by the highest polynomial term +2; so, for example, a 

client must have three data points in order for a linear model to be fit, or four data points 

for a quadratic model to be fit. In addition, those data points must not all be equal, as 

this would lead to zero variance. Regressions were fit with Normal errors. 

For each client, the maximum number of models will be fit, given the amount of 

data available for each client. For example, a client with five varying OQ-45/Y-OQ 

scores could have constant, linear, linear in log-time, quadratic and cubic models fit; 

they could not have the quartic or quintic models fit as they do not have enough data 

points for these models. Therefore, the number of models considered will be allowed to 

vary by client. In addition, as each model will be individualised, each model for each 

client will be allowed to vary on all parameters (i.e., the linear models can vary on both 
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intercept and the linear term; the quadratic models can vary on intercept, the linear term 

and the quadratic term etc.). In effectiveness research, clients will also have different 

amounts of data that contribute to these models, given they complete different numbers 

of sessions, and have varying amounts of missing data.  

Group-based models do not allow for variation on all parameters and number of 

parameters, as most kinds fit one model shape to all clients. Although some statistical 

approaches may allow for clients to vary on some of the parameters in the model, the 

number of parameters still does not vary. For example, the expected treatment response 

curve (ETR) assumes the same negatively accelerating shape of change for all clients 

(Castonguay et al., 2013) and fits a linear model with log-transformation applied to the 

time variable to all clients’ data; however, the intercept (initial symptom severity) and 

slope (linear term) may be allowed to vary by client. In these kinds of random effects 

models, known as Growth Curve Models (GCMs; Nagin & Odgers, 2010, p. 114) the 

individual intercept and slope terms and are treated as random effects around an overall 

group average of the intercept and slope. A separate variance component is used to 

describe, in general, how clients vary around the group mean of the intercept, or of the 

slope. This has been criticised since it not only assumes that the same kind of trajectory 

curve fits all clients (e.g. polynomial of specific degree), it also presumes that an 

“average” of the parameters describing the trajectory is meaningful (Nagin & Odgers, 

2010 use the phrase “the same shape” to refer to where the turning points occur for a 

fixed number of turning points, rather than the number of turning points). Growth 

mixture modelling (GMM) extends this approach by applying finite mixture modelling 

in a literal way: although the same overall kind of curve (i.e., polynomial of specific 

degree) is fit to all clients, a finite number of different group profiles are identified, so 

that clients are grouped into profiles, where the parameter values of each client can 
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cluster around their group average, rather than an overall average as with GCM. Clients 

with the same profile have the same degree of polynomial (e.g. linear) but different 

parameter values (e.g. clients may have positive, negative or near-zero slope reflecting 

overall improvement, deterioration or no change). Group-based Trajectory Models 

(GBTMs) provide a different kind of extension of GCM, which like GMM also makes 

use of finite mixture modelling, but in a different way. Instead of interpreting the groups 

literally, the groups are merely a “statistical device” for modelling the overall 

distribution of trajectories, and thereby relaxes the GMM assumption that each 

individual’s trajectory parameters (intercepts, slopes, etc) are Normally distributed 

around a group average. The GCM, GMM and GBTM have historically been the most 

prevalent methods for modelling trajectories for groups or sub-groups of individuals 

(Kim-Spoon & Grimm, 2015; Nagin & Odgers, 2010). 

All three models are related to each other. The GMM has been described as a 

mixture of GCMs, however it still attempts to fit the same kind of curve (e.g. degree of 

polynomial) to all clients, so applies when the same kind of curve fits all clients well 

(Nagin & Odgers, 2010). Implicitly, different order polynomials can be fit to each 

group, when the terms of a higher order parameter are dropped for some groups, but 

only because their values are estimated to be near-zero. However, in practice, many 

studies in psychotherapy that utilize growth mixture modelling do not consider these 

higher order models (e.g. quadratic or cubic models, or higher; Koffmann, 2018b). In 

addition, the lower order polynomial terms change meaning when a higher order term is 

included in the model (Frankfurt, Frazier, Syed, & Jung, 2016) so higher order 

polynomial terms should not always be excluded, even when they are close to zero, 

which would “under-interpret” zeros. Indeed, higher order polynomial terms may have a 

best estimate that is far from zero, although the model diagnostics indicate that the 
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curve is overfitting, which would lead to “over-interpreting” non-zeros, and is just one 

cause of so-called “fictitious groups” that can be identified via GMM (Nagin & Odgers, 

2010, p117). Thus, these group-based models do not adequately allow clients’ 

trajectories to vary according to individual model selection, which governs the kind of 

model shape (e.g. degree of polynomial) and hence the number of parameters included 

for each client. 

The methodology presented here takes a different, more flexible approach that 

privileges the individual trajectories rather than the group trajectories. Instead of 

enforcing the same degree of polynomial for all individuals (as with GCM, GMM or 

GBTM), a different degree polynomial (i.e. linear, quadratic, cubic etc.) is chosen to 

best fit each individual’s trajectory. This avoids the issues described above with over- or 

under-interpreting zero and non-zero values of the highest order terms in a polynomial. 

Non-informative priors were used for the polynomial coefficients in the trend models, to 

reflect that at the outset, the psychotherapist had no prior expectations about the client’s 

potential trajectory; thus, the prior probability of each model was equal before model 

fitting occured. Bayes factors (BF) estimated the weight of evidence for each trend 

model for each client, reflecting what has been learnt about each model from the client’s 

data. This enabled the calculation of the posterior probability of each trend model for 

each client, accounting for relative fit and model complexity. For each client, the model 

with the highest posterior probability was selected as the best-fitting model. For clients 

with only two data points where it was only possible to fit the constant model, the 

constant model will be automatically selected as the best-fitting model. 

The prevalence of each model shape was then be estimated, based on how many 

clients best fit each trend model shape, to provide normative information about the 

shapes of change in psychotherapy. This information was used to create an informative 
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prior in the second stage of analyses with the hold-out sample. This informative prior 

weighted the prior probabilities of each model shape according to their prevalence in the 

main sample. For instance, if the quadratic model was found to be the best-fitting model 

for 60% of clients in the main sample, the quadratic model’s prior probability would be 

weighted at 60% for each client in the hold-out sample to reflect that there is a 60% 

chance for each individual that they will fit the quadratic model. This allows for the 

aleatory interpretation of probability to be incorporated explicitly into the information 

that contributes to strength of belief relating to each model. As more research is 

conducted to better understand why individuals follow one trajectory over another, 

these priors can become more informative. For instance, if clients with a higher initial 

symptom severity tend to follow a cubic shape of change, but clients with a lower initial 

symptom severity tend to follow a linear shape of change, different prior probabilities 

can be selected for different clients depending on their initial symptom severity. In 

addition, while the current body of research only considered informative priors for 

model selection, informative priors could also be derived for model parameters (i.e. the 

different terms in the models) when there is increased understanding of the factors that 

relate to model parameters.  

Sequential individualised modelling with predictions in the hold-out sample. 

In the hold-out sample, Bayesian curve-linear regression models were again fit to each 

client, but with three differences. The first difference is that the models were fit to each 

client’s data in five-session blocks (termed “horizons”): after five sessions, the models 

were fit up to Horizon 5; after ten sessions, the models were fit up to Horizon 10; after 

15 sessions, the models were fit up to Horizon 15, and so on. This is to show how the 

models could be updated over time, mimicking how data would be collected in real-

world clinical settings. The second difference is the weighting of the prior probabilities 
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of the models. At each horizon, the posterior probabilities of the models were calculated 

either from a non-informative, uniform prior, where all models are considered equally 

as plausible, or an informative prior, where the plausibility of the models is weighted 

based on their prevalence in the main (normative) sample. At each horizon, the posterior 

probabilities of the models were compared in the same way as in the main sample, 

described above, and the model that had the highest posterior probability for each client 

was selected as the best-fitting model for that client. This resulted in two best-fitting 

models for each client at each horizon; these selected models may be the same or 

different (e.g. linear and linear, or linear and cubic), based on the non-informative and 

the informative prior probabilities. This presents a small “community” of priors 

(Spiegelhalter, Abrams, & Myles, 2004, pp. 157-165). The selection of the best-fitting 

models at each horizon means that clients may have different model shapes best 

representing their data over time as more data accumulates that is either consistent or 

inconsistent with their past change. 

The third difference is that the models were used to generate predictions of 

symptom change for each client at each horizon. Each fitted model was extrapolated out 

to form projections showing how the model would continue after that horizon. These 

projections formed predictions of the client’s plausible OQ-45/Y-OQ scores at 

proceeding sessions, assuming that the client’s trajectory remained the same. 

Predictions were generated for the next five sessions at each horizon. In other words, for 

each client the models were first fit to their data from sessions one through five 

(Horizon 5), which was used to predict their scores at sessions six through ten; then, the 

models were fit to their data from sessions one through ten (Horizon 10), which was 

used to predict their scores at sessions eleven through fifteen, and so on. 

Psychotherapists could use this information to inform their treatment plans: if a client is 
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predicted to deteriorate or experience no change, they might want to consider altering 

their treatment plans, but if a client is predicted to improve, they might choose to 

continue with their treatment plan. These projections not only show the direction of 

symptom change, but also rate and magnitude of plausible change, which allows 

psychotherapists to predict how many sessions it will be until a client reaches their 

desired outcome (e.g. functioning within the non-clinical range). Thus, these predictions 

generated information that is far more specific to the client, as they did not compare the 

individual to a group-average, and is more nuanced than the information that is 

available to psychotherapists using current feedback procedures. In this way, a client’s 

actual progress can still be compared to their “expected” progress (their predictions), 

but this expected progress is based on the client’s actual response to treatment thus far 

and might also, with an informative prior, be informed by knowledge of change 

generally in psychotherapy.  

Summary 

In sum, the current body of research utilises Bayesian statistics to adequately 

answer the research questions presented in this dissertation. Study One uses Bayesian 

credible intervals to compare the current samples to existing benchmarks. Outcomes 

were calculated individually prior to aggregation. This method explicitly acknowledges 

the variability in outcomes that can occur in psychotherapy, whereas an average 

estimate of effectiveness which does not acknowledge these categorical differences. 

Since credible intervals estimate the population parameters, they can be directly 

compared to see if they are likely to be estimating the same population. In this way, the 

plausibility of the current samples being an adequate representation of feedback-

informed psychotherapy can be assessed.  
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Studies Two and Three involve fitting individualised models of symptom 

change over the course of psychotherapy for each client. Bayesian statistics is useful for 

this approach as it uses an epistemic interpretation of probability rather than an aleatory 

interpretation and thus can be applied to single events (i.e. a single course of 

psychotherapy). The individualised modelling approach stands in stark contrast to 

existing research in psychotherapy which has averaged across groups of clients to 

produce an average trajectory of symptom change. Existing research neglects the 

variability that is likely to exist between client on their trajectories, and even within 

clients’ trajectories by not considering higher polynomial shapes which allow for 

turning points; both of these types of variability are likely to be clinically meaningful. In 

contrast, the current individualised modelling approach allows model shape to vary for 

each client (i.e. the degree of polynomial and hence the number of parameters 

describing the trend), and for the different parameters within these model shapes to vary 

for each client. The Bayesian approach allows for the plausibility of multiple models to 

be directly compared, for each client based on their own data and, if an informative 

prior is used, knowledge about the nature of individual change in psychotherapy more 

broadly. This contrasts with the more prevalent statistical modelling approaches 

(namely GCM, GMM and GBTM), which optimally select the best trajectory (and 

hence only focus on the optimal choice of trajectory) fitting either: the whole group of 

individuals following an average trajectory (GCM); a finite number of groups each 

having a different average trajectory (GMM); or a whole group of individuals following 

a mixture of trajectories (GBTM). In all three approaches, no interim information is 

provided on which kind of trajectory best fits each individual, whereas the Bayesian 

approach described here makes this explicit, and also allows the psychotherapist to 

choose whether this information may be used to adjust predictions for future clients.  
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Using an updating approach, the models can be fit sequentially. Although in the 

current body of research, all data was collected prior to modelling, this updating 

approach demonstrates how individualised modelling could be used in real-time if it 

was integrated into a feedback procedure, with more data becoming available as the 

client attends more sessions. Models can be projected forward, allowing predictions to 

be generated of a client’s plausible future symptom change trajectory. In this way, a 

client’s actual progress can still be compared to their “expected” progress, but this is 

based instead on the client’s own response to treatment, rather than a group-average 

response.  

Overview of the Remainder of the Dissertation 

This chapter concludes the general introduction to the dissertation and has 

presented the theoretical, clinical and statistical backgrounds to the three studies in this 

dissertation. The next three chapters present those three studies. Study One (Chapter 5) 

uses a benchmarking design to establish the validity of the training clinic setting in 

preparation for the second and third studies. It will determine the effectiveness of 

feedback-informed psychotherapy in the current samples and will examine whether the 

outcome-enhancing effect of feedback shown in the adult literature can be replicated in 

youth psychotherapy with the Y-OQ. Studies Two (Chapter 6) and Three (Chapter 7) 

then utilise individualised model fitting to explore the typical patterns of symptom 

change shown in feedback-informed psychotherapy for both adults (Chapter 6) and 

youth (Chapter 7) and determines the feasibility of utilising this information alongside a 

client’s past change to predict a client’s future change. The dissertation will conclude 

with a general discussion (Chapter 8) integrating the findings and implications from 

these three studies and suggesting avenues for future research to continue investigating 

individualised trajectories of change.  
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Benchmarking Feedback-informed Psychotherapy: Does Feedback Improve 

Outcomes Compared to Treatment-as-usual for Adults and Youth? 

A growing body of research over the past two decades has highlighted that when 

clinicians are given objective feedback on their clients’ outcomes on a session-by-

session basis, rather than relying on their clinical judgement alone, clients have far 

better outcomes (Duncan & Reese, 2015; Gondek et al., 2016; Lambert et al., 2018; 

Lutz, De Jong, et al., 2015; Shimokawa et al., 2010). The basic tenet of this is: knowing 

objectively what works for each client allows clinicians to do more of what works and 

less of what doesn’t, tailoring psychotherapy to the individual client (Lambert & 

Shimokawa, 2011). Two feedback systems – the Outcome Questionnaire (OQ; Lambert 

& Burlingame, 1996) and the Partners for Change System (PCOMS; Duncan, 2011) – 

have accrued enough evidence of their effectiveness at enhancing outcome that they 

were listed as stand-alone evidence-based interventions on the Substance Abuse and 

Mental Health Services Administration’s National Registry of Evidence-based 

Programs and Practices prior to the closure of the registry in 2018 (McCance-Katz, 

2018). 

However, like psychotherapy, feedback does not appear to be equally effective 

for all clients: it is particularly effective for clients at risk of treatment failure where 

psychotherapy is not producing positive change and the client is not making expected 

gains ("not on-track" clients; Gondek et al., 2016; Lambert et al., 2018; Shimokawa et 

al., 2010). For not on-track clients, feedback highlights to psychotherapists that clients 

are not improving as expected and that a change in treatment may be necessary for the 

client’s symptoms to improve. Providing psychotherapists with this feedback increases 

the amount of symptom change and the likelihood of achieving reliable improvement, 

and decreases the likelihood of deterioration and premature drop-out from 
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psychotherapy (Shimokawa et al., 2010). It can also increase client motivation, insight, 

self-efficacy and satisfaction with treatment (Gondek et al., 2016).  

There remain two caveats to these impressive findings. Firstly, heterogenous 

feedback procedures (e.g. feedback about needs rather than outcomes, using 

psychotherapists un-trained in feedback, or feedback in inpatient settings) result in 

heterogenous findings on the effectiveness of feedback (Gondek et al., 2016). As such, 

the boundary conditions for effective feedback are currently unknown, particularly in 

routine practice (i.e., outside randomised controlled trials). Secondly, the majority of the 

extant literature showing the benefits of feedback has been conducted with adult clients, 

despite significantly higher deterioration rates in youth psychotherapy (Whipple & 

Lambert, 2011). Currently there remains “insufficient, consistent evidence and insight 

into specifics related to the application, benefits and change mechanisms of the 

feedback framework in youth settings” (Tam & Ronan, 2017, p. 49).  

As is often the case with the youth literature, the evidence-base for feedback is 

significantly smaller in size and depth. A recent meta-analysis of feedback in youth 

psychotherapy (age 10-19; Tam & Ronan, 2017) found only 12 studies, with 13 trials, 

using four different feedback systems; in contrast, a recent meta-analysis of feedback 

using two feedback systems in adult psychotherapy identified 23 studies, with 24 trials 

(Lambert et al., 2018): twice as many studies in half the number of feedback systems. 

However, despite the smaller, more heterogeneous evidence base, the feedback effect 

appears to replicate with youth, with a small effect size found across the studies in the 

meta-analysis indicating improved outcomes for clients whose psychotherapists 

received feedback (Tam & Ronan, 2017); youth studies did not differentiate between 

on-track and not on-track clients. Only two studies in the meta-analysis found limited or 

no benefit of feedback, one of which was the only included study not to utilize session-
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by-session or weekly feedback (Ogles et al., 2006). 

Eight of the 12 studies in the youth meta-analysis utilised the PCOMS – one of 

the two evidence-based interventions listed on SAMHSA’s National Registry of 

Evidence-based Programs and Practices. There have been no published studies on the 

effectiveness of feedback using the youth version of the Outcome Questionnaire (Y-

OQ; Burlingame et al., 1996) – the other evidence-based intervention on the registry. 

This is surprising given the adult OQ has a solid evidence-base and is the most 

commonly researched feedback measure (Lambert et al., 2018; Shimokawa et al., 

2010). In addition, the Y-OQ is a commonly used youth outcome measure (Kwan & 

Rickwood, 2015; OQ Measures LLC, n.d.) that is high sensitivity to session-by-session 

change (McClendon et al., 2011), and there is Y-OQ specific available software for 

instant feedback (the OQ-Analyst computer software; OQ Measures LLC, 2007) with 

pre-calculated expected treatment response curves for the Y-OQ, which determine 

whether a client is on-track or not (e.g. Cannon et al., 2010; Nelson et al., 2013; Warren 

et al., 2012). 

The Current Study 

The current study presents 5 years of effectiveness data for both adults and 

youth from two psychology training clinics using the OQ system with a feedback-

informed approach to treatment. It benchmarks these results with effectiveness rates 

published in the literature. The aim is to establish whether psychotherapy with a 

feedback-informed approach using the Y-OQ is more effective than psychotherapy 

treatment-as-usual (i.e. without feedback), obtained from a benchmark. As there is no 

benchmark for feedback with the Y-OQ in youth psychotherapy, adult data was used to 

establish whether the feedback-informed approach used in the clinics produces 

effectiveness results broadly consistent with those published in the literature for adults. 
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This would suggest that our results are an accurate, valid representation of what could 

be achieved with feedback. To this end, we also present effectiveness results for adults 

in the clinics, because there are both treatment-as-usual and feedback benchmarks 

available in the literature. If the adult results are consistent with the feedback 

benchmarks and not the treatment-as-usual benchmarks, the results achieved with youth 

could be considered representative of psychotherapy with a feedback-informed 

approach in the population, and thus provides valuable information on feedback 

effectiveness with the Y-OQ regardless of the training setting. In addition, it is useful to 

examine feedback in a unique routine care setting, not represented in previous studies. 

The validity of the adult results is important to establish because training clinic 

outcomes are only infrequently compared to the non-training literature and as such, little 

is known about whether findings in the training environment can apply equally to non-

training environments (Dyason, Shanley, Hawkins, Morrissey, & Lambert, 2019). 

Psychotherapist level of training and discipline have historically had little to no 

differential impact on client outcome (Beutler et al., 2004; Kraus et al., 2016; Nyman, 

Nafziger, & Smith, 2010; Reese, Norsworthy, & Rowlands, 2009), although 

psychotherapists-in-training may take longer to achieve the same outcomes (Callahan & 

Hynan, 2005; Reese et al., 2009). In a feedback study using the PCOMS, trainees and 

registered psychotherapists were equally effective, but the trainees were less efficient in 

that they required more sessions to achieve the same outcomes with their clients as the 

registered psychotherapists (Reese et al., 2009). As such, differences between the 

current study and previous studies are more likely to occur due to feedback, which has 

been shown to improve outcomes for adults, than psychotherapist training status or 

discipline. Therefore, it was hypothesized that: 

1. The effectiveness rates for adults in the current study will be better than the 
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effectiveness rates reported in the treatment-as-usual benchmark (i.e. more 

clients will achieve clinically significant/reliable improvement, and fewer will 

achieve clinically significant/reliable deterioration); 

2.  The effectiveness rates for adults in the current study will be similar to those 

reported for in the feedback benchmark (i.e. similar rates of improvement, no 

change and deterioration); 

3. The effectiveness rates for youth in the current study will be better than the 

effectiveness rates reported in the treatment-as-usual benchmark (i.e. more 

clients will improve, and fewer will deteriorate). 

Method 

Setting 

The data for the current study was obtained from the archival databases (2012-

2016) of two psychology training clinics from metro locations in south-east 

Queensland, Australia. The two training clinics belong to the same university and 

follow the same procedures and training. Psychotherapists are provisionally-registered 

psychologists completing their first practicum as part of their postgraduate training after 

a minimum of 4 years of undergraduate training. The clinics meet the accreditation 

standards of the Psychology Board of Australia, and upon graduation, psychotherapists 

can apply for full registration as a psychologist. As such, psychotherapists are trained to 

be evidence-based practitioners who select therapeutic approaches that best fit each 

client’s unique presentation based on available research evidence and their supervisor’s 

clinical judgement. Psychotherapists are trained in using and interpreting feedback, on 

the importance of monitoring client outcomes and responsively adapting treatment. 

The services are low-cost with no session limits, although psychotherapists only 

see clients for the duration of their 10-month practicum. Clients are assigned to 
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psychotherapists based on caseload availability. Exclusion criteria for attending the 

clinics are active psychosis, active substance abuse, active suicidal intent and upcoming 

legal proceedings, which are screened with a brief (approx. 15 minutes) intake phone 

assessment. As in a typical community clinic, clients present with a range of problems, 

including anxiety, depression, attentional/ hyperactivity difficulties, behavioural 

difficulties, personality disorders, parenting, social skills, autism spectrum disorders, 

trauma, adjustment difficulties. Psychotherapists do not routinely complete structured 

diagnostic assessments, such as those completed in research trials, so presenting 

problems were not reliably recorded in the clinic databases.  

Participants 

Adult sample. The adult sample comprised 398 adults (149 male, 247 female, 2 

unknown/other) who ranged in age from 16 to 83 years old (M = 36.01; SD = 13.69; Q1 

= 25.00; Median = 34.00; Q3 = 44.00). They were treated by 151 psychotherapists who 

were supervised by 47 supervisors. Each psychotherapist saw between 1 and 7 adult 

clients (M = 2.64; SD = 1.34). 

Youth sample. The youth sample comprised 397 youth (261 male, 136 female) 

who ranged in age from 4 to 17 years old (M = 9.09; SD = 2.89; Q1 = 7.00; Median = 

9.00; Q3 = 11.00) and whose parents completed the Youth-Outcome Questionnaire. 

They were treated by 127 psychotherapists who were supervised by 40 supervisors. 

Each psychotherapist saw between 1 and 8 youth clients (M = 3.13; SD = 1.60). 

Measures 

The Outcome Questionnaire. The Outcome Questionnaire-45 (Lambert & 

Burlingame, 1996) is a 45-item self-report reliable and valid measure designed to assess 

and track the frequency and severity of mental health symptoms in the past seven days 

across three subscales: Symptom Distress, Interpersonal Relationships and Social Role. 
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The subscales can be summed to provide a total distress score ranging from 0 to 180, 

with higher scores indicating poorer psychological functioning. The OQ-45 has a 

reliable change index of 14 points and a clinical cut-off of 63. Clients whose score falls 

at or above 63 have distress more similar to a clinical population (Lambert & 

Burlingame, 1996).  

The Youth-Outcome Questionnaire. The Youth-Outcome Questionnaire (Y-

OQ; Burlingame et al., 1996) is a 64-item parent-report reliable and valid measure 

designed to assess and track the frequency of problem behaviour in the past seven days 

for youth aged 4-17 years old. The Y-OQ is composed of six sub-scales (intrapersonal 

distress, somatic, interpersonal relations, social problems, behavioural dysfunction and 

critical items) that can be summed to provide a total distress score, ranging from –16 to 

+240 with higher scores indicating poorer psychological functioning. The Y-OQ uses a 

reliable change index of 13 points and a clinical cut-off of 46 (Burlingame et al., 2001; 

Burlingame et al., 1996). Clients whose score falls at or above 46 have distress more 

similar to a clinical population.  

Reliable and clinically significant change. As psychotherapy is not equally 

effective for all clients, “proof of effective treatment needs to be based on the 

measurement of treatment response in real time rather than the provision of the ‘right’ 

treatment” (Lambert, 2011, p. 309). Effectiveness was calculated with the reliable and 

clinically significant change index (Jacobson et al., 1984; Jacobson & Truax, 1991) 

used in the OQ system (Burlingame et al., 1996; Lambert & Burlingame, 1996). The 

amount of change is calculated by subtracting the client’s score at the end of treatment 

from their baseline score at the commencement of treatment. Reliable change is change 

that is statistically significant, where the change is not likely to have occurred by 

chance, measurement error or normal fluctuations of symptoms (Jacobson et al., 1984; 
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Jacobson & Truax, 1991). Clinically significant change must be reliable and move the 

client from being similar to a clinical population to being similar to a non-clinical 

population (or vice-versa for deterioration). Clinical and non-clinical population norms 

can be used to determine a cut-off which differentiates the two populations; this is pre-

calculated for the OQ-45 (Lambert & Burlingame, 1996) and the Y-OQ (Burlingame et 

al., 1996).  

Procedure 

With university ethics approval (reference: 2015/330), deidentified data was 

extracted from the clinic database for clients attending the clinics between 2012 and 

2016, who had (a) consented to their de-identified information being used for research, 

(b) completed individual psychotherapy, (c) completed the outcome measure at least 

twice, and (d) completed their first outcome measure at session 1, 2 or 3. At their first 

session, clients chose whether to give consent to their de-identified data being used for 

research. If clients had multiple episodes of care, only their first was retained for the 

current study.  

Prior to each session, adult clients completed the OQ-45 and the parents of child 

clients completed the Y-OQ at a computer terminal in the clinic waiting room using the 

OQ-Analyst software (OQ Measures LLC, 2007). These results were then available 

immediately to the treating psychotherapist, who was encouraged to view the results 

before the session. Psychotherapists were also encouraged to share the feedback with 

their supervisors and clients, and to enter the scores into the clinic database weekly. 

While adherence rates for psychotherapists viewing the feedback, sharing the feedback 

with clients or using feedback in supervision were not recorded for the current study, 

the clinic database was checked on a regular basis by clinic administration staff; this 

procedure ensured that feedback to psychotherapists was occurring regularly, although 
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it may not have always been session-by-session. Process feedback using the Session 

Rating Scale (part of PCOMS; Duncan et al., 2003) and/or the Working Alliance 

Inventory (Horvath & Greenberg, 1989) were also sought from clients at regular 

intervals as part of the psychotherapy treatment process, but the specific scores were not 

included in analyses.  

Benchmarks 

Benchmarking is the process of discovering the best practices through 

comparing outcomes or outputs, and then seeking to improve practices if a better 

practices are discovered in this process (Lueger & Barkham, 2010). In order for 

benchmarking to occur, there must be a link between practices and outcomes (Lueger & 

Barkham, 2010); if better outcomes are obtained under one practice compared to 

another, this practice can be adopted to improve outcomes elsewhere. Thus, the current 

study utilised a benchmarking design to compare the results from the current study to 

the results from best-practice approaches from feedback-informed psychotherapy and 

treatment-as-usual psychotherapy (i.e. no feedback). 

Adults. For adults, both a treatment-as-usual (i.e. no feedback) and a feedback 

benchmark were available. Both benchmark samples were obtained from the mega- and 

meta-analysis of feedback effectiveness compared to treatment-as-usual for the OQ-45 

conducted by Shimokawa et al. (2010). Although there is a very recent meta-analysis of 

feedback using the OQ-45 and the PCOMS (Lambert et al., 2018), it does not report 

effectiveness rates, only effect sizes, and as the current study did not include a control 

group, the same effect sizes could not be calculated for comparison. The mega-/meta-

analysis comprised six studies where feedback on client outcomes was provided to 

therapists; four of those studies also presented results for treatment-as-usual (without 

feedback). For benchmarking with the current study, the efficacy results for both 
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treatment-as-usual and feedback to therapists without clinical support tools were 

utilized for both on-track (OT) and not on-track (NOT) clients. Shimokawa et al. (2010) 

calculated efficacy results for clients attending a minimum of five sessions and 

completing the OQ-45 at least three times (mean number of sessions for these samples 

was not provided). Five of the six studies included a mixture of licenced and in-training 

psychologists at a university student services counselling centre, and the other included 

only licenced psychologists and social workers at a hospital outpatient clinic (Hawkins, 

Lambert, Vermeersch, Slade, & Tuttle, 2004). All studies were conducted in the USA. 

Although Shimokawa et al. (2010) did not report extensive information about the 

individual participants in the six included studies, examination of the individual studies 

reveals that clients in all studies had a range of presenting problems and were treated 

from a variety of therapeutic orientations with varying treatment lengths.  

 Youth. For youth, only a treatment-as-usual benchmark was available for the Y-

OQ, as there have been no studies of feedback effectiveness using the Y-OQ, as 

previously highlighted. The treatment-as-usual benchmark was obtained from a large 

sample of clients attending either community mental health or private, managed care in 

the USA (Warren et al., 2012). As the study was calculating/refining the algorithms for 

expected treatment response (used to classify clients as on-track or not on-track), 

outcomes were routinely assessed during treatment, but feedback was not provided to 

psychotherapists. Warren et al. (2012) utilised the standard-length, parent-report Y-OQ 

for youth aged 4 to 17 years of age. Psychotherapists were licensed in a variety of 

disciplines. The Y-OQ was not completed every session: the community mental health 

setting averaged 4.5 sessions between Y-OQ administrations, and the private, managed 

care setting averaged 1.0 sessions between Y-OQ administrations. The study only 

reported effectiveness results for clients who completed the Y-OQ at at least three 
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sessions. Clients in both settings presented with a range of presenting problems and 

received psychotherapy from a variety of therapeutic orientations. Clients in private, 

managed care attended significantly fewer sessions (M = 4.6 sessions; SD = 2.5) than 

clients attending community mental health (M = 17.7 sessions; SD = 15.2). 

Statistical Analyses 

 All statistical analyses were conducted using the statistical software, R (R Core 

Team, 2018). The packages ‘reshape2’ (Wickham, 2017), ‘magrittr’ (Bache & 

Wickham, 2016) and ‘dplyr’ (Wickham, François, Henry, Müller, & RStudio, 2019) 

were used to join datasets from the OQ-Analyst and the two clinic databases and 

arrange the new combined datasets into the wide format necessary for analyses. All 

other summary statistics and analyses were calculated using base R functions. Reliable 

and clinically significant change was calculated by subtracting the client’s last recorded 

score from their first recorded score to create their outcome change score. Positive 

scores indicated improvement. For a change to be considered reliable, it had to be 

greater than the reliable change index (i.e. 14 points for the OQ-45 and 13 points for the 

Y-OQ). For a change to be considered clinically significant, one of the client’s scores 

had to be above the clinical cut-off (i.e. 63 for the OQ-45 and 46 for the Y-OQ) and the 

other below. Within-subject effect sizes were calculated with Cohen’s dz (Cohen, 1988; 

Lakens, 2013; Rosenthal, 1991). 

Benchmarking using Bayesian credible intervals. To determine whether the 

current study’s effectiveness rates were consistent with the selected benchmarking 

studies, Bayesian credible intervals (van de Schoot et al., 2014) were utilized. Although 

the current study uses non-informative priors, in the Binomial setting (required for 

inference on proportions), these numerically act in a similar way to finite sample 

adjustments used to provide more robust confidence intervals in the classical setting 



 98 

(Agresti & Coull, 1998). Bayesian results focus on the posterior plausibility of the 

differences between proportions; “posterior” since it describes inference after we 

incorporate information from both empirical data as well as the prior, providing updated 

information about the population parameters given our data. In contrast, traditional 

(Frequentist) confidence intervals are founded on a conceptualization that there is a 

single “true” population value, rather than a range of plausible values. Such results lead 

to concluding statements that 95% of our (repeatedly drawn) samples’ confidence 

intervals contain the true population value; it is a “hit” rate, not a likelihood rate (Morey 

et al., 2016). These confidence intervals are chosen to maximize the probability of the 

data based on that sample’s estimate of the one true population value. 

As such, credible intervals are a more logical choice than confidence intervals to 

estimate population parameters, and allow for benchmarking to determine whether the 

samples are likely drawn from the same population. Unlike the inferential difficulties 

with interpretation of overlapping confidence intervals (Greenland et al., 2016), when 

two 95% credible intervals overlap, it is plausible that the two samples have the same 

population mean. Conversely, if the credible intervals do not overlap, it is likely that the 

results are from different populations with different population means. If the feedback-

informed approach used in the current study provides a better outcome than treatment-

as-usual, the results from the current study should overlap with the credible intervals 

obtained from feedback studies and not overlap with the credible intervals obtained 

from treatment-as-usual studies. As for traditional inference, we apply a Binomial 

distribution to the number of clients who improve (or deteriorate, or remain the same), 

X, out of n people based on an underlying population parameter p: the proportion of 

successful (improvement) in the population. These Bayesian 95% credible intervals 

exploit the conjugacy of this Binomial distribution, for X given n and p, with a Beta 
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prior distribution for p, that the expectations a priori are of a successes and b failures, 

based on an “effective” prior sample of a+b people. No prior information is represented 

by a vague prior, a “flat” Beta distribution with a=b=1, which assigns equal prior 

probability to all possible values, between 0 and 1, of the proportion p. These can be 

calculated as quantiles in the posterior beta distribution for p. In R, these were 

calculated with the qbeta command below: 

qbeta( c(.025, .975), x+a-1, n-x+b-1 ) 

Post-hoc analyses. Post-hoc analyses were conducted when the results were not 

as expected, to attempt to determine why the results in the current study differed from 

the selected benchmark. This involved recalculating the effectiveness results and 

associated credible intervals in our sample with different inclusion criteria to examine 

whether the current study was dissimilar from the benchmark due to sampling 

differences from the same population or because they were estimating truly different 

populations.  

Results 

Adults 

 Effectiveness. Initial scores on the OQ-45 ranged from 11 to 140 (M = 76.49; 

SD = 22.47). The majority of adults (71%) commenced psychotherapy in the clinical 

range (scores equal to or above 63) on the OQ-45, where their symptom distress was 

more similar to a clinical population than a normative, non-clinical population. Adults 

attended between 2 and 40 sessions of psychotherapy (M = 12.11; SD = 6.93), although 

this was positively skewed (Q1 = 7, Median = 11, Q3 = 16). Clients attended a total of 

4820 sessions and completed the OQ-45 at 4389 of these sessions. There was a total of 

431 missing data points, which is an average of 1.08 missing data points per person or 

9% of the total number of sessions. One-hundred-and-twenty-four adults (31.2%) 
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received a warning alert (i.e. they were not on-track) at least once during treatment.  

The difference between the first recorded score and the last recorded score on 

the OQ-45 was calculated for each individual client. Clients achieved an average 

improvement of +17.0 points (SD = 23.04, range = –86 to +96). There was a medium to 

large within-subject effect of psychotherapy, dz = 0.74. As seen in Table 1, 

approximately half of the clients (49.7%) attending psychotherapy achieved a 

significant positive benefit, and only a small minority (7.6%) deteriorated after 

attending psychotherapy. Initial symptom severity and going off-track affected the 

likelihood of a positive outcome from psychotherapy. Compared to clients who 

commenced psychotherapy in the non-clinical range, clients commencing in the clinical 

range were more than twice as likely to significantly improve (odds ratio = 2.37), less 

than half as likely to deteriorate (odds ratio = 0.37), but over eight times as likely to 

have symptoms that remained in the clinical range when they finished psychotherapy 

(odds ratio = 8.43). Compared to clients who were on-track throughout treatment, 

clients who received at least one warning that they were not on-track were less than half 

as likely to improve (odds ratio = 0.39) and almost eleven times more likely to 

deteriorate (odds ratio = 10.91). 

Benchmarking. Table 2 shows the rates of clients improving, not experiencing 

any change in symptoms and deteriorating in the current sample, the treatment-as-usual 

benchmark (Shimokawa et al., 2010) and the feedback benchmark (Shimokawa et al., 

2010). Overall, compared to the treatment-as-usual benchmark, more clients in the 

current study improved, and fewer remained the same, but about the same percentage 

deteriorated. Compared to the feedback benchmark, about the same percentage of 

clients in the current study improved or remained the same, but more deteriorated. 

Clients in the current sample were slightly less likely to go off-track than the treatment- 
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Table 1 

Number, percentage and 95% credible intervals (CI) of adult clients who achieved 

reliable, clinically significant or no change in psychotherapy split by intake severity (N 

= 283 above and N = 115 below clinical cut-off), by feedback status (N = 274 on-track 

and N = 124 not on-track) or for the full sample (N = 398). 

 

  N (% of group) Bayesian 95% CI 

Clinically significant 

improvement 

Clinical range  116 (41.0%) 35.3% - 46.8% 

Non-clinical range N/A N/A 

On-track 94 (34.3%) 28.8% - 40.0% 

Not on-track 22 (17.4%) 11.6% - 24.9% 

Total 116 (29.1%) 24.8% - 33.7% 

Reliable 

improvement 

Clinical range 42 (14.8%) 10.9% - 19.2% 

Non-clinical range 40 (34.8%) 26.4% - 43.7% 

On-track 62 (22.6%) 17.9% - 27.8% 

Not on-track 20 (16.1%) 10.2% - 23.1% 

Total 82 (20.6%) 16.8% - 24.7% 

No significant 

change 

Clinical range 110 (38.9%) 33.3% - 44.6% 

Non-clinical range 60 (52.2%) 43.1% - 61.2% 

On-track 112 (40.9%) 35.1% - 46.7% 

Not on-track 58 (46.8%) 38.1% - 55.6% 

Total 170 (42.7%) 37.9% - 47.6% 

Reliable 

deterioration 

Clinical range 15 (5.3%) 3.0% - 8.2% 

Non-clinical range 6 (5.2%) 2.0% - 9.9% 

On-track 6 (2.2%) 0.8% - 4.2% 

Not on-track 15 (12.1%) 7.0% - 18.4% 

Total 21 (5.3%) 3.3% - 7.7% 

Clinically significant 

deterioration 

Clinical range N/A N/A 

Non-clinical range 9 (7.8%) 3.7% - 13.4% 

On-track 0 (0%) 0% 

Not on-track 9 (7.6%) 3.4% - 12.4% 

Total 9 (2.3%) 1.4% - 5.2% 
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Table 2 

Effectiveness rates and 95% credible intervals in the current adult sample, the benchmark for treatment-as-usual (TAU; Shimokawa et al., 2010 

TAU efficacy sample) and the benchmark for feedback (Shimokawa et al., 2010 feedback efficacy sample), for clients who were on-track 

throughout treatment, clients who were not on-track, and for all clients regardless of whether they were on-track or not. 

 

  Current Study Benchmark TAU Benchmark Feedback 

  N (%) 95% CI N (%) 95% CI N (%) 95% CI 

 On-track 156 (56.9%) 51.0% - 62.7% 461 (31.9%) 29.5% - 34.4% 817 (49.5%) 47.1% - 51.9% 

Reliable and clinically  

significant improvement 

Not on-track 42 (33.9%) 25.8% - 42.4% 71 (22.3%) 17.9% - 27.1% 99 (37.6%) 31.9% - 43.6% 

Total 198 (49.7%) 44.8% - 54.7% 532 (30.2%) 28.1% - 32.4% 916 (47.9%) 45.6% - 50.1% 

No significant change 

On-track 112 (40.9%) 35.1% - 46.7% 940 (65.1%) 62.6% - 67.5% 794 (48.1%) 45.7% - 50.5% 

Not on-track 58 (46.8%) 38.1% - 55.6% 183 (57.5%) 52.1% - 62.9% 140 (53.2%) 47.2% - 59.2% 

Total 170 (42.7%) 37.9% - 47.6% 1123 (63.7%) 61.5% - 66.0% 934 (48.8%) 46.6% - 51.0% 

Reliable and clinically 

significant deterioration 

On-track 6 (2.2%) 0.8% - 4.2% 43 (3.0%) 2.2% - 3.9% 40 (2.4%) 1.7% - 3.2% 

Not on-track 24 (19.4%) 12.9% - 26.7% 64 (20.1%) 15.9% - 24.7% 24 (9.1%) 6.0% - 12.9% 

Total 30 (7.5%) 5.2% - 10.3% 107 (6.1%) 5.0% - 7.2% 64 (3.3%) 2.6% - 4.2% 
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as-usual benchmark sample (odds ratio = 0.85) but were almost three times more likely 

to go off-track compared to the feedback benchmark sample (odds ratio = 2.85). 

Compared to the treatment-as-usual benchmark, more clients who were on-track in the 

current study improved, fewer remained the same but about the same percentage 

deteriorated. About the same percentage of clients who were not on-track in the current 

study improved, remained the same and deteriorated. Compared to the feedback 

benchmark, about the same percentage of clients who were on-track improved, 

experienced no significant change and deteriorated, and about the same percentage of 

clients who were not on-track improved and experienced no significant change, but 

more clients in the current study deteriorated.  

Post-hoc analyses. Although the current study had a higher percentage of 

clients who were not on-track, the not on-track clients in the current study had a higher 

deterioration rate than the feedback benchmark. To better understand why this occurred, 

three propositions were explored with post-hoc analyses, and a further two are presented 

in the discussion.  

Proposition 1: The difference was due to differing inclusion criteria for 

number of sessions attended. Shimokawa et al.’s (2010) efficacy results only included 

clients who attended at least 5 sessions and had at least three OQ-45 data points. 

Applying these same exclusion criteria to the current study resulted in a sample size of 

341 (85.7% of the original sample size). As seen in Table 3A, with these exclusion 

criteria applied, the number of clients experiencing improvement was comparable to the 

feedback benchmark, but fewer clients achieved no significant change, and more clients 

deteriorated. Therefore, the higher deterioration rate in the current study was not due to 

differing inclusion criteria. 

 



 104 

Table 3 

Post-hoc comparisons between the feedback benchmark (Shimokawa et al., 2010) and the current sample with (a) Shimokawa et al.’s (2010) 

number of sessions exclusion criteria applied (N = 341); (b) deteriorating clients who remained in the non-clinical range reallocated to the no 

significant change category (N = 398); and (c) without the results from psychotherapists (N = 387) with higher than average deterioration rates. 

   Current Study Post-hoc Analyses 

 Feedback Benchmark  (A) (B) (C) 

 N (%) 95% CIs  N (%) 95% CIs N (%) 95% CIs N (%) 95% CIs 

Improvement 916 (47.9%) 45.6% - 50.1%  184 (54.0%) 48.7% - 59.2% 198 (49.7%) 44.8% - 54.7% 197 (50.9%) 45.9% - 55.9% 

No change 934 (48.8%) 46.6% - 51.0%  132 (38.7%) 33.6% - 43.9% 176 (44.2%) 39.4% - 49.1% 166 (42.9%) 38.0% - 47.9% 

Deterioration 64 (3.3%) 2.6% - 4.2%  25 (7.3%) 4.8% - 10.3% 24 (6.0%) 3.9% - 8.6% 24 (6.2%) 4.0% - 8.8% 

Note. CI = credible intervals.  
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Proposition 2: The difference was due to differing definitions of deterioration. 

Based on the limited information provided in Shimokawa et al.’s (2010) methodology 

and provision of only three broad groupings for effectiveness (i.e. 

“improved/recovered”, “no change”, “worsened/deteriorated”), it is unclear whether 

clients who reliably deteriorated but remained within the non-clinical range were 

allocated to the “no change” category or to the “worsened/deteriorated” category. The 

research team have previously not classified clients as deteriorated if they remained 

within the non-clinical range, despite classifying clients as improved if they remained 

within the non-clinical range (Lambert et al., 2002). As most of the studies included in 

the meta-analysis were conducted by the same research team, it is likely that they also 

did not consider a client as having deteriorated if they remained within the non-clinical 

range; rates of deterioration would thus be lower. In the current study, six clients who 

began in the non-clinical range reliably deteriorated (i.e. their score increased by 14 or 

more points) but had a final score that was still in the non-clinical range (i.e. less than 

63). As shown in Table 3B, if these 6 clients were reallocated to the no significant 

change category, there is no difference in effectiveness rates between the current study 

and the feedback benchmark. Therefore, if differing definitions of deterioration were 

used, the rates of deterioration in the current study may still be similar to Shimokawa et 

al. (2010).  

Proposition 3: The difference was due to a greater percentage of 

psychotherapists who have higher than average rates of deterioration. Although all 

psychotherapists experience some client deterioration, some psychotherapists 

consistently have fewer clients improving and more clients deteriorating than the 

average psychotherapist (Kraus et al., 2011; Saxon & Barkham, 2012). Higher rates of 

these psychotherapists would have an undue influence on the deterioration rates of a 
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study (Saxon & Barkham, 2012). In the current study, 24 psychotherapists had one 

client each deteriorate, but three psychotherapists had two clients each deteriorate. 

Although these differences could possibly be attributed to random variance given the 

small sample size per psychotherapist, these three psychotherapists alone accounted for 

20% of the deterioration rate and all but one of their other five clients did not 

experience any reliable change in psychotherapy. As shown in Table 3C, with these 

three psychotherapists’ clients removed from the sample (N = 387), there were no 

significant differences between the rates of clients achieving clinically significant 

and/or reliable improvement, no significant change, and clinically significant and/or 

reliable deterioration in the current study and the feedback benchmark. The proposition 

that the current study may have included more psychotherapists who have higher than 

average deterioration rates may therefore be accurate.  

Youth 

Effectiveness. Initial scores on the Y-OQ ranged from 1 to 150 (M = 70.94; SD 

= 30.12). As with adults, the majority of youth (78%) commenced psychotherapy within 

the clinical range (scores equal to or above 46), where symptom distress was more 

similar to a clinical population than a normative, non-clinical population. Youth 

attended between 2 and 58 sessions (M = 12.12; SD = 6.15); this was fairly normally 

distributed between 2 and 29 sessions, with one outlier attending 58 sessions. Clients 

attended a total of 4810 sessions and their parents completed the Y-OQ at 3286 of these 

sessions. There was a total of 1524 missing data points, which is an average of 3.84 

missing data points per person or 32% of the total number of data points. One-hundred-

and-eighty-four clients (46.3%) received a warning alert (i.e. they were not on-track) at 

least once during treatment. On average, clients improved by +22.32 points (SD = 

26.22) over the course of psychotherapy, although this response was also highly 
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variable, ranging from –65 (deterioration) to +132 points (improvement). There was a 

large within-subject effect of psychotherapy, dz = 0.85. As seen in Table 4, the majority 

of youth clients (64.0%) significantly positively benefited from psychotherapy although 

a small minority (7.1%) deteriorated. Similarly to the adult sample, initial symptom 

severity and going off-track affected the likelihood of a positive outcome. Compared to 

clients who commenced psychotherapy in the non-clinical range, clients commencing in 

the clinical range were over three times as likely to significantly improve (odds ratio = 

3.36), half as likely to deteriorate (odds ratio = 0.57) but nearly eleven times more likely 

to have symptoms that remained in the clinical range when they finished psychotherapy 

(odds ratio = 10.92). As no youth who were on-track deteriorated, a Haldane-Anscombe 

correction (Anscombe, 1956; Haldane, 1940) was applied to calculate the odds ratios 

for deterioration between clients who were on-track and not on-track. Compared to 

clients who were always on-track, clients who received at least one not-on-track 

warning were half as likely to improve (odds ratio = 0.46) and over 79 times more 

likely to deteriorate (odds ratio = 79.17). 

Benchmarking. The effectiveness results from the current study were 

benchmarked with effectiveness rates of the most recent effectiveness results of routine, 

community care using the Y-OQ parent-report with a large sample of youth attending 

either community clinics or private, managed care (Warren et al., 2012). Warren et al. 

(2012) did not account for a client’s initial symptom severity level. However, they 

explicitly detailed their effectiveness calculations, so the current study’s results were 

recalculated using the same criteria for comparison. As such, “recovery” was when a 

client’s final score was 13 or more points lower than their initial score and their final 

score was below the clinical cut-off (i.e. less than 46). “Improvement” was when a 

client’s final score was 13 or more points lower than their initial score but above the  
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Table 4 

Number, percentage and 95% credible intervals (CI) of youth clients who achieved 

reliable, clinically significant or no change after psychotherapy split by intake severity 

(N = 312 above and N = 85 below the clinical cut-off), by feedback status (N = 213 on-

track and N = 184 not on-track) or for the full sample (N = 397). 

 
 

  N (% of group) Bayesian 95% CI 

Clinically significant 

improvement 

Clinical range  118 (38.1%) 32.7% - 43.5% 

Non-clinical range N/A N/A 

On-track 75 (35.2%) 29.0% - 41.7% 

Not on-track 43 (23.4%) 17.6% - 29.7% 

Total 118 (29.7%) 25.3% - 34.3% 

Reliable 

improvement 

Clinical range 100 (32.3%) 27.2% - 37.6% 

Non-clinical range 36 (41.4%) 31.3% - 51.8% 

On-track 79 (37.1%) 30.7% - 43.7% 

Not on-track 57 (31.0%) 24.5% - 37.8% 

Total 136 (34.3%) 29.7% - 39.0% 

No significant 

change 

Clinical range 73 (23.5%) 19.0% - 28.4% 

Non-clinical range 42 (48.3%) 37.9% - 58.7% 

On-track 59 (27.7%) 21.9% - 33.9% 

Not on-track 56 (30.4%) 24.0% - 37.3% 

Total 115 (29.0%) 24.6% - 33.5% 

Reliable 

deterioration 

Clinical range 19 (6.1%) 3.7% - 9.1% 

Non-clinical range 0 (0%) 0% 

On-track 0 (0%) 0% 

Not on-track 19 (10.3%) 6.4% - 15.1% 

Total 19 (4.8%) 2.9% - 7.1% 

Clinically significant 

deterioration 

Clinical range N/A N/A 

Non-clinical range 9 (10.3%) 4.9% - 17.5% 

On-track 0 (0%) 0% 

Not on-track 9 (4.9%) 2.3% - 8.4% 

Total 9 (2.3%) 1.0% - 3.9% 
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clinical cut-off (i.e. 46 or more). “No significant change” was when the difference 

between a client’s initial score and their final score was less than 13 points in either 

direction. “Deterioration” was when a client’s final score was 13 or more points greater 

than their initial score and above the clinical cut-off. “Sub-clinical deterioration” was 

when a client’s final score was 13 or more points greater than their initial score but 

below the clinical cut-off.  

The comparison between the effectiveness rates of the current study and the 

benchmark treatment-as-usual (Warren et al., 2012) is shown in Table 5. More clients in 

the current study recovered, about the same percentage improved or experienced no 

significant change, and significantly fewer clients deteriorated. As there is no current 

benchmark available for feedback with the Y-OQ, the current study was not 

benchmarked with feedback effectiveness results. As the results were in-line with what 

was expected, and because the definitions used in Warren et al. (2012) were clear, no 

post-hoc analyses were conducted. 

Discussion 

Overall, psychotherapy was effective with 50% of all adults and 64% of all 

youth significantly improving after a course of psychotherapy, corresponding to a 

medium to large within-subjects effect size. In a similar setting (i.e. training clinics 

using a feedback-informed approach to treatment), this is likely to range from 45-55% 

for adults, and 59-69% for youth. For both adults and youth, beginning psychotherapy 

with symptoms that were in the clinical range and being on-track were indicative of 

increased response to treatment, where they were more likely to improve and less likely 

to deteriorate than clients who began in the non-clinical range and/or were not on-track 

at some point during psychotherapy.  
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Table 5 

A comparison of the 95% credible intervals of percentages of youth clients improving, remaining the same and deteriorating in the current 

sample and in the benchmark of treatment-as-usual (Warren et al., 2012). 

 Current Study  Benchmark Treatment-as-Usual 

 N (%) 95% CI  N (%) 95% CI 

Recovery 154 (38.8%) 34.1% - 43.6%  638 (27.6%) 25.8% - 29.5% 

Improvement 100 (25.2%) 21.0% - 29.6%  681 (29.5%) 27.6% - 31.4% 

No significant change 115 (29.0%) 24.6% - 33.5%  646 (28.0%) 26.2% - 29.8% 

Deterioration 28 (7.1%) 4.7% - 9.8%  322 (13.9%) 12.6% - 15.4% 

Sub-clinical deterioration 0 (0%) 0%  23 (0.01%) 0.01% - 0.1% 

Note. CI = credible interval 
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Consistent with the first research hypothesis, adult clients in the current study 

had outcomes that were generally improved compared to treatment-as-usual; they were 

more likely to improve and less likely to remain the same (i.e. achieve no significant 

change), but also about as likely to deteriorate compared to previous findings for adult 

treatment-as-usual (Shimokawa et al., 2010). The similar deterioration rates were 

contrary to expectations. Consistent with the second research hypothesis, compared to 

the feedback benchmark for adults (Shimokawa et al., 2010), the current study was 

largely as effective, with clients as likely to improve and remain the same, but slightly 

more likely to deteriorate. Again, the higher rates of deterioration in the current study 

were unexpected.  

This higher deterioration rate did not occur due to differing session-attendance 

inclusion criteria between the current study and the feedback benchmark, but may have 

occurred if there were differing definitions of deterioration, or if the current study had a 

higher rate of ineffective or incompetent psychotherapists. To assist with comparisons 

across studies, future studies need to clearly and consistently outline their criteria for 

deterioration and could consider identifying the proportion of psychotherapists who 

account for deterioration in their sample. It may have also occurred due to a replication 

effect or the setting of the current study in a training clinic. It is a well-documented 

phenomenon that when studies are replicated outside of the original research team, they 

often produce smaller effect sizes (Open Science Collaboration, 2015). As five of the 

six studies included in the meta-analysis (Shimokawa et al., 2010) were conducted by 

the same research team who are leaders in the area of feedback, it is perhaps 

unsurprising that the results in the current study are somewhat less impressive than 

theirs.  

In addition, the current study was an effectiveness study showcasing the routine 
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practice of the training clinic, rather than a tightly controlled efficacy study. Although 

the clinic trains all psychotherapists in the importance of feedback and ensures feedback 

data is entered into the clinic database regularly, the realities of real-world practice 

mean that data may not be collected as routinely or used as frequently, and training may 

not be as rigorous as in the original research team. This may be particularly true in a 

training setting, where trainees are learning many new techniques all at once, and they 

may find it hard to prioritise one technique over another and to remember all they have 

learnt. Trainees tend to focus more on content (i.e. skills and techniques) than process 

(i.e. higher interpersonal skills, empathy, self-awareness) as they begin practicing 

psychotherapy (McNeill & Stoltenberg, 2016). Tailoring psychotherapy in response to 

feedback is a process skill, so trainees may struggle more to dynamically respond to 

feedback than more experienced psychotherapists.  

Interestingly, the higher deterioration rates in the current study compared to the 

feedback benchmark were only observed for clients who were not on-track. This 

perhaps suggests that trainees may be less able to respond effectively when a client is 

deteriorating. Trainees may be less accustomed to the trajectory of symptom change in 

psychotherapy and be errant in their expectations of the average response to 

psychotherapy (Connor & Callahan, 2015) and may take longer to achieve the same 

outcomes as licenced psychotherapists (Callahan & Hynan, 2005; Reese et al., 2009); 

clients may be unwilling to remain in psychotherapy long enough to see a reduction in 

their symptoms. Any of these factors may have contributed to the higher deterioration 

rate in the current study.  

Having established the validity of the setting by demonstrating that the clinics 

appeared to be implementing feedback with sufficient fidelity to improve outcomes, 

with outcomes consistent with those of licensed psychotherapists, we commenced 
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examining the effect of feedback for youth using the Y-OQ. Consistent with the third 

research hypothesis, youth in the current study had improved outcomes compared to the 

treatment-as-usual benchmark (Warren et al., 2012). Specifically, youth in the current 

study were more likely to improve and less likely to deteriorate, but about as likely to 

remain the same after psychotherapy compared to the treatment-as-usual benchmark. 

These results are consistent with previous research that feedback is effective at 

improving outcomes for adults in psychotherapy (Duncan & Reese, 2015; Lambert et 

al., 2018; Lutz, De Jong, et al., 2015; Shimokawa et al., 2010) and provides much 

needed findings in relation to youth psychotherapy. For youth, there are no current 

benchmarks for feedback effectiveness for the Y-OQ, but based on the findings from 

adults, it could reasonably be concluded that even in a non-training setting, using 

feedback from the Y-OQ should enhance outcomes compared to treatment-as-usual. 

The current study highlights that routine outcome monitoring requires an additional 

component to enhance outcomes: psychotherapists must view the feedback and then 

dynamically adjust psychotherapy when necessary to alter a client’s outcome.   

It is worth noting that the current study used only parent-report feedback. Youth 

often under-report symptoms and distress compared to their parents, and report their 

progress as occurring more rapidly than do their parents (Cannon et al., 2010). As such, 

the effectiveness rates obtained using youth-report data may suggest even further 

benefits of feedback. In addition, as one of the mechanisms for effective feedback may 

be prioritising and privileging client experiences (Duncan & Reese, 2015), seeking 

feedback from youth may be particularly important as they are often do not self-initiate 

treatment (Duncan et al., 2006). The Y-OQ has a self-report version for youth aged 12 

to 18 years (Wells, Burlingame, & Rose, 2003). This is an interesting avenue for future 

research.  
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Practice Implications 

The current study highlights the benefits of using feedback for both adult and 

youth clients in routine psychotherapy. Psychotherapists should be routinely monitoring 

their clients’ outcomes and using these outcomes to inform treatment. If a client is not 

improving, psychotherapists should be mindful to understand why the client is not 

benefiting from psychotherapy and seek to address these factors. Psychotherapists 

should also be monitoring their own effectiveness results; if they observe that they have 

higher than average rates of deterioration, psychotherapists should engage in thoughtful 

deliberation and seek supervision as to the cause of their higher deterioration rates. The 

vast majority of psychotherapists are highly skilled with certain clients and presenting 

problems, but less so with other clients and presenting problems (Kraus et al., 2016; 

Kraus et al., 2011). As practicing within the bounds of competence is an ethical 

mandate (e.g. American Psychological Association, 2017), psychotherapists could use 

feedback to identify the presenting problems they treat the most effectively and seek to 

gain client referrals for those presenting problems and refer on clients for whom they 

are less effective. 

Training Implications 

Given the benefits for clients, feedback should be taught to all psychotherapy 

trainees. Training has long focused on teaching specific techniques and treatment 

protocols, but to reflect the growing body of research literature highlighting common 

factors as essential to effective psychotherapy, training programs must shift their focus 

(Elkins, 2012); this would include a focus on feedback. As demonstrated in the current 

study, feedback can be taught to trainee psychotherapists and implemented effectively 

as early as their first practicum. However, trainees may need more support to effectively 

adjust treatment when a client is not on-track. Early training could alleviate some 
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common concerns raised by psychotherapists that prevent them from using feedback 

(Boyce et al., 2014), such as inadequate training, lack of guidelines supplied, difficulty 

interpreting the feedback results and confusion relating to the purpose of feedback and 

the causative link between feedback and enhanced outcomes. Psychotherapists who use 

feedback in their training period are more likely than trainees who did not use feedback 

to report they will use feedback measures once they are licenced (Overington, 

Fitzpatrick, Hunsley, & Drapeau, 2015). Adequate training must also be provided to 

supervisors to ensure they encourage their supervisees to use feedback and so that 

feedback is used effectively in supervision. 

Additionally, feedback may be valuable for trainee psychotherapists too. Clients 

can effectively become teachers, teaching psychotherapists about the best ways to 

influence outcome (Jacqueline A Sparks, Kisler, Adams, & Blumen, 2011). 

Psychotherapists learn self-efficacy that they can positively impact client change 

(Jacqueline A Sparks et al., 2011). Feedback and outcome graphs can be used in 

supervision to prioritise which clients to discuss, for the supervisor to track client 

progress in psychotherapy or for a teaching mechanism about the process of 

psychotherapy and ways to alter client outcome trajectories (Jacqueline A Sparks et al., 

2011).  

Feedback can also be used to formally or informally examine psychotherapist 

competence at delivering effective psychotherapy (Baldwin & Imel, 2013). Given that 

some psychotherapists have fewer clients improving and more clients deteriorating than 

the average psychotherapist (Kraus et al., 2011; Saxon & Barkham, 2012), it is a 

particularly important to identify these psychotherapists early in their training to provide 

correction, further training and supervision. If the ultimate goal of supervision is to 

ensure clients are positively benefitting from psychotherapy (O'Donovan, Halford, & 
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Walters, 2011), only knowing at the end of psychotherapy that the client has 

deteriorated is inadequate. Feedback detects clients’ lack of progress or deterioration 

before termination so supervisors could help psychotherapists adjust their in-session 

behaviours to alter the client’s outcome trajectory to one of improvement (O'Donovan et 

al., 2011).  

Limitations 

The benchmarking design in this study does not allow for causational 

conclusions to be drawn: the improved effectiveness results in the current study 

compared to the treatment-as-usual benchmarks may be the product of something other 

than feedback. This was unlikely to be due to psychotherapist training status or 

discipline, but many other salient differences could account for the improved results, 

such as increased supervision, reduced case load, differences in client symptoms, dose 

(number of sessions) or country of study (Australia). Some investigations were beyond 

the scope of the current research agenda, such as the effect of supervision or the 

potential impact of cultural differences between the USA and Australia; or were not 

able to be investigated due to differences in, or lack of, reporting in the benchmarking 

studies. For example, neither Shimokawa et al. (2010) nor Warren et al. (2012) reported 

number of sessions for the benchmarks used in the current study. 

In addition, although the results were not analysed in the current study, clients 

usually completed measures of working alliance, which they may have discussed with 

their psychotherapist. This feedback on working alliance may have also boosted 

outcomes in addition to, or even instead of, boosted outcomes due to feedback on 

symptom progress. As some feedback measures, such as the PCOMS, use feedback on 

both symptoms and the working alliance, we view these to be related constructs. 

Feedback is the process of seeking objective data from clients rather than relying on 
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clinical judgement alone and using this to responsively inform and adapt treatment to 

the client. To our knowledge, no studies have examined whether type of feedback (i.e. 

outcome or process) impacts feedback effectiveness.  

The use of naturalistic data precluded many investigations. For example, it is 

unknown how much psychotherapists and supervisors were actually using feedback, or 

whether the frequency of feedback use or believed importance of feedback moderated 

the effectiveness of feedback. While some strategies were established to ensure 

feedback was regular, it may not have been collected or used every session or every 

supervision session. Adult clients completed the OQ-45 at 91% of sessions, but youth 

clients’ parents completed the Y-OQ at only 68% of sessions, potentially reducing the 

effectiveness of the feedback. When feedback is delayed by a week, the impact on client 

outcome is negligible, but the efficiency of treatment is reduced (Slade, Lambert, 

Harmon, Smart, & Bailey, 2008). The effect of delays longer than a week on has not yet 

been investigated, but it provides less opportunity for psychotherapists to responsively 

adapt treatment.  

As the study was not a research trial, the clinic databases retain limited 

information beyond demographics, which precluded further analyses of predictors or 

moderators of effective feedback. There was no reliably coded information of Y-OQ 

informant at each session (i.e. mother or father report) as the OQ-Analyst software 

requires the informant to remember to select the appropriate informant-type from a 

drop-down menu without a prompt. Although the sample size for the study overall was 

well above average for training clinic samples (Mclients = 187; Dyason, Shanley, 

Hawkins, et al., 2019), the low sample size per psychotherapist limited investigations of 

psychotherapist effects. This is a common problem in training clinic samples due to the 

short durations and low caseloads in practicums. Investigations of psychotherapist 
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effects may be best conducted in non-training environments. 

Conclusion 

Overall, psychotherapy with a feedback-informed approach was more effective 

than benchmarks for treatment-as-usual, with 50% of adults and 64% of youth 

significantly improved after psychotherapy. For adults, this effectiveness was similar to 

benchmarked feedback studies, although there was a slightly higher rate of deterioration 

in the current study. The results further demonstrate the benefits of feedback at 

enhancing psychotherapy outcomes for adults and extend this finding to youth. This is 

the first study to document enhanced outcomes for youth who received feedback-

informed psychotherapy with the Y-OQ, compared to treatment-as-usual. Consistent 

with previous research, the results also highlight that trainee psychotherapists can be as 

effective as licenced psychotherapists. 
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CHAPTER SIX 
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Modelling Individualised Trajectories of Change to Improve  

Feedback Procedures in Psychotherapy 

The patient-focused research paradigm, first proposed by Howard et al. (1996), 

recognises that psychotherapy, while effective on average, is not effective for all clients: 

providing an evidence-based treatment is not a guarantee that it will be effective for an 

individual client. Consequently, the effectiveness of treatment needs to be assessed 

frequently for each client. By using individual client data to determine whether a 

treatment is effective for a specific client turns psychotherapy into a research-supported 

intervention (Lutz, De Jong, et al., 2015). Patient-focused research has become a 

prominent theme in the psychotherapy literature and has been one of the most cited 

areas in the journal Psychotherapy Research since its inception in 1996 (Muran & Lutz, 

2015). This paradigm, coinciding with the era of accountability, has ushered in routine 

outcome monitoring and feedback practices which have become mainstays of evidence-

based practice and components of clinical expertise (APA Presidential Task Force on 

Evidence-Based Practice, 2006).  

The base for all patient-focused research is routine outcome monitoring (ROM): 

repeatedly and frequently measuring clients’ symptom changes throughout treatment 

using psychometrically sound measures to evaluate the effectiveness of treatment. The 

data provided by ROM can then be used to inform a variety of patient-focused research 

agendas, both more broadly in research studies (e.g. sudden gains; Aderka et al., 2012) 

and more specifically within the process of psychotherapy itself (e.g. as a tool for 

facilitating conversations; Youn et al., 2012). One of the main uses of ROM data in 

patient-focused research is in providing feedback to psychotherapists on their clients’ 

progress in psychotherapy (Lutz, De Jong, et al., 2015). Overall, feedback has been 

shown to be “demonstrably effective” (Norcross & Wampold, 2011a, p. 99) at 
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improving client outcomes, and has been shown to prevent deterioration across several 

reviews and meta-analyses (Duncan & Reese, 2015; Lambert et al., 2018; Norcross & 

Wampold, 2011a; Shimokawa et al., 2010). Due to their evidence-bases as tools for 

enhancing outcomes, two of these feedback systems — the Outcome Questionnaire 

(OQ; Lambert & Burlingame, 1996) and the Partners for Change Outcome Management 

System (PCOMS; Duncan, 2011) — were even listed as stand-alone evidence-based 

interventions on SAMHSA’s (Substance Abuse and Mental Health Services 

Administration) National Registry of Evidence-based Programs and Practices (see 

https://nrepp.samhsa.gov/legacy) prior to the closure of the registry in 2018 (McCance-

Katz, 2018). 

Most feedback procedures (Davidson et al., 2015) highlight whether a client’s 

current progress is in line with the progress they are expected to make; feedback is most 

effective for these clients who have a significant discrepancy between their actual and 

expected progress (Lambert et al., 2018). If a client’s progress deviates significantly 

from their expected progress, they are considered to be “not on-track” for improvement 

and they are at high risk of leaving treatment deteriorated (Lambert et al., 2002). When 

the psychotherapist is alerted to this potential for deterioration, clients tend to have 

reduced rates of deterioration and increased rates of improvement, compared to clients 

of psychotherapists who do not receive feedback (Lambert et al., 2018). This expected 

treatment response is determined by empirical algorithms that expect clients’ progress 

to be negatively accelerating, whereby large gains are made rapidly early in treatment, 

but gains decrease in magnitude with each passing session (Castonguay et al., 2013).  

Interestingly, despite the necessarily individual-nature of patient-focused 

research, the standard algorithms for calculating the expected treatment response use 

group-level data based on the dose-response (Howard et al., 1986) and phase (Howard 



 122 

et al., 1993) models of psychotherapy (Castonguay et al., 2013) developed by Howard 

and colleagues. The dose-response model calculates the cumulative percentage of 

clients achieving reliable or clinically significant improvement at increasing lengths of 

treatment. To be able to extrapolate and interpolate from published findings, Howard et 

al. (1986) applied a log-normal transformation to session number and then used a linear 

function to predict the dose (number of sessions) of psychotherapy necessary for a 

chosen percentage of clients to improve. The phase model expanded the dose-response 

model to explain how change occurs over time. Howard et al. (1993) plotted the cross-

sectional means of measures of well-being, symptoms and life-functioning at intake and 

sessions 2, 4 and 17 and visually observed a negatively-accelerating pattern with larger 

changes earlier in treatment, followed by progressively smaller changes, which they 

interpreted to be consistent with the dose-response model. 

Using a log-transformation on the time variable, negatively accelerating 

expected treatment response curves have been calculated for a variety of feedback 

measures: the Outcome Questionnaire-45 (OQ-45; Lambert & Burlingame, 1996; 

Lambert et al., 2002), the Outcome Rating Scale (ORS; Anker et al., 2009) from the 

Partners for Change Outcome Management System (PCOMS; Duncan, 2011), the 

Clinical Outcomes in Routine Evaluation – Outcome Measure (CORE-OM; Barkham et 

al., 2001; Lutz et al., 2005), and the Mental Health Index composite (MHI; Leon et al., 

1999; Lueger et al., 2001; Lutz et al., 1999) from the Compass system (Howard et al., 

1993). Differences in scoring between measures, or in the population selected for 

calculating the expected treatment response, may lead to differences in gradient (rate of 

change) and intercept (initial symptom severity) of the derived curve, but the negatively 

accelerating shape has been used consistently across these measures. For example, for 

the OQ-45 — the most commonly-used and most-well researched feedback measure 
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(Lambert et al., 2018; OQ Measures LLC, n.d.) — expected treatment response curves 

were calculated separately for groups of clients with similar initial symptom severity 

scores (Lambert et al., 2002). When used for feedback, after the first administration of 

the outcome measure (to determine initial symptom severity), a client’s actual treatment 

response can be compared to an expected treatment response which was based on other 

clients with a similar initial symptom severity (Lambert et al., 2002).  

Integrating the research findings of the dose-response and phase models into 

current psychotherapy feedback procedures in this way poses a methodological 

challenge as it assumes the group-level expected treatment response trajectory is 

applicable to the individuals comprising the group, with the exception of clients who are 

not on-track. This invokes the ecological fallacy as group averages often do not hold 

true for the individuals within the group (Piantadosi et al., 1988). These group-level 

trajectories do not provide specific enough information to relate to the majority of 

individuals. In addition, they assume a constant response to psychotherapy, which 

diminishes over time; this does not account for “turning points”, perhaps where new 

techniques are implemented, or new skills learnt, which may alter the client’s rate or 

direction of change. Turning points would instead need to be captured through 

polynomial models (i.e., quadratic, cubic etc.).  

Although the mechanisms that explain why feedback affects psychotherapy 

outcomes are still being investigated, contextualised feedback theory (Sapyta et al., 

2005) suggests that for feedback to be effective it must (a) highlight if there is a 

discrepancy between the goal the client and psychotherapist are aiming for (i.e. 

improvement), where this goal is seen as attractive and achievable; (b) be specific and 

timely to increase the cognitive association between behaviours and 

outcome/performance; and (c) contribute information that the psychotherapist perceives 
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as valuable and that they could not obtain from their own clinical 

judgement/observations. This theory would suggest, therefore, that feedback is not 

going to be effective if it is (a) not highlighting goal-discrepancies, (b) not specific nor 

timely, and (c) does not contribute knowledge beyond what a psychotherapist already 

knows from clinical judgement and observation. Indeed, in one study, when 

psychotherapists were given information about their clinic’s deterioration rate (8%), 

they still only predicted 0.01% of their clients to deteriorate (a low prevalence) and had 

low sensitivity, correctly identifying only one out of 40 clients in the sample that 

deteriorated (Hannan et al., 2005). In that study, psychotherapists were given feedback 

that provided some information that they were unaware of previously, but it was not 

specific to a client or behaviour and it was not goal-related, so it did not change their 

perceptions of client deterioration. It seems, therefore, that all of the criteria proposed 

by the contextualised feedback theory may need to be present for feedback to increase 

effectiveness.  

Thus far, feedback procedures using ROM and the expected treatment response 

curve broadly meet these criteria proposed by the contextualised feedback theory for not 

on-track clients. Current feedback procedures (a) highlight when a discrepancy is 

occurring between the goal of improvement and the client’s progress (i.e. the client is 

not on-track) with excellent sensitivity and good specificity (e.g. Lambert et al., 2002); 

(b) can provide this feedback instantly at each session with software, such as the OQ-

Analyst (OQ Measures LLC, 2007) for the OQ family of measures or Better Outcomes 

Now (Duncan, n.d.) for the PCOMS; and (c) are far more accurate at predicting 

deterioration than are psychotherapists based on their clinical judgement alone (Hannan 

et al., 2005; Hatfield et al., 2010; Walfish et al., 2012).  
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The feedback given to psychotherapists for “on-track” clients, however, does not 

seem to meet all of these criteria mainly due to criteria (a): there is no significant 

discrepancy between their actual and expected progress to highlight, which means that 

(c) psychotherapists are not necessarily provided with valuable, new information. In a 

systematic review of qualitative studies of practitioners’ experiences with 

ROM/feedback implementation, a substantial barrier identified was that feedback 

results were difficult to interpret and, furthermore “professionals appreciated the 

graphic presentation of results, but identified a need for more sophisticated feedback 

that clearly depicts what constitutes a clinically important change” (Boyce et al., 2014, 

p. 513). Perhaps this is why feedback does not greatly increase effectiveness for on-

track clients.  

It is worth noting that the reason feedback does not greatly increase 

psychotherapy effectiveness for on-track clients is not because their outcomes are 

already so good that they cannot be improved further. In a meta-analysis of feedback 

using the OQ-45, even though psychotherapy was delivered by psychotherapists who 

are highly trained in utilising feedback (five out of six studies were conducted by the 

same research team who developed the OQ-45 and its related questionnaires), 48% of 

clients did not have any reliable change after a minimum of four sessions and 2% 

deteriorated (Shimokawa et al., 2010). Thus, improving effectiveness for all clients, 

including on-track clients, is still a worthwhile goal. 

Successful efforts have already been made to increase the effectiveness of 

feedback for not on-track clients through clinical support tools which assist 

psychotherapist decision-making about potential causes of deterioration (Whipple et al., 

2003). This would relate to criteria (a) and (c) in that it highlights the discrepancy 

between current progress and the goal and provides further valuable information to 
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psychotherapists. A recent meta-analysis found that the effect size for improved 

treatment outcomes for not on-track clients was .33 (a small effect) when feedback 

compared to no feedback. This increased to .49 (a medium effect) when clinical support 

tools and feedback combined were compared to no feedback conditions. However, there 

has not yet been any attempts to increase the effectiveness of feedback for on-track 

clients. 

The current study therefore presents an alternative statistical modelling 

procedure to augment existing feedback procedures, by individualising trajectories of 

symptom change, rather than relying on group-averages. Group-averages prioritise the 

overall trend of the group at the expense of characterising individual trends. 

Individualised modelling, however, prioritises the nuances of each client’s response to 

psychotherapy and allows individualisation on all parameters: individuals can vary on 

their rate of change (gradient), shape of change (how many turning points occur) and 

location (i.e. session number) of turning points to vary by individual client, in addition 

to initial symptom severity (intercept). Individualised modelling could increase the 

specificity of goals and the amount of valuable information that is provided to 

psychotherapists over what is currently available using the expected treatment response 

curve. Contextualised feedback theory would therefore suggest that this should increase 

the effectiveness of feedback. Similar to clinical support tools, the statistical procedures 

proposed and tested in the current study stand to complement current feedback 

procedures as another useful tool in the psychotherapist’s toolkit to ensure the best 

possible outcome for a client. 

If the adage “past behaviour is the best predictor of future behaviour” is true, 

predictions about future change could be enhanced by considering a client’s previous 

change. This is not a novel idea in the psychotherapy change literature; in 2005, Lutz et 
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al. showed that predictions of client progress were more accurate when trajectory 

information from similar previous clients (with similarity determined by factors 

including but not limited to symptom severity) and from the client’s own early 

trajectory were both included in calculating a revised expected treatment response 

(termed “nearest neighbours”). In contrast to comparing a client’s progress to a fully 

group-based trajectory estimate, as in the expected treatment response curve, it 

compared a client’s progress to an expected trajectory that was informed by both group-

level data as well as the individual client’s previous data. However, this method, while a 

significant advancement on the expected treatment response, still constrained all clients 

in the sample to have the same shape of change (either all linear or all negatively 

accelerating) which only allowed for individualisation of slope for each client’s 

predictions.  

With individualised models, future data points can be extrapolated from the 

model to predict future change based on the client’s previous change. A client’s actual 

progress can still be compared to their expected progress, but this expected progress is 

based on the client’s own response to treatment thus far rather than on group-level data 

which may be highly dissimilar to the individual client’s trajectory (see Chapter 3). 

Rather than the simple designation of “on-track” or “not on-track”, individualised 

modelling allows for more nuanced predictions which are highly specific to the client, 

provide a narrower range of expected scores than those provided by the expected 

treatment response and may be more goal-directed due to their enhanced specificity to 

the client. Goals may be related to sustaining or altering trajectories (i.e. maintaining 

progress or changing the direction or rate of change), which are more specific than the 

general goal of “improvement”. In particular, highlighting turning points that are 

specific to the client may be useful for testing psychotherapists’ hypotheses regarding 
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the mechanisms of change for the client, such as an extra-therapeutic event, a change in 

treatment plan, or a change in client insight or motivation, for example. These 

hypotheses would provide the basis for a continued or altered treatment plan to sustain 

the improvement. This hypothesis generation and testing might allow for the full 

realisation of patient-focused research. 

While psychotherapists may use the graphs provided with feedback for this 

purpose informally, natural client variability may make it difficult to visually detect 

general trends in the data and then to predict not only the direction of change but also 

importantly the magnitude of change, particularly with curvilinear (e.g. quadratic or 

cubic) trends. There is also no information currently available for psychotherapists to 

understand whether an individual client’s trajectory shape or rate of change is typical or 

unusual (aside from whether it deviates from the expected treatment response) or the 

likelihood of turning points in the client’s progress. If the use of empirical data has 

ameliorated psychotherapists’ difficulty detecting deterioration through feedback alerts, 

statistical modelling on empirical data may also be able to enhance psychotherapists’ 

ability to understand and predict future change for their clients and thus maximise the 

potential for improvement.  

Therefore, the objective of the current study is to model client symptom change 

individually, using data from two psychology training clinics. The current study will 

first model change individually across the entire duration of treatment to explore 

whether it is possible and informative to model change individually, and to generate 

normative information about groups of individuals which can inform the individualised 

change trajectories. This will examine how homogenous or heterogenous individualised 

trajectories are in psychotherapy and what patterns of symptom change are experienced 

by individuals in psychotherapy, neither of which have been examined previously. It 
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will also provide a basis for the second stage of analyses, which will demonstrate how 

the individualised modelling could be incorporated into feedback procedures to model 

past change and predict future change. This will simulate the “real-time” collection of 

data, using an updating approach. The statistical consideration of individualised 

trajectories is novel to psychotherapy but is more applicable to how feedback is used in 

the real-world. Bayesian statistics will be used for this purpose, primarily as the 

Bayesian paradigm provides a principled quantitative framework for focusing on an 

individual event, rather than on the frequency of occurrences of time as in traditional 

statistics (Etz & Vandekerckhove, 2018). Moreover, Bayesian statistics are more easily 

interpretable, can directly compare multiple models and allows for continual updating 

of models as data accrues, where information that is already known can be explicitly 

incorporated. 

Method 

Setting 

 The data was obtained from the archival databases of two psychology training 

clinics from one university in Queensland, Australia. The sample used in the current 

study has been described in more detail elsewhere (Chapter 5), including outcome 

summary statistics and data collection procedures. The clinics have a feedback-

informed procedure (see Chapter 5), whereby outcome measures are completed by 

clients prior to each session, and the results of these are immediately available to the 

treating psychotherapist. The psychotherapists are encouraged to view these results and 

discuss them with their clients, and to bring the results along to their weekly supervision 

for discussion. Psychotherapists are required to enter this data into the clinic database, 

which is audited at least bi-annually. Although it is clinic policy for feedback to be used 

to inform treatment and supervision, the extent to which this occurred was not recorded.  
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Participants 

 Clients. The total sample comprised 398 adults (149 male, 247 female, 2 

unknown/other) who ranged in age from 16 to 83 years old (M = 36.01; SD = 13.69). 

From this total sample, the last 25 clients at each clinic to commence treatment formed 

a hold-out sample (N = 50) to test model predictions (Colman, 2015; Schorfheide & 

Wolpin, 2016). Bayesian t-tests and contingency tables (described below) showed 

moderate evidence that there the main sample and the hold-out sample were comparable 

in age and gender proportions: it was 3.88 times and 6.76 times more likely that there 

were no significant differences between the main sample (N = 348) and the hold-out 

sample (N =50) on age (BF = 0.26) or gender proportions (BF = 0.15), respectively, 

than that there were differences. No reliably coded information was retained in the 

clinic database for presenting problem or diagnosis. The clinics see clients with a wide 

range of presenting problems; however, clients with active psychosis, severe substance 

abuse, current suicidal intent, current risk of harming others and upcoming legal 

proceedings are referred on to other services. 

Psychotherapists and supervisors. Clients were treated by 151 provisionally-

registered psychologists who were completing the first practicum of their postgraduate 

training. Psychotherapists had a minimum of four years undergraduate training prior to 

treating clients. Each psychotherapist treated between 1 and 7 clients (Median = 2, M = 

2.64; SD = 1.34). All psychotherapists were trained as evidence-based practitioners, 

selecting the therapeutic approach that best suits each client’s unique presentation based 

on available research evidence combined with their own and their supervisor’s clinical 

judgement. As such, clients were treated from a variety of therapeutic orientations. 

Supervisors were 47 fully-registered clinical psychologists. No further demographic 

information was available in the clinic database for psychotherapists or supervisors. 
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Measures 

The Outcome Questionnaire-45 (Lambert & Burlingame, 1996) is a 45-item 

self-report measure designed to assess and track the frequency and severity of mental 

health symptoms across three subscales: Symptom Distress, Interpersonal Relationships 

and Social Role. Items are rated on a 5-point Likert scale (1 = never or almost never; 5 

= almost always or Always) to represent the frequency of that symptom in the past 

seven days. Nine negatively scored items identify positive, healthy behaviours. The 

OQ-45 subscales can be summed to provide a total distress score, with higher scores 

indicating poorer psychological functioning; total scores range from 0 to 180. The OQ-

45 has a reliable change index of 14 points and a clinical cut-off of 63, where clients 

whose score falls at or above 63 have functioning and distress more similar to a clinical 

population. The OQ-45 has good psychometric properties: good internal consistency, α 

= .93 (Wells et al., 1996); good convergent validity with and specificity from other 

well-established measures of mental health (Lambert et al., 1996; Umphress, Lambert, 

Smart, Barlow, & Clouse, 1997); and good sensitivity to change (Vermeersch et al., 

2000; Vermeersch et al., 2004) as it was specifically designed for repeat administration. 

It was not possible to calculate the internal consistency for the current sample as only 

OQ-45 total and sub-scale scores were recorded in the clinic database.  

Procedure 

With university ethics approval (reference number: 2015/330), deidentified data 

was extracted from the clinic database for clients attending the clinics between 2012 and 

2016, who (a) had consented to their de-identified information being used for research, 

(b) had completed the outcome measure at least twice, and (c) had completed their first 

outcome measure at session 1, 2 or 3. Data was extracted only for clients who attended 

individual psychotherapy (as opposed to group psychotherapy or cognitive 
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assessments). At their first session, clients chose whether to give consent to their de-

identified data being used for research. If clients had multiple episodes of care, only 

their first was retained for the current study. Prior to all sessions (including the first), 

clients completed the OQ-45 at a computer terminal in the clinic waiting room using the 

OQ-Analyst software (OQ Measures LLC, 2007), the results of which were then 

available immediately to the treating psychotherapist.  

Statistical Analyses 

For a more thorough explanation of the statistical analyses conducted and the 

strengths and limitations of these approaches, please see Chapters 4 and 8. For a more 

detailed introduction to Bayesian inference for psychology, please see Etz and 

Vandekerckhove (2018). Analyses were conducted in two phases: model fitting and 

predictions. The total sample was split into a main sample and a hold-out sample to 

facilitate these two separate analyses (Schorfheide & Wolpin, 2016). 

Bayesian approach. Traditional Frequentist (p-values) statistics rely on an 

interpretation of probability as the expected frequency of an outcome over multiple 

repetitions of a procedure, or in other words, “if I repeat this experiment 100 times, how 

many times is the outcome going to occur?” (Etz & Vandekerckhove, 2018). However, 

Bayesian statistics interpret probability more broadly as a degree of belief (which may 

still include an observed or hypothetical frequency), or in other words, “how certain do 

I think this occurrence is, based on the information I have?” (Etz & Vandekerckhove, 

2018). Bayesian statistics is therefore a more appropriate statistical choice for the study 

of a single course of psychotherapy for an individual, where repeated experiments are 

not feasible nor logical (Western & Jackman, 1994).   

Bayesian statistics incorporates information that is already known (called a 

“prior” model) into the degree of belief, which is updated with newly observed data to 
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result in a “posterior” model. This posterior probability distribution jointly describes all 

model parameters (whereas traditional statistics do not) and can then become a prior 

(information that is already known) when new data is collected which forms a new 

posterior model. Thus, Bayesian statistics allows for and encourages continual updating, 

which is suitable for continual monitoring of response to psychotherapy, as the model 

can be updated when more data is collected at each session. This stands in contrast to 

traditional Frequentist approaches where modelling typically occurs once all the data 

has been collected, and only once. Psychotherapy studies traditionally employ pre-post 

designs; however, if feedback was not given until the end of psychotherapy, it would 

not be able to inform treatment dynamically.  

Comparisons between groups. The JASP statistical software (JASP Team, 

2018), which provides a user-friendly menu-driven interface to R functions, was used to 

conduct Bayesian ANOVAs to examine differences in continuous variables between 

multiple groups, Bayesian t-tests to examine differences in continuous variables 

between two groups, and Bayesian contingency tables to examine differences in 

proportions between two groups. Default, non-informative priors were used for these 

analyses which assigned equal prior probability to the model being tested and the null 

hypothesis model. Bayes factors (BF) indicate the degree of change from prior to 

posterior probability of the model, quantifying how much has been learnt from the data 

(Kruschke & Liddell, 2018) and were calculated using the JZS method (Jeffreys, 1961; 

Zellner & Siow, 1980). Bayes factors are easily interpretable as odds ratios, giving the 

likelihood of the model compared to the reference model, or vice versa (Rouder, 

Speckman, Sun, Morey, & Iverson, 2009). 

Individualised modelling of symptom change trajectories in the main 

sample. As there is no information currently available about the shape of change 
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individuals follow in psychotherapy, Bayesian curve-linear regression models (using 

polynomial terms in time) were fit to each individual in the main sample to assess the 

shapes of change in psychotherapy. Six trend models were considered increasing in 

polynomial degree: constant reflecting no change, linear reflecting constant 

improvement or deterioration, and quadratic, cubic, quartic or quintic trends reflecting 

one to four turning points respectively. These were compared to a linear model with a 

log-transformation applied to time (session number) to reflect the expected treatment 

response curve. Regressions were fit with Normal errors. All model fitting analyses 

were conducted in the statistical software, R (R Core Team, 2018). No packages existed 

that were able to conduct all the required modelling and produce graphical 

representations of the models, scripts were written to utilise specific features of several 

packages: “reshape2” (Wickham, 2017) for data manipulation, “MCMCpack” (Martin 

et al., 2018) and “rstanarm” (Gabry, Ali, et al., 2018) for Bayesian inference, 

“bayesplot” (Gabry, Mahr, Bürkner, Modrák, & Barrett, 2018) for Bayesian diagnostics, 

“ggplot2” (Wickham et al., 2018) for the grammar of graphics, and “gridExtra” (Auguie 

& Antonov, 2017) and “grid” (now part of base R functions) for arranging multiple 

graphs. Non-informative priors were used for polynomial coefficients in trend models, 

to reflect that at the outset, the psychotherapist had no prior expectations about the 

client’s potential trajectory. Bayes factors estimated the weight of evidence for each 

trend model, that was learnt from each client’s data. These enabled calculation of the 

posterior probability of each trend model for each client, accounting for relative fit and 

model complexity. The posterior probabilities of each model (ppm) for each client 

contributed to an overall estimate of the population prevalence of each trend model 

shape, which then provided a prior for the second stage of analyses: individualized 

projections of trajectories (predictions) for each client in the hold-out sample. 
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Sequential individualised modelling with predictions in the hold-out 

sample. Information about the occurrence of each trend model shape in the population 

(the main sample) was used as a prior for predictions in the hold-out sample. In this 

way, the predictions are still based on models that fit the individual client’s data, but can 

also be informed by the relative prevalence of shapes of trends in the population. The 

same modelling procedure was used as described above, but models were calculated at 

five session intervals (termed “horizons”) for each client. At each horizon, predictions 

were generated for the next five sessions based on an extrapolation of each trend model. 

Reflecting the way that psychotherapy would unfold in reality, each client’s models 

were updated at every horizon with the client’s “new” data. As for the main sample, the 

posterior probability of each model (ppm) was calculated to show the plausibility of 

each model given the client’s data, however unlike the main sample, these ppms were 

updated with priors about the shapes of change across the population. All predictions 

for the hold-out sample were conducted in R using the same packages, and similar 

scripts, as used for the model fitting. 

Results 

Describing the Data 

In the total sample (N = 398), clients attended between 2 and 40 sessions of 

psychotherapy (M = 12.11; SD = 6.93), although this was positively skewed (Q1 = 7, 

Median = 11, Q3 = 16). There was strong evidence there was no significant difference 

in number of sessions attended by the main sample and the hold-out sample, (BF = 

0.15), or in other words, it was 6.76 times more likely that there was no difference 

between the samples on number of sessions attended than that there was a difference. 

Figure 1 shows the number of clients attending each session and the number of 

completed outcome measurements available at each session. Clients attended a total of 
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4820 sessions and provided 4389 outcome measurements (data points) at these sessions; 

the data was therefore 91% complete with an average of 1.08 missing data points per 

person. The amount of missing data per session ranged from 0-100%, but as can be seen 

in Figure 1, 0% or 100% missing only occurred after session 33, when there were only 

three clients attending. Prior to and including session 20, there was an average of 8.51% 

missing data points per session (range = 3.17% at session 19 to 15.98% at session 13). 

Interestingly, it was 13.33 times more likely that there was a difference in the amount of 

missing data between the main and hold-out samples than that was no difference; there 

was less missing data in the hold-out sample (M = 95.36% complete, SD = 10.67%) 

than in the main sample (M = 88.25% complete, SD = 15.76%). 

 

Figure 1. The number of clients attending each session compared to the number of data 

points available at each session. 

 

Initial scores on the OQ-45 ranged from 11 to 140 (M = 76.49; SD = 22.47) in 

the total sample, with 71% of clients commencing psychotherapy with a score above the 
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likely that there were no significant differences between the main sample and the hold-

out sample on initial OQ-45 scores (BF = 0.29) or in the percentage of clients 

commencing psychotherapy above the clinical-cut off (BF = 0.19), respectively, than 

that there were significant differences. The difference between the first recorded score 

and the last recorded score on the OQ-45 was calculated for each individual client. 

Clients achieved an average improvement of +17.0 points (SD = 23.04, range = –86 to 

+96). There was very slight evidence that there was no significant difference between 

the main and hold-out samples on outcome (BF = 0.80); it was 1.24 times more likely 

that there was no significant difference than that there were. Following the Jacobson 

and Truax (1991) methodology, in the total sample, 116 clients (29.1%) experienced 

clinically significant improvement, 82 (20.6%) reliably improved, 170 (42.7%) did not 

experience any reliable change, 21 (5.3%) reliably deteriorated and 9 (2.3%) 

experienced clinically significant deterioration. Further analysis of these effectiveness 

results for the total sample, including comparison with published effectiveness 

benchmarks, are available in Chapter 5 (Dyason, Shanley, O’Donovan, & Low-Choy, 

2019).  

Individualised Modelling: Main Sample 

Initially, seven different models were fit for each client in the main sample (N = 

348): constant (i.e. intercept only), linear, quadratic, cubic, quartic, quintic and linear 

with log-time (expected treatment response curve). With the exception of the log-time 

model, all models utilised the total OQ-45 score as the response (or dependent) variable, 

and number of sessions as the explanatory (or independent) time-variable. For the log-

time model, the logarithm of time (number of sessions) was used instead. This allowed 

all parameters (coefficients for polynomial terms and unexplained variance) for each 

model to vary by person. Higher order models were only fit if the client had sufficient 



 138 

number of data points allowing each model to be fit statistically rather than 

deterministically (i.e. the highest power + 2; for example, three data points for a linear 

model or four data points for a quadratic model) and if the data points were not all equal 

(which would lead to zero variance). The full range of models could be fit and 

compared for the majority of the sample (N = 249; 71.6%). No models could be fit for 

one client who only had two data-points with zero variance (i.e. the same score at both 

sessions). Models at least up to quartic could be fit and compared for 270 clients 

(77.6%), at least up to cubic for 280 clients (80.5%), at least up to quadratic for 299 

clients (85.9%), at least up to linear and linear in log-time for 320 clients (92.0%). Thus, 

comparison between at least three trend model shapes was available for 92% of the 

sample. The best-fitting model for each client was selected based on the highest 

posterior probability of the model (ppm). The posterior probability shows how likely 

each model is for each client, based on the available data. For clients (N = 27) where 

only the constant model could be fit and no other models were possible, the constant 

model was automatically selected as the best-fit. For the best-fitting models, posterior 

probabilities ranged from ppm = 21% to 100% (Q1 = 0.40, Median = 0.54, Q3 = 0.69). 

As shown in Table 1, most clients (65.4%) fit the constant and linear models best. Only 

7.5% of clients fit the linear log-time model best, with only 3% of clients showing 

negatively accelerating improvement. Upon viewing their trajectory plots, the better fit 

occurred for clients with slightly more variability later in treatment. Summaries of the 

parameters of the selected best-fitting models are shown in Table 1.  

Model parameters varied widely within each shape model, suggesting that 

within each shape model, there was significant diversity in trajectories. Interestingly, 

the quartic and quintic models were the only model shapes where all clients had a 

downward linear trend overall, suggesting all clients who fit these models were  
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Table 1 
Summary of model parameters for best-fitting models for main sample (N = 347) with seven models considered 

  Model 

  Constant Linear Quadratic Cubic Quartic Quintic Linear Log-time 

N (%) of clients 117 (33.7%) 110 (31.7%) 41 (11.8%) 30 (8.6%) 12 (3.5%) 11 (3.2%) 26 (7.5%) 

Mean (SD) outcome 4.94 (11.64) 28.71 (20.27) 26.66 (20.15) 26.33 (25.23) 35.25 (26.63) 26.73 (20.38) -5.27 (26.14) 

Mean (SD) sessions 8.93 (6.37) 12.74 (5.47) 14.71 (6.19) 16.50 (7.93) 19.25 (8.29) 18.18 (6.45) 10.19 (3.31) 

PPM Range 0.21 – 1.00 0.26 – 0.97 0.29 – 0.79 0.25 – 0.87 0.24 – 0.94 0.31 – 0.97 0.26 – 0.88 

 Mean (SD) 0.65 (0.23) 0.54 (0.17) 0.49 (0.15) 0.50 (0.17) 0.53 (0.22) 0.59 (0.24) 0.48 (0.13) 

Model Parameters        

Intercept Range 14.39 – 133.64 25.33 – 117.21 23.51 – 128.01 24.60 – 111.66 22.96 – 100.11 54.44 – 125.20 20.38 – 140.14 

 Mean (SD) 71.58 (23.13) 63.83 (18.70) 61.78 (24.06) 63.12 (23.91) 63.26 (23.49) 67.84 (20.67) 68.67 (26.67) 

Linear Range  -91.11 – 21.54 -78.37 – 10.15 -67.45 – 57.64 -95.06 – -4.95 -57.30 – -7.92 -19.70 – 18.53 

 Mean (SD)  -29.88 (20.82) -30.55 (23.91) -22.11 (27.02) -30.85 (25.00) -35.03 (17.04) 2.62 (12.10) 

Quadratic Range   -49.90 – 35.92 -50.41 – 33.79 -25.98 – 44.86 -36.72 – 23.81  

 Mean (SD)   2.40 (21.89) 8.51 (19.82) 14.66 (24.58) -3.54 (17.44)  

Cubic Range    -35.59 – 28.18 -30.07 – 67.56 -22.11 – 21.45  

 Mean (SD)    -7.90 (18.49) -4.68 (26.11) -1.67 (12.77)  

Quartic Range     -45.62 – 33.17 -35.83 – 24.36  

 Mean (SD)     -5.74 (27.35) -1.08 (19.08)  

Quintic Range      -23.71 – 35.87  

 Mean (SD)      6.26 (21.16)  

Notes. No models were able to be fit for one client who had zero variance across two data points (i.e. had the same score at both sessions), hence the results presented in this 
table are for 347 clients not 348. PPM = posterior probability of model. Outcome is change in OQ-45 score from first to last session; higher scores indicate greater 
improvement. 
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generally improving, despite significant variability in their trajectories, including 

multiple turning points (i.e. deterioration before improvement). It was 3.58 times more 

likely that there were no significant differences between the models on intercepts (BF = 

0.28) than that there were significant differences. Mean outcomes and number of 

sessions attended are also shown in Table 1. There was very strong evidence that client 

outcomes (BF = 2.46x1022) and number of sessions attended (BF = 5.644x1010) differed 

significantly between models. Specifically, clients best-fitting the constant and log-time 

models had poorer outcomes than clients best-fitting the other models (BF range = 

31.71 – 2.063x1019); in other words, it was over 30 times more likely that there were 

significant differences between the outcomes of clients best-fitting the constant and log-

time models and the remainder of the models, than that there were no differences 

between the models. In addition, it was 13.86 times more likely that clients best-fitting 

the log-time model had worse outcomes than clients best-fitting the constant model, 

than that there were no differences between the models. Generally, clients best-fitting 

more complex models attended more sessions, on average. Clients best-fitting the 

constant and log-time models attended fewer sessions than clients best-fitting the 

quadratic (constant BF = 8,916.03, log-time BF = 7.80), cubic (constant BF = 6, 

2135.94, log-time BF = 17.92), quartic (constant BF = 12,457.35, log-time BF = 41.98) 

and quintic models (constant BF = 1,304.75, log-time BF = 24.55); clients best-fitting 

the linear model attended fewer sessions than clients best-fitting the cubic (BF = 11.19), 

quartic (BF = 73.98) and quintic models (BF = 14.11), but more than clients best-fitting 

the constant model (BF = 4,099.47). 

An example of the model fit comparisons for one client is shown in Figure 2. 

The linear model was the most likely model for this client, with a posterior probability 

of 66%. However, there was also some support for the quadratic model, indicating that  
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             Constant                   Linear                      Quadratic                 Cubic                       Quartic                     Quintic                     Log-time 

 
 
Figure 2. A comparison of seven model fits for one client over the course of treatment (17 sessions). The client’s actual scores at each session are 
shown as black dots. For each model, the 50% of values that are most plausible are shown by the dark blue bands (50% credible interval [CI]), 
the 95% of values that are the most plausible are shown by the light blue bands (95% CI), the 98% of values that are most plausible are shown by 
the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by the pink bands (99.8% CI). PPM = posterior probability of 
model. PPPD = posterior probability density of model. 
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although change was fairly constant throughout treatment, improvement appears to be 

slightly more rapid at the end of treatment. There is very little support (0.08% 

probability) for this client fitting the log-time model.  

Due to the low frequency of clients fitting the quartic, quintic and linear log-

time models, to increase interpretability for the predictions, the models were re-run 

again with only four models considered: constant, linear, quadratic and cubic. Eighty 

percent of clients (N = 280) were able to have all four models fit and compared, 86% of 

clients (N = 299) had at least three models fit and 92% of clients (N = 320) had at least 

two models fit. As before, no models could be fit for one client with zero variance. The 

remaining clients (N = 27, 7.8%) only had enough data to statistically fit the constant 

model, which precluded model comparisons. As shown in Table 2, most clients again fit 

the constant and linear models best. For the best-fitting models, posterior probabilities 

ranged from 30% to 100% (Q1 = 0.50, Median = 0.64, Q3 = 0.78).  

Summaries of the parameters of the selected best-fitting models are shown in 

Table 2. As before, model parameters varied widely within each shape model, 

suggesting significant diversity in trajectories. For each degree of polynomial 

considered, for the best-fitting model shape, not all clients had exclusively downward 

linear trends. There was no strong evidence that there were or were not significant 

differences between the models on intercept (BF = 0.95). Post-hoc tests indicated it was 

4.83 times more likely that the constant models had higher intercepts than the linear 

models, than that there was no difference between the models; there were no significant 

differences between the linear, quadratic and cubic models (BF range = 0.17 – 0.24). 

Mean number of sessions attended and mean outcome scores are also shown in Table 2. 

There was very strong evidence that there were significant differences between the 

models on number of sessions (BF = 8.182x1010) and on client outcomes (BF =  
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Table 2 

Summary of model parameters for best-fitting models for main sample (N = 347) with 

four models considered 

  Model 

  Constant Linear Quadratic Cubic 

N (%) of clients 124 (35.7%) 132 (38.0%) 55 (15.9%) 36 (10.4%) 

Mean (SD) outcome 4.44 (12.51) 24.79 (24.04) 26.04 (23.23) 26.22 (24.81) 

Mean (SD) sessions 9.02 (6.25) 12.50 (5.71) 15.55 (6.84) 17.31 (7.95) 

PPM Range 0.30 – 1.00 0.30 – 0.99 0.30 – 0.89 0.34 – 1.00 

 Mean (SD) 0.71 (0.20) 0.62 (0.15) 0.55 (0.15) 0.72 (0.22) 

Model Parameters     

Intercept Range 14.39 – 133.64 12.15 – 130.57 23.51 – 128.01 22.94 – 111.66 

 Mean (SD) 72.25 (23.10) 64.76 (20.39) 65.17 (23.91) 63.45 (25.17) 

Linear Range  -91.11 – 49.58 -95.05 – 16.91 -67.45 – 57.64 

 Mean (SD)  -25.70 (24.17) -29.66 (26.40) -21.87 (25.08) 

Quadratic Range   -49.90 – 40.87 -50.41 – 44.70  

 Mean (SD)   1.18 (22.23) 9.67 (20.54) 

Cubic Range    -35.59 – 67.63 

 Mean (SD)    -7.85 (21.97) 

Notes. No models were able to be fit for one client who had zero variance across two 
data points (i.e. had the same score at both sessions), hence the results presented in this 
table are for 347 clients not 348. PPM = posterior probability of model.  
 

1.569x1013). Specifically, except between the quadratic and cubic model (BF = 0.39), 

there were significant differences between all model pairs (BF range = 14.68 – 

1.183x107), with number of sessions increasing with model complexity. For outcomes, 

clients best-fitting the constant models had poorer outcomes than clients best-fitting the 

linear (BF = 1.837x1012), quadratic (BF = 5.217x1010) and cubic (BF = 2.393x108) 

models; there were no significant differences between the linear, quadratic and cubic 

models (BF range = 0.18 – 0.22). 

An example of the model fit comparisons for one client is shown in Figure 3. 

The cubic model was the most likely model for this client, with a posterior probability  
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           Constant Model           Linear Model              Quadratic Model        Cubic Model 

 
 
Figure 3. A comparison of four model fits for one client over the course of treatment 
(10 sessions). The client’s actual scores at each session are shown as black dots. For 
each model, the 50% of values that are most plausible are shown by the dark blue bands 
(50% credible interval [CI]), the 95% of values that are the most plausible are shown by 
the light blue bands (95% CI), the 98% of values that are most plausible are shown by 
the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by 
the pink bands (99.8% CI). PPM = posterior probability of model. PPPD = posterior 
probability density of model. 
 

of 86%. This showed that although the client experienced some variability in their 

scores, generally they improved in the first few sessions; then the first turning point at 

session 4 identified a regression in their symptoms, where they returned to their original 

functioning; before finally they experienced a large improvement in the latter half of 
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treatment with a second turning point after session 6, finishing psychotherapy after ten 

sessions having achieved reliable improvement. 

Sequential Individualised Modelling with Predictions: Hold-out Sample 

Four models (constant, linear, quadratic and cubic) were fit to each client’s data 

in the hold-out sample (N = 36 clients with adequate data for predictions; 14 clients did 

not have enough data for predictions) at 5-session intervals, which were then used to 

predict the client’s scores at the next five sessions. The four models were first fit to each 

client’s data from sessions one through five (termed “Horizon 5”) and then these models 

were used to predict the client’s scores at sessions six through ten; then, the four models 

were updated to fit to each client’s data from sessions one through ten (termed “Horizon 

10”) which were used to predict the client’s scores at sessions eleven through fifteen, 

and so on. In this sample, two clients had enough data for models to be fit up to Horizon 

25, but hypothetically, the model updating procedure can be run for as many sessions as 

the client attends. Two types of priors were used for model fitting. The first was a non-

informative prior which weighted all four models as equally likely, to form a uniform 

prior when projecting trajectories for each client. The second was an informative prior 

based on the prevalence of each trend model being selected as best, for clients in the 

main sample, with three in four chance of a constant or linear model, each equally 

weighted (36% and 38% respectively), 16% chance of a quadratic model and 10% 

chance of a cubic model. 

Non-informative prior. Using the non-informative prior, the constant model 

was the best-fitting model for most clients at every horizon except Horizon 20 (where 

the linear model was the best-fitting model for the majority of clients). The number of 

clients best-fitting each model at each horizon is shown in Table 3. For the best-fitting 

models, posterior probabilities ranged from 28% to 91% (Q1 = 0.49, Median = 0.63, Q3  
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Table 3 

The Number and Percentage of Clients Best Fitting Each Model at Each Horizon 

(Time-Point) Using A Non-Informative Prior 

 Model 

Horizon Constant Linear Quadratic Cubic 

5 20 (55.6%) 10 (27.8%) 0 (0%) 6 (16.7%) 

10 13 (54.2%) 7 (29.2%) 3 (12.5%) 1 (4.2%) 

15 7 (58.3%) 3 (25%) 2 (16.7%) 0 (0%) 

20 2 (40%) 3 (60%) 0 (0%) 0 (0%) 

25 2 (100%) 0 (0%) 0 (0%) 0 (0%) 

 

= 0.75). Twelve clients only had enough data for one horizon to be fit (i.e. they did not 

have more than ten data points). Of those clients who had enough data for two or more 

horizons (N = 24), 11 had the same best-fitting model across all horizons. Six clients 

had an increase in model complexity across horizons (e.g. changed from a constant best-

fitting model to a linear best-fitting model), five had a decrease in model complexity 

across horizons (e.g. changed from a cubic best-fitting model to a constant best-fitting 

model) and two had both increases and decreases in model complexity across horizons 

(e.g. changed from a linear best-fitting model to a constant to a quadratic best-fitting 

model). 

Informative prior. Using the informative prior, the constant model was again 

the best-fitting model for most clients at every horizon except Horizon 20, where the 

linear model was the best-fitting model for the majority of clients. The number of 

clients best-fitting each model at each horizon is shown in Table 4. Compared to the 

non-informative prior, using the informative prior changed the best-fitting model for  
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Table 4 

The Number and Percentage of Clients Best Fitting Each Model at Each Horizon 

(Time-point) Using an Informative Prior 

 Model 

Horizon Constant Linear Quadratic Cubic 

5 23 (63.9%) 12 (33.3%) 0 (0%) 1 (2.8%) 

10 14 (58.3%) 8 (33.3%) 2 (8.3%) 0 (0%) 

15 7 (58.3%) 3 (25%) 2 (16.7%) 0 (0%) 

20 2 (40%) 3 (60%) 0 (0%) 0 (0%) 

25 2 (100%) 0 (0%) 0 (0%) 0 (0%) 

 

just six out of thirty-six clients: five of these clients experienced changes at only one 

horizon, and one client experienced changes at two horizons. These seven changes to 

the best-fitting model constituted only 8.86% of the models that were fit for this sample, 

indicating that using an informative prior (based on population-based prevalence of 

trend model shape) did not have a large impact on the model selection. However, as 

expected the posterior probabilities of the models changed for all clients for all models, 

ranging from 0.004% to 28% (Q1 = 0.02, Median = 0.05, Q3 = 0.09). For the best-

fitting models, posterior probabilities ranged from 37% to 96% (Q1  = 0.56, Median = 

0.69, Q3 = 0.81). Of those clients who had enough data for two or more horizons (N = 

24), 12 had the same best-fitting model across all horizon time-points. Eight clients had 

an increase in model complexity across horizons and four had a decrease in model 

complexity across horizons. 

Exemplars. Three exemplar client’s models are shown below in Figures 4 

through 6 to highlight the utility of the model predictions. At each horizon (time-point 
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separating the training data from the projected data), all four models were fitted, and 

predictions were generated from each model. The posterior probability of each model 

(“ppm”) is shown above each model for first the non-informative and then the 

informative prior. The best-fitting model is the model with the highest ppm, which 

shows how likely the model is given the data. Black dots show the client’s observed 

scores which were used to fit each of the four models. The model predictions for the 

next five sessions are shown with a coloured line (blue for sessions six to ten, green for 

sessions eleven to fifteen and orange for sessions sixteen through twenty). Varying 

credible intervals around the model are shown as coloured bands. The coloured dots 

show the client’s observed scores after the model prediction for comparison.  

In the first exemplar, after the first five sessions, the client appears to be 

deteriorating fairly rapidly, with a linear best-fitting model regardless of whether the 

informative or non-informative prior is used (see Figure 4a). The blue line shows the 

client’s expected trajectory for sessions six through ten. The linear model predicts that 

the client will continue deteriorating in a constant fashion over the next five sessions 

with a 47% chance if only the client’s data is used to inform predictions, or a 55% 

chance if trend shapes of previous clients are also factored in. Based on the data alone, 

considering the projected improvement or deterioration under each shape of trend 

(weighted by ppm), there is less than a 25% chance that the client will improve in the 

next five sessions. However, as is shown by the client’s observed data at sessions six 

through ten (the blue dots), the client actually rapidly improved and “beat the odds”. 

Although no case notes were available in the current study, this potentially highlights 

the value of feedback: the psychotherapist may have realised their client was 

deteriorating and changed their treatment plan accordingly.  
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a. Horizon 5          b. Horizon 10 
        Constant Model       Linear Model          Quadratic Model    Cubic Model            Constant Model      Linear Model           Quadratic Model     Cubic Model       

 
 
Figure 4. A comparison of four model fits after the first five sessions (a. Horizon 5) and after the first ten sessions (b. Horizon 10) for exemplar client 1. Black dots show the 
client’s observed scores from which the model fitting is based on. The coloured lines (blue for Horizon 5 and green for Horizon 10) show the predicted scores based on 
projection of the model. The coloured dots show the client’s observed scores after the horizon for comparison with the predictions. For each model, the 50% of values that are 
most plausible are shown by the dark blue bands (50% credible interval [CI]), the 95% of values that are the most plausible are shown by the light blue bands (95% CI), the 
98% of values that are most plausible are shown by the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by the pink bands (99.8% CI). PPM = 
posterior probability of the model. PPMD = posterior probability density of the model. The first ppm was calculated with the non-informative prior, and the second ppm was 
calculated with the informative prior.  
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At the next prediction time-point (Horizon 10; see Figure 4b), the models have 

updated to additionally incorporate information from sessions six through ten, and a 

quadratic model is the most likely (indicated by the highest posterior probability under 

both the non-informative and informative priors), with a turning point identified at 

session 5. Due to their mathematical properties, the posterior probability of 

improvement can be calculated using the posterior probability of trend shape. This 

suggests that the client is more than 80% likely to continue improving. Across all model 

choices, the analysis suggests that the client is only 0.1% (at most) likely to remain the 

same and 0% likely to deteriorate (as no model predicts deterioration). Overall, this 

client reliably improved and finished psychotherapy with scores in the non-clinical 

range, although they could not experience clinically significant improvement as they 

commenced psychotherapy just below the clinical cut-off.  

In the second exemplar, the linear model remains the best-fitting model 

throughout this client’s entire course of psychotherapy (see Figure 5). At Horizon 5, the 

uncertainty of the quadratic and particularly the cubic model is very high, with a very 

wide uncertainty surrounding predictions. This highlights that the models are using a 

turning point to make predictions, but the direction of the change after the turn is 

unknown. However, based on the client’s data and previous client’s model fits, those 

two models are unlikely. Generally, as more data accumulates that fit the model well, 

the more plausible that model becomes, which is shown in this exemplar between 

Horizons 5 and 10; there is a small drop in the posterior probability of the linear model 

between Horizons 10 and 15 as the client had more variability in their scores between 

sessions 11 to 14. Overall, this client experienced clinically significant improvement 

after reliably improving and moving from above the clinical cut-off to below the clinical  
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a. Horizon 5             b. Horizon 10     c. Horizon 15 
        Constant        Linear            Quadratic       Cubic              Constant         Linear            Quadratic       Cubic               Constant         Linear            Quadratic       Cubic      

   
 
Figure 5. A comparison of four model fits after the first five sessions (a. Horizon 5), the first ten sessions (b. Horizon 10) and the first fifteen sessions (c. Horizon 15) for 
exemplar client 2. Black dots show the client’s observed scores from which the model fitting is based on. The coloured lines (blue for Horizon 5, green for Horizon 10 and 
orange for Horizon 15) show the predicted scores based on projection of the model. The coloured dots show the client’s observed scores after the horizon for comparison with 
the predictions. For each model, the 50% of values that are most plausible are shown by the dark blue bands (50% credible interval [CI]), the 95% of values that are the most 
plausible are shown by the light blue bands (95% CI), the 98% of values that are most plausible are shown by the grey bands (98% CI) and the 99.8% of values that are most 
plausible are shown by the pink bands (99.8% CI). PPM = posterior probability of the model. The first ppm was calculated with the non-informative prior, and the second 
ppm was calculated with the informative prior. PPMD = posterior probability density of the model. 
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cut-off. However, potentially this client may have still experienced further reductions in 

symptoms had psychotherapy continued, based on their linear model predictions. 

In the third exemplar, the constant model remains the best-fitting model 

throughout the entire course of psychotherapy (see Figure 6). Interestingly, using only 

the client’s first and last scores to calculate the client’s outcome shows that the client 

experienced reliable improvement, although not clinically significant improvement. 

However, given that their improvement occurred only in the last two sessions, it is 

possible that these improvements may not reflect lasting change since the constant 

model was the best-fitting model throughout treatment. This highlights how using 

model fitting can show a client’s likely prognosis even after the termination of 

psychotherapy, which may be more accurate in the long-term than the reliable and 

clinically significant change outcome labels, which assumes the final score is an 

accurate representation of the client’s gains in psychotherapy and their continued 

functioning. 

Discussion 

Providing feedback to psychotherapists about changes in clients’ self-reported 

symptoms over the course of psychotherapy has been shown to increase the 

effectiveness of psychotherapy and prevent deterioration, particularly for clients who 

are not progressing as expected and are at high risk of deterioration (Lambert et al., 

2018). However, little is known about clients’ differential responses to treatment, so an 

opportunity existed to use statistical techniques to model change on an individualised 

basis (rather than at a group-level only) to (a) investigate what patterns of response are 

typical for adult psychotherapy conducted in a training clinic, and (b) use this 

information combined with a client’s initial response to treatment to predict a client’s 

response over the next five sessions. This could enhance future feedback procedures by  
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a. Horizon 5               b. Horizon 10       c. Horizon 15 
      Constant        Linear            Quadratic       Cubic                  Constant         Linear            Quadratic       Cubic            Constant           Linear            Quadratic        Cubic 
 

   
 
 
Figure 6. A comparison of four model fits after the first five sessions (a. Horizon 5), the first ten sessions (b. Horizon 10) and the first fifteen sessions (c. Horizon 15) for 
exemplar client 3. Black dots show the client’s observed scores from which the model fitting is based on. The coloured lines (blue for Horizon 5, green for Horizon 10 and 
orange for Horizon 15) show the predicted scores based on extrapolation of the model. The coloured dots show the client’s observed scores after the horizon for comparison 
with the predictions. For each model, the 50% of values that are most plausible are shown by the dark blue bands (50% credible interval [CI]), the 95% of values that are the 
most plausible are shown by the light blue bands (95% CI), the 98% of values that are most plausible are shown by the grey bands (98% CI) and the 99.8% of values that are 
most plausible are shown by the pink bands (99.8% CI). PPM = posterior probability of the model. The first ppm was calculated with the non-informative prior, and the 
second ppm was calculated with the informative prior. PPMD = posterior probability density of the model. 
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providing more nuanced information to psychotherapists about their clients’ progress in 

treatment so far and their likely progress and prognosis if the same treatment approach 

continues. 

Firstly, it was possible to fit individualised model shapes to each client’s 

trajectory, with the exception of one client who had the same score at two sessions. The 

polynomial trend models considered were able smooth natural symptom variability and 

captured the main features of client trajectories during psychotherapy: no change, 

consistent change, or change that involves one or more turning points (from 

deterioration to improvement, or vice versa). These models were more informative for 

an individual client’s progress in psychotherapy than the either/or designation of “on-

track” or “not on-track”. There was little missing data, which indicates that these 

models are probably accurate representations of the change that clients experienced 

throughout treatment. They are however, of limited representativeness, covering just 

two clinics in one organisation. 

By considering individualised models of symptom change, the heterogeneity 

that exists in clients’ trajectories was uncovered, with extensive variability shown in 

intercept, rate of change, shape of change and number of turning points. This suggests 

that aggregating clients’ trajectories, as has been common place in the literature, is 

likely to result in trajectories that do not adequately describe many client’s trajectories 

and may not be clinically meaningful. For example, although the linear model with log-

time has become the pre-eminent model of group-level symptom change (e.g. Lambert 

et al., 2002; Lueger et al., 2001; Lutz, Rafaeli, Howard, & Martinovich, 2002), there is 

little support for this model in individualised change, with only 7.5% of clients in the 

main sample best-fitting this model and only 3% showing negatively accelerating 

improvement. It appeared this model was merely accounting for increased variability 



 155 

later in treatment, rather than reflecting truly negatively accelerating change. In fact, 

clients best-fitting this model tended to have a poorer outcome from treatment, with 

clients on average deteriorating rather than improving. Thus, comparing clients’ 

trajectories to a negatively accelerating curve is likely to result in erroneous 

conclusions. This has important implications for current feedback procedures, which is 

discussed below in more detail. 

The majority of clients (65% of clients when seven models were considered and 

74% when four models were considered) best-fit constant (i.e. no change) or linear (i.e. 

a constant rate of change) models. From these findings, psychotherapists could expect, 

and also educate their clients to expect, symptoms to change in a steady, gradual fashion 

over time and that whatever changes they see early in treatment are likely to continue 

unless there is a change in treatment approach or client circumstances. However, as 

some clients fit a quadratic or cubic shape of change better, this highlights that not all 

change is at a constant rate: some clients may experience both significant increases and 

decreases in their symptoms or rate of change over time, and this is not unusual or 

indicative of a poor outcome from treatment.  

Indeed, changes in model choice over time were fairly common in the hold-out 

sample with which predictions were made. Modelling is only accurate assuming the 

client’s progress continues as it has thus far. The psychotherapy process, however, is 

dynamic and evolves over time. When there are changes in clients’ trajectories after 

alterations to a treatment plan or changes in the client’s circumstances, their projected 

scores may not eventuate. It is important to note that this is not a weakness of the 

modelling; it is a strength of feedback which aims to prevent deterioration and negative 

outcomes from occurring. As psychotherapists in the current sample were given 

feedback on their clients using the OQ-Analyst generated reports (which did not include 
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the individualised modelling analyses from this study), it is possible that 

psychotherapists implemented a change in treatment plan in an attempt to alter the 

client’s outcome. Past research using this sample has shown that the outcomes achieved 

by clients were similar to outcomes in other feedback studies and dissimilar to outcomes 

in treatment-as-usual (i.e., without feedback) studies, suggesting that feedback to 

psychotherapists in this sample increased the effectiveness of psychotherapy (Dyason, 

Shanley, O’Donovan, et al., 2019). However, as information was not collected on how 

often or at what point(s) psychotherapists altered their treatment plans, this could not be 

examined in the current study. This represents an interesting avenue for future research 

now that the infrastructure for examining individualised trajectories of change has been 

established.  

Secondly, using model-fitting to predict outcomes represents a potentially new 

approach for providing feedback to psychotherapists on their clients’ progress. The 

hold-out sample on which the predictions method was tested were largely similar to the 

main sample, although they had less missing data. As this hold-out sample were the 

most recent 50 clients to attend the clinics in this sample, this may represent an effort by 

the clinics to increase data collection, or an increasing emphasis on using feedback to 

inform outcomes. Therefore, this information about change from the main sample was 

used to inform the priors to improve predictions for the hold-out sample. This means 

that predictions for clients could be made by incorporating information about the 

specifics of the client’s change so far in treatment, but also more broadly about the 

nature of change experienced by other clients in the clinics. However, interestingly, 

using informative priors did not make a large difference to model selection or even the 

posterior probability of the models for most clients.  
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Updated predictions were generated for clients throughout treatment in five 

session increments and used to predict their scores at the next five sessions. At each 

interval, the likelihood of each model was updated given the client’s data and if the 

informative prior was used, the likelihood of each model occurring in the population. In 

future research or in practice, this prior information could be adapted to use information 

from the specific clinic the client is seen at, similar clients (e.g. similar presenting 

problems or similar demographics) or even for each psychotherapist. Given that 

psychotherapists tend to influence a client’s treatment outcome and rate of change 

(Baldwin & Imel, 2013; Banham & Schweitzer, 2016; Kraus et al., 2016; Okiishi et al., 

2006), psychotherapists may also influence other aspects of their clients’ symptom 

change trajectories. These different priors may be particularly important when the 

factors that influence a client’s shape of change are better understood.  

Implications for Feedback 

The presented exemplars highlighted the type of nuanced information that can 

be generated from individualised modelling on both a client’s change thus far and the 

projection of expected scores should there be no changes in treatment plan or the 

client’s circumstances. This provides more enhanced information on the client’s 

progress and likely outcome than the either/or designation of “on-track” or “not on-

track”. Overall trends are often difficult to detect with the naked eye, particularly for 

trajectories where there is a lot of variability or where there are turning points; 

modelling smooths this variability to show the overall pattern of change. 

Psychotherapists can use this information to understand how much change is likely if 

the client remains true to their current trajectory, and how many more sessions are likely 

for the client to achieve their desired outcome. Psychotherapists can see whether the 

client is currently on an upward (deteriorating) or downward (improving) trend; whether 
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the client’s progress is slowing or quickening; or whether a client has reached a turning 

point, indicating a change in their progress (be it positive or negative). From 

identification of those turning points, psychotherapists can generate hypotheses about 

why the turning points may have occurred given their knowledge of the client’s 

circumstances and treatment plan. From their hypotheses about the mechanisms of 

change so far, they can decide whether to implement a change to alter the client’s future 

trajectory. In this way, detailed patient-focused research can occur in the hypothesising 

of both future change and the mechanisms driving the change.  

Although the current study generated predictions every five sessions, 

hypothetically predictions could be generated each session for the following five 

sessions, as the Bayesian paradigm allows for, and encourages, frequent updating of 

models to improve and refine the model. The optimal frequency of updating in a 

feedback context still needs to be investigated. Turning points, particularly when they 

represent a small change rather than a large change, may take several sessions to be 

incorporated into the model. If a psychotherapist expected the turning point to be 

recognised immediately, they might conclude that a turning point has not occurred. As 

such, too frequent updating might actually make the feedback less effective. However, 

overly delayed updating might show the opposite problem, not allowing for the 

feedback to be responsive. As such, we selected five session intervals to update the 

predictions, but future research should investigate whether a change in the frequency of 

updating provides more useful feedback. In the same way, the model was extrapolated 

out to generate predictions for the next five sessions, but again, fewer or greater number 

of sessions could be extrapolated.  

The individualised model fitting and predictions shown in the current study 

could easily be incorporated into the existing computer software for feedback systems, 
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such as the OQ-Analyst for the OQ-45 and the Better Outcomes Now software 

(Duncan, n.d.) for the PCOMS. This incorporation would then supplement the existing 

features currently available, such as calculation of total scores, reliable and clinically 

significant change, and alert warnings for deterioration. However, as long as a measure 

is valid, reliable and sensitive to change, this modelling procedure could be used for any 

measure, even outside the realm of psychotherapy, such as blood pressure.  

Limitations and Future Research 

The main limitation to the current study is that information on how much and 

when psychotherapists used feedback from the OQ-Analyst was not recorded in the 

clinic database. If turning points were matched to psychotherapists’ use of feedback, 

more powerful support for the usefulness of feedback could be gathered. This represents 

an interesting avenue for future research. A related limitation is that it is currently 

unknown how well this predictive modelling will work in practice, or whether it will 

improve outcomes more than current feedback procedures. The psychotherapists in the 

current study received only the feedback currently available from the OQ-Analyst, not 

the individualised modelling. It may also be beneficial to conduct focus groups or 

survey psychotherapists after they have used the individualised modelling feedback to 

determine not only how psychotherapists are using the feedback (Wampold et al., 

2011), but also whether there are any modifications that need to be made to enhance 

utility of the feedback or to make the graphs more easily understood. Feedback is only 

useful if psychotherapists know how to understand it and use it to inform treatment 

(Lambert, 2018). 

Secondly, more in-depth information about clients (e.g. presenting problem(s), 

concomitant psychotropic medications etc.) was also not available in the current study, 

which limited analysis of whether there were client characteristics that predicted the 
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shape of change clients displayed. Interestingly, client initial symptom severity did not 

consistently predict clients’ shape of change. However, outcome was, on average, worse 

for clients fitting the constant or log-time models, suggesting that there may be different 

mechanisms operating in these situations. Understanding the factors that result in 

different trajectories is key to preventing these trajectories from occurring and for 

boosting client outcomes.   

In addition, it was beyond the scope of the current research to examine whether 

there were any sub-groups that existed within shape groups. For example, there may be 

different groups of clients with trajectories that were quadratic, such as clients that 

experienced an initial increase in symptoms followed by a decrease, clients that 

experienced an initial decrease in symptoms followed by an increase, and clients that 

experienced no initial change in symptoms but later experienced a decrease in 

symptoms. Despite all three groups showing a quadratic shape (i.e. one turning point), 

there are vast differences in their experience of psychotherapy and there may be 

different mechanisms of change for each of these three sub-groups. Understanding more 

about why clients follow one trajectory over another would be informative for 

predictions of change for future clients and in uncovering what mechanisms make 

psychotherapy effective broadly for all clients and for specific groups of clients. When 

mechanisms of change are understood treatments can be refined and streamlined; 

teaching of new psychotherapists can be more impactful; and client deterioration can 

potentially be reversed (Weisz & Kazdin, 2010). 

Thirdly, modelling was not possible for trajectories with zero variation; that is, 

the modelling procedure did not allow for clients to have exactly the same score 

throughout treatment. This is rare, but still possible. In the current sample, it occurred 

once in 348 clients (0.003%) where a client with scores at only two sessions had the 
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same score at both sessions. The OQ-45 is highly sensitive to change (Lambert et al., 

1996; Vermeersch et al., 2000; Vermeersch et al., 2004), making it excellent for this 

modelling approach as variation between sessions is likely. However, if this modelling 

procedure were applied to measures that were less sensitive to change where it was 

more common to have the exact same score occurring, the modelling would not be 

possible until the client recorded a score which was different. Using a total score rather 

than subscale scores, such as was used in the current study, may make variation more 

likely as a client only needs to experience change on one subscale for the total score to 

be different. However, if a client experiences equal and opposite changes on different 

scales (e.g. a two-point improvement on one scale and a two-point deterioration on 

another scale), this change would not be reflected in the total score (McAleavey, 

Nordberg, Kraus, & Castonguay, 2012). Using total scores may therefore not always be 

indicative of the changes a client experiences.  

In the same vein, a final limitation common to all feedback studies and indeed 

all studies which utilise self-report data is that the modelling is only as good as the data 

that it represents. Some clients’ scores may not accurately represent their 

symptoms/functioning, such as if they have poor insight into their symptoms, if the 

domain they are seeking treatment for is not well-represented by the selected outcome 

measure, or if they are misrepresenting their scores for social desirability or other 

reasons. This may impact the accuracy of the modelling, and the impact may not even 

be consistent over time. For example, a client who underreports symptoms in the first 

few sessions due to anxiety and social desirability but grows to trust their 

psychotherapist and then begins accurately reporting their symptoms may have a model 

which shows deterioration, but the client may not actually be deteriorating. In this case, 

good clinical judgement and a knowledge of the client would need to be used to 
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recognise that despite the apparent deterioration, the client is indeed improving and no 

change in treatment plan is necessary. Modelling is only a tool to better understand 

client change and should not be considered a replacement for clinical judgement. 

Conclusions 

Individualised modelling of clients’ symptom change over time represents an 

innovative way of better understanding the process of change and the mechanisms 

underlying these changes. This stands in contrast to traditional approaches of the 

process of change in psychotherapy which focus on the group as a whole, or on sub-

groups within the group. Incorporating individualised modelling into current feedback 

to psychotherapists may provide more useful information that allows for enhanced 

patient-focused research and may potentially boost outcomes for all clients, even for 

those whose who are “on-track”.  
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CHAPTER SEVEN 

This chapter includes a co-authored paper, which has not yet been submitted for 
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examination.  
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Individualised Trajectories of Symptom Change in Youth Psychotherapy 

Although psychotherapy has been established as an effective treatment for 

symptoms of mental illness and behavioural dysfunction in youth (American 

Psychological Association, 2012; Carr, 2009), unfortunately, it is not effective for all 

youth, particularly in routine care in the community which tends to see lower 

effectiveness rates than in tightly controlled research trials (Weisz, 2004; Weisz et al., 

2006). For example, in one of the most recent, large studies of routine care in the USA 

using a very large sample of youth (N = 16, 091), only a third of youth (33.4%) 

experienced significant benefit, with the remaining clients either maintaining the same 

symptoms (52.1%) or deteriorating (14.5%; Nelson et al., 2013). This highlights a 

strong need to boost the effectiveness of youth psychotherapy, particularly in routine, 

community care. 

Dishearteningly, despite decades of research aimed at improving effectiveness, 

there have been no significant increases in effect sizes for various empirically supported 

psychotherapy treatments for youth since the 1960s, and even significant decreases in 

effect sizes for treatment of depression and conduct problems (Weisz et al., 2019). 

During this period, the same research strategies have largely been applied, and the new 

treatments that have been developed have used similar approaches and formats to 

previous treatments (Weisz et al., 2019). Thus, Weisz et al. (2019) proposed that many 

aspects of both treatment and research design could be rethought or innovated, which 

might help to break this cycle. Further, Storch (2014) suggested that rather than 

spending time and resources developing new treatments, which may or may not be more 

effective than current treatments, perhaps the best way to boost the effectiveness of 

treatment is to deepen understanding of the specific mechanisms that create change and 

seek to optimise these. However, the debate over mechanisms of change has not yet 
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been settled in youth (Kazdin & Nock, 2003; Weisz & Kazdin, 2010; Weisz et al., 

2019), or adult (Emmelkamp et al., 2014; Kazdin, 2007, 2009; Lambert, 2011; Miller et 

al., 2013; Wampold et al., 2011), psychotherapy, which would be one aspect causing a 

bottleneck in the advancement of more effective treatments. Knowing when and why 

psychotherapy leads to change, and under what conditions, is thus core to boosting the 

effectiveness of treatments.  

As part of the broader practice-oriented research movement, which stands in 

complement to the evidence-based practice movement (Castonguay et al., 2013), the 

patient-focused research paradigm (Howard et al., 1996) offers one potential solution to 

this problem. The patient-focused research paradigm highlights that since treatment is 

not equally effective for all clients, outcomes need to be assessed frequently for each 

client to determine in real time whether treatment is effective so that adjustments can be 

made to improve effectiveness. Routine outcome monitoring (ROM) can achieve this 

purpose: monitoring client’s symptoms and/or functioning over time with a suitable, 

well-established measure that can be repeatedly administered at specified time-intervals. 

Importantly, individualising the client data in this way allows analyses to evaluate 

whether a treatment is effective for a specific client, and hence turns psychotherapy into 

a research-supported intervention (Lutz, De Jong, et al., 2015). In Australia, ROM has 

been recognised as a national priority to enable improved mental health care: since 2003 

Australian government-funded treatment facilities have been consistently utilising ROM 

measures (Department of Health and Ageing, 2005). The UK, for example, which also 

has universal health-care, has similar policies relating to ROM usage in National Health 

Services (NHS) facilities (NHS England & NHS Improvement, 2016). Although other 

countries may vary in their prioritisation and enforcement of ROM, dependent on their 

national healthcare policies, monitoring response to treatment in order to responsively 
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inform treatment is now considered to be an evidence-based practice for working with 

children and adolescents (American Psychological Association Task Force on 

Evidence-Based Practice for Children and Adolescents, 2008). 

Collecting data about symptom change at each session allows us to examine the 

client’s journey through psychotherapy, otherwise known as a symptom change 

trajectory. Examining trajectories of symptom change in psychotherapy can highlight 

the mechanisms of change (Ilardi & Craighead, 1994; Tang & DeRubeis, 1999; Vittengl 

et al., 2016). When there is a change in a trajectory, a hypothesis can be generated as to 

why this change occurred. Similarly, if a researcher or a psychotherapist, hypothesises 

that a type of treatment has been delivered with the intention of creating change, then 

the hypothesis would be supported if the change has occurred, and rejected if it has not 

occurred. For example, Peris et al. (2015) used piecewise linear regression to investigate 

whether gradient (rate of change) of anxiety symptoms changed after specific treatment 

components were introduced (relaxation training, cognitive restructuring and exposure) 

during manualised cognitive-behavioural therapy (CBT) for youth anxiety. They found 

steeper gradients after cognitive restructuring and exposure, but not after relaxation 

training. Because the data had arisen from a carefully designed and controlled 

experiment, they could therefore deduce that cognitive restructuring and exposure 

contained elements that increased rate of response to psychotherapy. Surprisingly 

however, these improvements did not occur in the hypothesised domains they were 

theoretically targeting, so potentially the theorised mechanisms of change may require 

modification.  

In another study of manualised CBT for youth anxiety, Chu et al. (2013) 

examined the trajectory of anxiety change over treatment. They considered six possible 

model shapes to describe these trajectories and found a cubic model to be the best fitting 
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shape overall, which described youth as improving rapidly early in treatment, 

experiencing little change in the middle of treatment and then improving again at the 

end of treatment. They thus concluded there was little evidence for a hypothesised 

“anxiety spike” occurring during exposure in their sample, and also that improvements 

in symptoms can occur during the psychoeducation and cognitive components of 

treatment.  

However, these two studies utilised group-level analyses (i.e. conducting 

analyses on the whole sample together), which assume that the same mechanisms of 

change exist for the majority of clients and that the majority of clients respond similarly 

to treatment. Despite being an infrequent consideration in psychotherapy research, there 

have been several studies that have emerged in the past decade that have highlighted 

that not all clients respond the same way to treatment, and moreover, that this variability 

in treatment response can be clinically meaningful. For example, Gaynor et al. (2003), 

Cromley and Lavigne (2008) and Durland et al. (2018) all showcased the early sudden 

gains phenomenon in youth psychotherapy, whereby some youths experience large 

improvements in the early sessions of treatment. These youths’ trajectories are 

exceptions to the average trajectory experienced by the group, so if only the group as a 

whole had been examined, these clients would not have been identified as either 

anomalous clients requiring further research, or as indicators of limitations in the 

overarching theoretical understandings.  

Growth mixture modelling, which seeks to statistically uncover latent 

(unknown) subgroups that share similar trajectories, has been a popular method in 

developmental psychopathology (Kim-Spoon & Grimm, 2015), and is now beginning to 

be utilised in the youth psychotherapy field (Henderson et al., 2010; Leon et al., 2016; 

Palermo et al., 2015). These studies have demonstrated the diversity of trajectories that 
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can exist within youth mental health treatments and that as latent groups can be 

discovered, specified moderator variables may not always detect these sub-groups. This 

further highlights that a single-group approach to analyses may conceal valuable 

differences that exist between clients. For example, Leon et al. (2016) found seven sub-

groups to best fit the data: four groups with quadratic trends and three with non-

significant quadratic parameters, effectively making them linear trends. Some of these 

sub-groups had similar initial symptom severity scores but showed different responses 

to treatment (acute stay inpatient treatment). In addition, other variables emerged as 

differing between the sub-groups, some of which were determined before treatment, 

such as age, and whether they were in the child welfare system, and some of which 

were somewhat determined by their response to treatment, such as their length of stay in 

the inpatient unit, the use of various strategies during their stay (seclusion, restraint and 

emergency medication), the type of outpatient services used after discharge, and the 

time to readmission. In another example, in their randomised controlled trials of 

substance abuse treatment for adolescents in the community (trial 1) or in juvenile 

detention (trial 2), Henderson et al. (2010) found that youth differed in their responses 

to treatment on different domains (substance use severity and substance use frequency); 

that in some sub-groups, multidimensional family therapy was more effective than 

cognitive-behavioural therapy (trial 1) or treatment-as-usual (trial 2), but in other sub-

groups both treatments were equally as effective; and that subgroups could differ in 

their shapes of change (linear vs. quadratic). 

These group-level analyses, including growth mixture modelling analyses, stand 

in contrast to the patient-focused research paradigm, which focuses exclusively on the 

individual client. They also diverge from the “What works for whom?” movement in 

psychotherapy (Fonagy, Target, Cottrell, Phillips, & Kurtz, 2002; Norcross & 
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Wampold, 2011b; Roth & Fonagy, 2005), which originated from Paul’s (1967) iconic 

question: “What treatment, by whom, is most effective for this individual with that 

specific problem, and under which set of circumstances?” (p. 111). In practice, 

psychotherapists recognise that a one-size-fits-all approach does not work adequately in 

individual treatment, and thus effective psychotherapists seek to responsively tailor the 

treatment they provide to the unique needs of their client in that moment in time 

(Norcross & Wampold, 2011a). Thus, with the need for innovative new methods and 

paradigms that can uncover the mechanisms of change (Weisz et al., 2019), perhaps 

more answers can be generated through focusing on “this individual”.  

Currently, there is strong empirical support in adult psychotherapy (Duncan & 

Reese, 2015; Lambert et al., 2018; Norcross & Wampold, 2011a; Shimokawa et al., 

2010), coupled with growing support in youth psychotherapy (Tam & Ronan, 2017) that 

providing psychotherapists with feedback on their client’s ROM data can improve 

outcomes for clients, as hypothetically, it allows psychotherapists to do more of what 

they can see is effective for a client, and less of what is not effective for a client 

(Lambert & Shimokawa, 2011). Feedback procedures typically involve many aspects, 

such as: presenting the client’s raw responses; comparing their calculated sub-scale and 

total scores with normed data, for both current and previous sessions; and calculation of 

whether the client has achieved reliable and clinically significant change from baseline. 

However, the aspect considered to be core to effective feedback (Lambert et al., 2005) 

is a comparison between the client’s actual and expected progress, leading to an alert 

given to psychotherapists if a client’s actual progress is not in line with their expected 

progress. Clients whose progress significantly deviates from their expected progress are 

at significant risk of ineffective treatment and leaving psychotherapy having 

deteriorated (Lambert et al., 2002; Warren et al., 2012).  
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Despite the focus on an individual client, the expected treatment response is 

based on group-average trajectories of clients from large, archival databases who are 

similar to the given client on initial symptom severity and/or other information available 

at intake (Lutz et al., 2006). Although for many different adult (e.g. Anker et al., 2009; 

Lambert et al., 2002; Leon et al., 1999) and some youth (Cannon et al., 2010; J. A. 

Sparks & Duncan, 2018; Warren et al., 2012) ROM measures there have been expected 

treatment response curves calculated, they are all calculated similarly and are built on 

the assumption that all clients follow the same negatively accelerating shape of change 

(Castonguay et al., 2013): rapid improvement initially, with progressively smaller and 

smaller amounts of improvement with each passing session. This negatively 

accelerating curve is based on the dose-response (Howard et al., 1986) and phase 

(Howard et al., 1993) models of psychotherapy.  

According to the ecological fallacy, this reliance on group-level data to predict 

an individual’s treatment course can be highly problematic if there is considerable 

variation, mixed effects or confounding variables within the group, meaning that the 

group-based estimate is unlikely to accurately represent or extend to the individuals 

within the group (Piantadosi et al., 1988). As there appears to be significant 

heterogeneity in youths’ trajectories of symptom change in psychotherapy, group 

averages, while mathematically true are unlikely to be meaningful for the individuals 

comprising the group (for further discussion see Chapter 3).  

In addition, the alert provided as feedback utilises only two data points for the 

client at any one time: their score at their first session, as this determines which 

expected treatment response curve to use; and their score at the current session, as this 

determines whether the client has deviated from the curve at that session. This means 

that potentially a client can be off-track one session, on-track at the next and off-track 
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again at the session after that (Lambert et al., 2001). By neglecting all other sessions 

where data has been accrued, the warning about the current session is only valid if one 

assumes that the first data point is an accurate estimate of the client’s baseline 

functioning, as this is used to select the appropriate expected treatment response. 

However, this first measurement could be affected by anxiety or hope about the 

commencement of psychotherapy, by potential lack of insight prior to treatment, or by 

natural variability in symptoms from a good or bad week. If this first score is not an 

accurate estimate of baseline functioning, then any predictions for the rest of the 

treatment course will be affected, as are subsequent decisions to (not) change treatment 

plans. 

A commonly reported barrier to feedback implementation by health practitioners 

is that results can be difficult to interpret and also that they desire more sophisticated 

feedback to supplement the current graphical presentation of results to highlight 

clinically important change (Boyce et al., 2014). Thus, an opportunity exists to optimise 

the feedback that is provided to psychotherapists by providing more in-depth 

information that is readily understandable and more practical, which we propose could 

occur by switching from group-based estimates of expected progress to individual-

based estimates of expected progress. This would involve using the client’s own past 

change in early sessions of psychotherapy to predict their future change in later 

sessions, rather than using aggregates of other clients’ change to predict the client’s 

future change.  

 This individualised approach to understanding and predicting client symptom 

change has shown promise in adult psychotherapy (Chapter 6). Specifically, the current 

study aims to replicate the statistical methods used in Study Two (Chapter 6) to: (a) 

investigate what trajectories of change occur in youth psychotherapy when only 
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individualised change is considered (in contrast to group-average change trajectories); 

and (b) use sequential updating to predict each client’s future trajectory course, 

informed by both the client’s own past change, and by the normative information about 

individualised change obtained in the first part of the study. The Bayesian statistical 

paradigm that will be utilised provides an explicit way of incorporating information that 

is already known, such as this normative information about symptom change in the 

normative sample, via priors.  

A variety of flexible model shapes will be considered for each client and each 

model will be individualised to each client (and where desired, normative information 

from the group can be incorporated). These flexible models can importantly reflect 

turning points and hence be sensitive to both sudden as well as gradual responses to 

treatment. This level of individualisation allows not only for initial symptom severity 

(intercept) to vary by client, but also for rate of change (gradient), shape of change (how 

many turning points occur) and location (i.e. session number) of turning points to vary 

by individual client, in addition to predicted treatment response. This richness is lost 

when only group-level estimates are calculated or when only linear models are 

considered. In contrast to the expected treatment response which does not allow for any 

turning points to occur (as it uses a linear model), polynomial models can incorporate 

turning points which can capture the effect of feedback or change in treatment plan in 

altering a client’s trajectory. Current feedback procedures do not outline other aspects of 

client change, such as each client’s likely range of scores at proceeding sessions, likely 

variability in future scores, likely number of sessions to achieve a specified outcome, or 

the client’s overall pattern of change, for example. An individualised trajectory 

approach would therefore substantially expand the variety and clinical utility of 

information that is available in feedback.  
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A psychotherapist could use the resulting predictions to inform considerations 

of: whether the client is currently on an upward (deteriorating) or downward 

(improving) trend; whether the client’s progress is slowing or quickening; or whether a 

client has previously or potentially reached a turning point, indicating the capacity for 

change in their progress (be it positive or negative). In turn, a psychotherapist can then 

consider how much change is likely if the client remains true to their current trajectory, 

and how many more sessions are likely for the client to achieve their desired outcome. 

They could consider what might sustain or alter the client’s current trajectory in the 

future, and whether this would be in line with client’s goals and expectations. In this 

way, true patient-focused research can occur in the hypothesising of future change and 

the mechanisms driving the change, allowing psychotherapy to be tailored to each client 

dependent on their response to treatment so far. 

Method 

Setting 

 The data from the current study were obtained from the archival databases of 

two psychology training clinics from one university in Queensland, Australia. The 

sample used in the current study has been described in more detail elsewhere (Chapter 

5), including outcome summary statistics and data collection procedures. The clinics 

have a feedback-informed procedure (see Chapter 5), whereby outcome measures are 

completed by clients’ parents prior to each session, and the results of these are 

immediately available to the treating psychotherapist. The psychotherapists are 

encouraged to view these results, discuss them with their clients, and to bring the results 

along to their weekly supervision for discussion. Psychotherapists are required to enter 

this data into the clinic database, which is audited at least bi-annually. Although it is 
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clinic policy for feedback to be used to inform treatment and supervision, the extent to 

which this occurred was not recorded.  

Participants 

Clients. The total sample was 397 youth (261 male, 136 female) who ranged in 

age from 4 to 17 years old (M = 9.09; SD = 2.89). No reliably coded information was 

retained in the clinic database for presenting problem or diagnosis. The clinics see 

clients with a wide range of presenting problems; however, clients with active 

psychosis, severe substance abuse, current suicidal intent, current risk of harming others 

and upcoming legal proceedings are referred on to other services. From this total 

sample, the last 25 clients at each clinic to commence treatment formed a hold-out 

sample (N = 50) to test the model predictions. Using a Bayesian t-test and a Bayesian 

contingency table (described below), there was moderate evidence that the groups were 

comparable in age and gender proportions: it was almost 6 times and 3 times more 

likely there were no significant differences between the main sample (N = 347) and the 

hold-out sample (N = 50) on age (BF = 0.17), or proportion of males (BF = 0.33), 

respectively, than that there were differences. 

Psychotherapists and supervisors. Clients were treated by 127 provisionally-

registered psychologists completing the first practicum of their postgraduate training. 

Psychotherapists had a minimum of four years of undergraduate training prior to 

treating clients. Each psychotherapist treated between 1 and 8 clients (Median = 3.00, M 

= 3.13; SD = 1.60). All psychotherapists were trained as evidence-based practitioners, 

selecting the therapeutic approach that best suits each client’s unique presentation based 

on available research evidence combined with their own and their supervisor’s clinical 

judgement. As such, clients were treated from a variety of therapeutic orientations. 
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Supervisors were 40 fully-registered clinical psychologists. No further demographic 

information was available in the clinic database for psychotherapists or supervisors. 

Measures 

The Youth-Outcome Questionnaire (Y-OQ; Burlingame et al., 1996) is a 64-

item parent-report measure designed to assess and track the frequency of problem 

behaviour on a 5-point Likert scale (1 = never or almost never; 5 = almost always or 

Always) in the past seven days for youth aged 4-17 years old. Eight negatively scored 

items identify positive, healthy behaviours. Although this study only used the total 

score, the Y-OQ is composed of six sub-scales (intrapersonal distress, somatic, 

interpersonal relations, social problems, behavioural dysfunction and critical items) that 

can be summed to provide a total distress score, with higher scores indicating poorer 

psychological functioning; total scores range from –16 to +140. The Y-OQ uses a 

reliable change index of 13 points and a clinical cut-off of 46 (Burlingame et al., 2001; 

Burlingame et al., 1996), where clients whose score falls at or above 46 have 

functioning and distress more similar to a clinical population. The Y-OQ has good 

psychometric properties: good internal consistency, α = .96 (Wells et al., 1996); good 

test-retest reliability, r = .84 (Wells et al., 1996); good convergent validity with other 

well-established measures of child mental health (Burlingame et al., 2001; Ridge, 

Warren, Burlingame, Wells, & Tumblin, 2009); and good sensitivity to change 

(Burlingame et al., 2001; McClendon et al., 2011) as it was specifically designed for 

regular administration every session. Only the Y-OQ total and sub-scale scores were 

recorded in the clinic database, so confirming internal consistency for the current 

sample was not possible.  
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Procedure 

At their first session, clients’ parents/guardians chose whether to give consent to 

their child’s de-identified data being used for research. With university ethics approval 

(reference number: 2015/330), de-identified data was extracted from the clinic database 

for clients attending the clinics between 2012 and 2016, whose parents/guardians: (a) 

had consented to their de-identified information being used for research, (b) had 

completed the outcome measure at least twice, and (c) had completed their first 

outcome measure at session 1, 2 or 3. Data was extracted only for clients who attended 

individual psychotherapy (as opposed to group psychotherapy or cognitive 

assessments). If clients had multiple episodes of care, only their first was retained for 

the current study. Prior to all sessions (including the first), clients’ parents/guardians 

completed the Y-OQ at a computer terminal in the clinic waiting room using the OQ-

Analyst software (OQ Measures LLC, 2007), the results of which were then available 

immediately to the treating psychotherapist.  

Statistical Analyses  

The current study utilised the same Bayesian individualised modelling 

methodology used in Study Two (Chapter 6) and described in more detail in Chapter 4. 

Analyses were conducted in two phases: model fitting, using the majority of the sample 

(the “main sample”), and predictions, using a hold-out sample, as described in the 

participants section.  

Comparisons between groups. The JASP statistical software (JASP Team, 

2018), which provides a user-friendly menu-driven interface to R functions, was used to 

conduct Bayesian ANOVAs to examine differences in continuous variables between 

multiple groups, Bayesian t-tests to examine differences in continuous variables 

between two groups, and Bayesian contingency tables to examine differences in 
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proportions between two groups. Default, non-informative priors were used for these 

analyses which assigned equal prior probability to the model being tested and the 

reference model. Bayes factors (BF) were calculated using the JZS method (Jeffreys, 

1961; Zellner & Siow, 1980). Bayes factors indicate the degree of change from prior to 

posterior probability of the model, quantifying how much has been learnt from the data 

(Kruschke & Liddell, 2018). Bayes factors are easily interpretable as odds ratios, giving 

the likelihood of the model compared to the reference model, or vice versa (Rouder et 

al., 2009). 

Individualised modelling of symptom change trajectories in the main 

sample. As there is no information currently available about the shape of change 

individuals follow in psychotherapy, we first fit flexible curve-linear regression models 

using polynomial terms in time to each individual in the main sample, in order to assess 

the shapes of change in psychotherapy. Six trend models were considered for each 

client increasing in polynomial degree: constant reflecting no change, linear reflecting 

consistent improvement or deterioration, and quadratic, cubic, quartic or quintic trends 

reflecting one to four turning points, respectively. These were compared to a linear 

model with a log-transformation applied to time (session number), as per the expected 

treatment response curve. Regressions were fit with Normal errors. All model fitting 

was conducted in the statistical software, R (R Core Team, 2018). No packages existed 

that are able to conduct all the required modelling so scripts were written to utilise the 

specific features of several packages: “reshape2” (Wickham, 2017) for data 

manipulation, “MCMCpack” (Martin et al., 2018) and “rstanarm” (Gabry, Ali, et al., 

2018) for Bayesian inference, “bayesplot” (Gabry, Mahr, et al., 2018) for Bayesian 

diagnostics, “ggplot2” (Wickham et al., 2018) for the grammar of graphics, and 

“gridExtra” (Auguie & Antonov, 2017) and “grid” (now part of base R functions) for 
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arranging multiple graphs. Non-informative priors were used for polynomial 

coefficients in trend models, to reflect that at the outset, the psychotherapist had no 

prior expectations about a client’s potential trajectory. Bayes factors were used to 

facilitate model selection, as input to estimating the weight of evidence for each trend 

model, that was learnt from each client’s data. These enabled calculation of the 

posterior probability of each trend model (ppm) for each client, accounting for relative 

fit and model complexity. These ppms for each client contributed to an overall estimate 

of the population prevalence of each trend model shape, which then provided a prior for 

model selection in the second stage of analyses, being individualised projections of 

trajectories, for each client in the hold-out sample. 

Sequential individualised modelling with predictions in the hold-out 

sample. The same modelling procedure was repeated for the hold-out sample, in R 

using the same packages. However, in the hold-out sample, the models were estimated 

at five session intervals (termed “horizons”) for each client, simulating real-world data 

collection as the client attends more sessions. At each horizon, projections were 

generated for the next five sessions based on an extrapolation of each trend model. The 

model was updated at every horizon with the client’s “new” data. As for the main 

sample, the posterior probability of each model (ppm) was calculated to show the 

plausibility of each model given the client’s data; however, unlike the main sample 

these ppms were updated with priors about the shapes of change across the population. 

A prior is a formal way of acknowledging information that is already known about a 

phenomenon and is used to inform the belief or probability of the given model. In this 

way, the models are still based on the individual client’s data but can be informed by 

information about the general nature of change in psychotherapy in the population. 

Specifically, information from the main sample is used to adjust estimates of model 
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selection, so that the degree of polynomial is informed by the individual as well as the 

group. For a good introduction to Bayesian inference for psychology, please see Etz and 

Vandekerckhove (2018). 

Results 

Describing the Data 

In the total sample (N = 397), clients attended between 2 and 58 sessions of 

psychotherapy (M = 12.12; SD = 6.15); this was fairly normally distributed between 2 

and 29 sessions, with one outlier attending 58 sessions. It was 5.78 times more likely 

there was no significant difference between the main hold out samples on number of 

sessions attended (BF = 0.17). Figure 1 shows the number of clients attending each 

session and the number of outcome measurements available at each session. Clients 

attended a total of 4,810 sessions and provided 3,286 outcome measurements (data 

points) at these sessions; the data is therefore 68% complete, with an average of 3.84 

missing data points per person. The amount of missing data per session ranged from 0-

100%, but as can be seen in Figure 1, 0% or 100% missing only occurred after session 

28, when there were only seven clients attending; from session 31 only one client was 

attending. Prior to and including session 25 (when there were more than ten clients 

attending), there was an average of 38.22% missing data points per session (range = 

9.82% at session 1 to 76.92% at session 25). Interestingly, it was 179.8 times more 

likely there was a significant difference in the percentage of missing data between the 

two samples, where the hold-out sample had more complete data (M = 84.04% 

complete, SD = 16.50%) than the main sample (M = 68.53% complete, SD = 27.41). 

Initial scores on the Y-OQ ranged from 1 to 150 (M = 70.94; SD = 30.12) in the 

total sample, with 78% of clients commencing psychotherapy with a score above the 

clinical cut-off (scores equal to or above 46). It was 6.62 times and 5.78 times more  
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Figure 1. The number of clients attending each session compared to the number of data 

points available at each session. 

 

likely that there were no significant differences between the main sample and the hold-

out sample in the percentage of clients commencing psychotherapy above the clinical 

cut-off (BF = 0.15) and on initial Y-OQ score (BF = 0.17), respectively, than that there 

were differences. The difference between the first recorded score and the last recorded 

score on the Y-OQ was calculated for each individual client. Clients achieved an 

average improvement of +22.32 points (SD = 26.22, range = –65 to +132). It was 2.24 

times more likely that there were differences between the main and hold-out samples on 

outcome, where clients in the hold-out sample (M = 30.52; SD = 23.56) had 

significantly better outcomes than the main sample (M = 21.14; SD = 26.41). Following 

the Jacobson and Truax (1991) methodology, in the total sample, 118 clients (29.7%) 

experienced clinically significant improvement, 136 (34.3%) reliably improved, 115 

(29.0%) did not experience any reliable change, 19 (4.8%) reliably deteriorated and 9 

(2.3%) experienced clinically significant deterioration. Further analysis of these 

effectiveness results for the total sample, including comparison with published 
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effectiveness benchmarks, are available in Chapter 5 (Dyason, Shanley, O’Donovan, et 

al., 2019). 

Individualised Modelling: Main Sample 

Initially, seven different models were fit for each client in the main sample (N = 

347): constant (i.e. intercept only), linear, quadratic, cubic, quartic, quintic and linear 

with log-time (as per the expected treatment response algorithm). All models utilised Y-

OQ score as the response (or dependent) variable, and number of sessions as the time-

variable as the explanatory (or independent) variable. For the log-time model, the 

logarithm of time (session number) was used instead. Considering a variety of models 

allowed all parameters (coefficients for polynomial terms and unexplained variance) for 

each model to vary by person and for the possibility of shape to vary across the sample. 

Higher order models were only fit if the client had sufficient data points required for 

each model to be fit statistically rather than deterministically (i.e., the highest power + 

2; for example, three data points for linear, four for quadratic etc.) and if all the data 

points were not equal (which would result in zero variance). Only 53.3% (N = 185) of 

the sample had enough data points to fit and compare all seven trend models 

(polynomials up to quintic). Polynomial models at least up to quartic could be fit and 

compared for 210 clients (60.5%), at least up to cubic for 241 clients (69.5%), at least 

up to quadratic for 274 clients (79.0%), at least up to linear and linear in log-time for 

315 clients (90.8%). No models were able to be fit for one client who only had two 

data-points with zero variance (i.e. the same score at both sessions). Thus, comparison 

between at least three trend model shapes was available for 91% of the sample. The 

best-fitting model for each client with at least three models fit was selected based on the 

highest posterior probability of each model (ppm). For clients (N = 31) where only the 
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constant model was able to be fit and no other models were possible, the constant model 

was automatically selected as the best-fit.  

For the best-fitting models, posterior probabilities ranged from 17% to 100% 

(Q1 = 0.37, Median = 0.48, Q3 = 0.65). As shown in Table 1, the majority of clients 

(62.1%) fit the constant and linear models best. Only 7.5% of clients best fit the log-

time model. Summaries of the parameters of the selected best-fitting models are shown 

in Table 1. Model parameters varied widely within each shape model, suggesting that 

although clients may follow a similar shape of change, there is still great diversity in 

their individualised trajectories. It was 193.21 times more likely there were significant 

differences between the models on intercepts than that there were not. The intercepts for 

the constant, quadratic, quintic and log-time models were not significantly different 

from each other (BF range = 0.23 – 0.43), and the intercepts for the linear, cubic and 

quartic models were not significantly different from each other (BF range = 0.30 – 

0.35). There was strong evidence the intercepts for the linear models were lower than 

the constant (BF = 2,727.63), quadratic (BF = 11.03), quintic (BF = 6.59) and log-time 

(BF = 7.48) models. There was not strong evidence that there were or were not 

differences for the other model comparison pairs (BF range = 0.55 – 1.77). 

Interestingly, only the quartic models exclusively had negative linear coefficients, 

indicating that clients who followed a quartic model generally were improving, despite 

variability in their rate and/or direction of change (i.e. deteriorating before improving).  

Mean outcomes and number of sessions attended are also shown in Table 1. 

There was very strong evidence that client outcomes (BF = 5.892x1018) and number of 

sessions attended (BF = 402,610.85) differed significantly between models. 

Specifically, clients best-fitting the constant and log-time models had poorer outcomes 

than clients best-fitting the other models (BF range = 4.22 – 7.152x1018); in other  
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Table 1 
Summary of model parameters for best-fitting models for main sample (N = 346) with seven models considered 

  Model 

  Constant Linear Quadratic Cubic Quartic Quintic Linear 

Log-time 

N (%) of clients 119 (34.4%) 96 (27.7%) 57 (16.5%) 24 (6.9%) 12 (3.5%) 12 (3.5%) 26 (7.5%) 

Mean (SD) outcome 5.34 (16.69) 34.92 (23.29) 27.32 (23.40) 32.83 (26.51) 37.92 (23.89) 34.75 (29.48) 5.08 (33.50) 

Mean (SD) sessions 9.69 (5.32) 13.13 (5.28) 13.61 (7.81) 13.00 (4.05) 14.33 (4.92) 19.33 (7.58) 11.15 (5.70) 

PPM Range 0.27 – 1.00 0.20 – 0.93 0.17 – 0.94 0.27 – 0.89 0.27 – 0.73 0.24 – 0.78 0.25 – 0.97 

 Mean (SD) 0.65 (0.25) 0.47 (0.17) 0.47 (0.16) 0.44 (0.16) 0.52 (0.16) 0.47 (0.19) 0.51 (0.16) 

Model Parameters        

Intercept Range -5.68 – 130.28 2.3 – 101.87 -8.25 – 118.89 16.50 – 92.36 -8.12 – 125.31 48.22 – 94.68 20.51 – 151.91 

 Mean (SD) 66.01 (28.69) 49.18 (23.16) 61.40 (25.76) 53.32 (20.92) 49.86 (37.72) 68.55 (19.13) 65.97 (37.12) 

Linear Range  -124.47 – 15.83 -83.18 – 32.87 -124.59 – 9.66 -100.56 – -4.91   -71.05 – 14.26 -26.28 – 35.68 

 Mean (SD)  -32.44 (23.10) -27.07 (24.70) -33.05 (34.12) -41.84 (28.17) -30.60 (26.08) -0.27 (16.20) 

Quadratic Range   -54.14 – 52.79 -45.37 – 36.28 -0.65 – 43.93 -39.41 – 31.38  

 Mean (SD)   6.01 (25.37) -1.05 (18.86) 19.47 (12.28) 1.89 (22.54)  

Cubic Range    -36.75 – 72.65 -24.94 – 21.07 -55.58 – 32.12  

 Mean (SD)    -1.37 (30.47) -0.25 (15.66) -8.82 (24.79)  

Quartic Range     -61.00 – 32.17 -55.60 – 26.36  

 Mean (SD)     -10.46 (24.95) 4.74 (22.04)  

Quintic Range      -34.69 – 57.94  

 Mean (SD)      -0.46 (29.49)  

Notes. No models were able to be fit for one client who had zero variance across two data points (i.e. had the same score at both sessions), hence the results presented in this 
table are for 346 clients not 347. PPM = posterior probability of model.  
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words, it was over 4 times more likely that there were significant differences between 

the outcomes of clients best-fitting the constant and log-time models and the remainder 

of the models, than that there were no differences between the models; there was no 

significant difference between the constant and log-time models (BF = 0.23). There was 

strong evidence that clients best-fitting the constant model attended fewer sessions than 

clients best-fitting the other models (BF range = 8.27 – 135,522.36), with the exception 

of the log-time model where there was no difference (BF = 0.45). In addition, there was 

strong evidence that clients who best-fit the quintic model attended more sessions than 

clients best-fitting the other models (BF = 2.53 – 135,522.36), except the quartic model 

where evidence neither supported a significant difference not a non-significant 

difference between the models (BF = 1.34). 

An example comparing the seven models fit for one client is shown in Figure 2. 

The best-fitting model for this client was the quadratic model, which identified a turning 

point around session 4, where the client began experiencing improvement. There is also 

some support for the cubic model, which also identifies the turning point around session 

4, but shows the uncertainty about the trajectory over the first few sessions, as to 

whether there was in fact a small turning point from no change (constant) to 

deterioration. However, there is more support for the quadratic model which shows 

initial deterioration. This client finished treatment having achieved reliable 

improvement. 

Due to the low frequency of clients fitting the quartic, quintic and linear log-

time models, to increase interpretability and computational power for the predictions, 

the models were re-run again with only four models considered: constant, linear, 

quadratic and cubic. As shown in Table 2, most clients (71.1%) fit the constant and 

linear models best. For the best-fitting models, posterior probabilities ranged from 28%  
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            Constant                    Linear                      Quadratic                  Cubic                       Quartic                     Quintic                      Log-time 

 
 
Figure 2. A comparison of seven model fits for one client over the course of treatment (9 sessions). The client’s actual scores at each session are 
shown as black dots. For each model, the 50% of values that are most plausible are shown by the dark blue bands (50% credible interval [CI]), 
the 95% of values that are the most plausible are shown by the light blue bands (95% CI), the 98% of values that are most plausible are shown by 
the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by the pink bands (99.8% CI). PPM = posterior probability of 
model. PPPD = posterior probability density of model. 

●
●
●
●

●

●

●
●

●

80

100

120

2.5 5.0 7.5
time

ob
se

rv
ed

ppm = 10.35%
Exemplar 247

●
●
●
●

●

●

●
●

●

80

100

120

2.5 5.0 7.5
time

ob
se

rv
ed

ppm = 7.61%

●
●
●
●

●

●

●
●

●

80

100

120

2.5 5.0 7.5
time

ob
se

rv
ed

ppm = 50.03%

●
●
●
●

●

●

●
●

●

80

100

120

2.5 5.0 7.5
time

ob
se

rv
ed

ppm = 22.82%

●
●
●
●

●

●

●
●

●

80

100

120

2.5 5.0 7.5
time

ob
se

rv
ed

ppm = 1.44%

●
●
●
●

●

●

●
●

●

80

100

120

2.5 5.0 7.5
time

ob
se

rv
ed

ppm = 0.14%

●
●
●
●

●

●

●
●

●

80

100

120

2.5 5.0 7.5
time

ob
se

rv
ed

ppm = 7.61%

0.00.51.01.5

0.00.20.40.60.8
pppd

de
ns

ity

0.00.51.0

0.250.500.75
pppd

de
ns

ity

0.00.51.0

0.2 0.4 0.6 0.8
pppd

de
ns

ity

0.00.51.01.5

0.2 0.4 0.6 0.8
pppd

de
ns

ity
0.00.51.01.5

0.2 0.4 0.6
pppd

de
ns

ity

012
345

0.30.40.50.60.7
pppd

de
ns

ity

0.00.51.0

0.2 0.4 0.6 0.8
pppd

de
ns

ity



 186 

Table 2 

Summary of model parameters for best-fitting models for main sample (N = 346) with 

four models considered 

  Model 

  Constant Linear Quadratic Cubic 

N (%) of clients 132 (38.2%) 114 (32.9%) 69 (19.9%) 31 (9.0%) 

Mean (SD) outcome 4.73 (17.87) 33.15 (25.28) 27.10 (26.21) 34.29 (25.99) 

Mean (SD) sessions 9.98 (5.48) 13.08 (5.65) 13.91 (7.70) 13.77 (4.33) 

PPM Range 0.29 – 1.00 0.28 – 0.98 0.29 – 0.95 0.34 – 0.98 

 Mean (SD) 0.68 (0.21) 0.57 (0.16) 0.55 (0.15) 0.61 (0.22) 

Model Parameters     

Intercept Range -5.68 – 137.08 2.30 – 101.87 -8.25 – 118.89 -8.15 – 125.29 

 Mean (SD) 68.52 (30.24) 49.03 (22.95) 59.05 (26.81) 54.47 (28.65) 

Linear Range  -124.47 – 44.63 -83.18 – 48.80 -124.59 – 9.66 

 Mean (SD)  -31.39 (24.97) -27.60 (26.03) -32.66 (31.08) 

Quadratic Range   -54.14 – 52.80 -45.37 – 36.28 

 Mean (SD)   7.60 (25.48) 3.34 (19.45) 

Cubic Range    -38.05 – 71.65 

 Mean (SD)    -3.37 (29.47) 

Notes. No models were able to be fit for one client who had zero variance across two 
data points (i.e. had the same score at both sessions), hence the results presented in this 
table are for 346 clients not 347. PPM = posterior probability of model.  
 

to 100% (Q1 = 0.46, Median = 0.58, Q3 = 0.74). Summaries of the parameters of the 

selected best-fitting models are shown in Table 2. Within each model shape, the 

estimated model parameters all varied widely suggesting substantial heterogeneity in 

trajectories even when they had similar shapes. Between the model shapes, it was 

26,420.44 times more likely that there were significant differences between the models 

on intercept than that there were no differences between the models. Specifically, the 

linear models had lower intercepts than the constant models (BF = 220,520.21) and 

quadratic models (BF = 4.51). Mean outcomes and number of sessions by model are 

also shown in Table 2. There was very strong evidence that there were significant 
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differences between the models on outcome (BF = 1.835x1018) and number of sessions 

(BF = 4,697.49). Specifically, clients best-fitting the constant models had poorer 

outcomes than clients best-fitting the other three models: linear (BF = 4.654x1017), 

quadratic (BF = 4.234x108), cubic (BF = 1.853x109). Clients best-fitting the constant 

models also attended fewer sessions than clients best-fitting the other three models: 

linear (BF = 898.07), quadratic (BF = 448.76), cubic (BF = 61.10). An example of the 

four model fits is shown for an exemplar client in Figure 3. The best-fitting model for 

this client was the constant model, which indicates that despite some variability in 

scores over time, the client did not achieve any lasting, reliable change by the 

conclusion of psychotherapy. 

Sequential Individualised Modelling with Predictions: Hold-out Sample 

Four models (constant, linear, quadratic and cubic) were fit to each client’s data 

in the hold-out sample (N = 39 clients with adequate data for predictions; 11 clients did 

not have enough data for predictions) at 5-session intervals, which were then used to 

predict the client’s scores at the next five sessions. The four models were first fit to each 

client’s data from sessions one through five (termed “Horizon 5”) and then these models 

were used to predict the client’s scores at sessions six through ten. Then, the four 

models were updated to fit to each client’s data from sessions one through ten (termed 

“Horizon 10”) which were used to predict the client’s scores at sessions eleven through 

fifteen, and so on. Thus, increasingly more data was included up until the prediction 

horizon (5, 10, 15, etc), but the predictions always looked ahead the same number of 

sessions (here 5). Models were updated every five sessions to allow enough time for 

trends to emerge, and to have enough data to consider polynomial models, but also to 

for the models to be useful for feedback to responsively inform ongoing treatment 

decisions. In this sample, two clients had enough data to fit models up to Horizon 20,  
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          Constant Model           Linear Model             Quadratic Model        Cubic Model 

 
 
Figure 3. A comparison of four model fits for one client over the course of treatment (5 
sessions). The client’s actual scores at each session are shown as black dots. For each 
model, the 50% of values that are most plausible are shown by the dark blue bands 
(50% credible interval [CI]), the 95% of values that are the most plausible are shown by 
the light blue bands (95% CI), the 98% of values that are most plausible are shown by 
the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by 
the pink bands (99.8% CI). PPM = posterior probability of model. PPPD = posterior 
probability density of model. 
 

but hypothetically, the model updating procedure can be run for as many sessions as the 

client attends.  

Two types of priors were used for model fitting. The first was a non-informative 

prior which weighted all four models as equally likely, forming a uniformly distributed 

prior. The second was an informative prior based on the prevalence of each trend model 
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being selected as the best-fitting model in the main sample, which accounted for a 38% 

chance of a constant model, 33% chance of a linear model, 20% chance of a quadratic 

model and a 9% chance of a cubic model occurring in the population. 

Non-informative prior. Using the non-informative prior, the constant model 

was the best-fitting at Horizon 5, but the quadratic model was the best-fitting model at 

both Horizons 10 and 15, suggesting that most clients had experienced a turning point 

later in treatment. The number of clients who best-fit each model shape, for each 

horizon is shown in Table 3. For the best-fitting models, posterior probabilities ranged 

from 28% to 93% (Q1 = 0.44, Median = 0.48, Q3 = 0.62). Seventeen clients only had 

enough data for one horizon to be fit (i.e. they did not have more than ten data points). 

Of those clients who had enough data for two or more horizons (N = 22), only three had 

the same best-fitting model across all horizons. Fifteen clients had an increase in model 

complexity across horizons (e.g. changed from a constant best-fitting model to a linear 

best-fitting model), two had a decrease in model complexity across horizons (e.g. 

changed from a cubic best-fitting model to a constant best-fitting model) and two had  

Table 3 

The Number and Percentage of Clients Best Fitting Each Model at Each Horizon 

(Time-Point) Using A Non-Informative Prior 

 Model 

Horizon Constant Linear Quadratic Cubic 

5 19 (48.7%) 14 (35.9%) 4 (10.3%) 2 (5.1%) 

10 4 (18.2%) 6 (27.3%) 7 (31.8%) 5 (22.7%) 

15 2 (33.3%) 1 (16.7%) 3 (50%) 0 (0%) 

20 1 (50%) 1 (50%) 0 (0%) 0 (0%) 
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both increases and decreases in model complexity across horizons (e.g. changed from a 

linear best-fitting model to a constant to a quadratic best-fitting model). 

Informative prior. When the informative prior was instead used, the constant 

model was similarly the best-fitting model for most clients at Horizon 5. However, 

dissimilarly the linear model was the best-fitting model for most clients at Horizon 10, 

and the constant and linear were equally as common at Horizons 15 (along with the 

quadratic model) and 20. The number of clients who best-fit each model at each horizon 

is shown in Table 4. Compared to the non-informative prior, using the informative prior 

changed the best-fitting model for nine clients: eight of these clients experienced 

changes at only one horizon, and one client experienced changes at two horizons. These 

ten changes to the best-fitting model constituted only 14.49% of the models that were fit 

for this sample, indicating that using an informative prior (based on the population 

prevalence of trend model shape) had some impact, but not a large impact, on the model 

selection. However, as expected the posterior probabilities of all model shapes changed 

for all clients, at all horizons, ranging from a 0.006% to a 29% change (Q1 = 0.03,  

Table 4 

The Number and Percentage of Clients Best Fitting Each Model at Each Horizon 

(Time-point) Using an Informative Prior 

 Model 

Horizon Constant Linear Quadratic Cubic 

5 20 (51.3%) 15 (38.5%) 4 (10.3%) 0 (0%) 

10 5 (22.7%) 10 (45.5%) 5 (22.7%) 2 (9.1%) 

15 2 (33.3%) 2 (33.3%) 2 (33.3%) 0 (0%) 

20 1 (50%) 1 (50%) 0 (0%) 0 (0%) 
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Median = 0.06; Q3 = 0.10). For the best-fitting models, posterior probabilities ranged 

from 33% to 92% (Q1 = 0.48, Median = 0.57, Q3 = 0.69).  

Of those clients who had enough data for two or more horizons (N = 22), only 

one fifth (4) had the same best-fitting model across all horizons. These were the same 

three clients who had the same best-fitting model across all horizons when the non-

informative prior was used, plus one client who had both increases and decreases in 

model complexity across horizons using the non-informative prior. Sixteen clients had 

an increase in model complexity across horizons and two had a decrease in model 

complexity across horizons; these two clients had the same decrease in model 

complexity when the non-informative prior was used. 

Exemplars. Models for three exemplar clients are shown below in Figures 4 

through 6 to highlight the utility of the model predictions. At each horizon (time-point 

separating the sessions used for model fitting and sessions in which data were projected) 

all four models were fitted, and predictions were generated from each model. The 

posterior probability of each model (“ppm”) is shown above each model for first the 

non-informative and then the informative prior. The best-fitting model is the model with 

the highest ppm, which shows how likely the model is given the data. Black dots show 

the client’s observed scores which were used to fit each of the four models. The model 

predictions for the next five sessions are shown with a coloured line (blue for sessions 

6–10, green for sessions 11–15 and orange for sessions 16–20). Credible intervals are 

shown around the model as coloured bands. For comparison, the coloured dots show the 

client’s observed scores after the model prediction for comparison. This highlights 

whether the client’s actual scores after the prediction horizon were surprising or not, i.e. 

within the bounds of the projections, which were based on their previous sessions. 
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In the first exemplar (see Figure 4), in the first five sessions, the client was 

improving but then appeared to reach a turning point and began slightly declining; the 

best-fitting model (quadratic) detected this turning point and predicted the client would 

continue to decline (see Figure 4a). The blue line shows the client’s expected trajectory 

for sessions six through ten. Interestingly, according to the ETR the client was on-track 

throughout treatment, and the psychotherapist was not alerted to potential deterioration. 

By Horizon 10, the client has reached another turning point: after declining for a further 

two more sessions, the client begins improving once more. At Horizon 10, the client’s 

best-fitting model is the cubic model, which predicts continued improvement. Although 

the client did not improve quite as rapidly as the cubic model predicted (as the scores 

were not possible to obtain on the Y-OQ), the client did continue to improve, and left 

treatment having achieved clinically significant improvement. 

In the second exemplar (see Figure 5), the client has the same best-fitting model 

throughout the whole course of treatment (the linear model). This model predicted the 

client would improve in a fairly consistent way through treatment. At Horizon 5, based 

on the client’s response to the first five sessions, no models predicted that the client 

would deteriorate, and hence combining evidence across the linear, quadratic and cubic 

models there was a 67–75% probability that the client would continue to improve, 

although the degree of improvement varied by model. By Horizon 10, based on the 

client’s response to treatment, the probability of the linear model had increased, 

showing that even though there was some variability in the client’s scores, overall the 

client made fairly consistent gains throughout treatment. Interestingly though, using 

current feedback procedures, this client’s psychotherapist received a warning during 

treatment that the client was not on-track. This client finished treatment having achieved 

clinically significant improvement. 
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a. Horizon 5            b. Horizon 10 
          Constant Model      Linear Model          Quadratic Model     Cubic Model            Constant Model     Linear Model          Quadratic Model     Cubic Model       

  
 
Figure 4. A comparison of four model fits after the first five sessions (a. Horizon 5) and after the first ten sessions (b. Horizon 10) for exemplar client 1. Black dots show the 
client’s observed scores from which the model fitting is based on. The coloured lines (blue for Horizon 5 and green for Horizon 10) show the predicted scores based on 
projection of the model. The coloured dots show the client’s observed scores after the horizon for comparison with the predictions. For each model, the 50% of values that are 
most plausible are shown by the dark blue bands (50% credible interval [CI]), the 95% of values that are the most plausible are shown by the light blue bands (95% CI), the 
98% of values that are most plausible are shown by the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by the pink bands (99.8% CI). PPM = 
posterior probability of the model. The first ppm was calculated with the non-informative prior, and the second ppm was calculated with the informative prior. PPMD = 
posterior probability density of the model. 
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a. Horizon 5             b. Horizon 10 
            Constant Model       Linear Model         Quadratic Model     Cubic Model            Constant Model      Linear Model          Quadratic Model    Cubic Model       

   
 
Figure 5. A comparison of four model fits after the first five sessions (a. Horizon 5) and after the first ten sessions (b. Horizon 10) for exemplar client 2. Black dots show the 
client’s observed scores from which the model fitting is based on. The coloured lines (blue for Horizon 5 and green for Horizon 10) show the predicted scores based on 
projection of the model. The coloured dots show the client’s observed scores after the horizon for comparison with the predictions. For each model, the 50% of values that are 
most plausible are shown by the dark blue bands (50% credible interval [CI]), the 95% of values that are the most plausible are shown by the light blue bands (95% CI), the 
98% of values that are most plausible are shown by the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by the pink bands (99.8% CI). PPM = 
posterior probability of the model. The first ppm was calculated with the non-informative prior, and the second ppm was calculated with the informative prior. PPMD = 
posterior probability density of the model. 
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In the third exemplar (see Figure 6), this client’s best-fitting model changed 

from constant at Horizon 5 to quadratic or linear at Horizon 10, depending on whether 

the non-informative or informative prior is used. With no knowledge about the typical 

nature of change in the population, based only on the client’s data, the quadratic model 

predicted that the client’s improvement would continue to accelerate. However, when 

knowledge about the nature of change for other past clients is factored in, the linear 

model has the most support; this model still predicts improvement, but of lesser 

magnitude. Interestingly, the client’s scores at the next four sessions closely align with 

the predictions of the linear model, so it is likely that if the client had have continued 

until the next prediction horizon, the linear model would have had more support. Using 

their clinical judgement and understanding of the client’s unique situation, 

psychotherapists can choose whether they think the client is similar to other past clients 

(hence choosing the informative prior) or whether the client is more unusual in their 

response to treatment (hence choosing the non-informative prior). This modelling 

highlights that even though the client had a few sessions with variable scores (during 

which they received a not on-track warning using current feedback procedures), the 

overall pattern was still detectable through modelling, which did not predict 

deterioration at either horizon. Due to the variability, this pattern may not have been 

easy discernible to the naked eye, and the psychotherapist would not have had a 

quantifiable way of deciding whether the trend could be detected amidst this client’s 

inherent variability. This client left psychotherapy having achieved clinically significant 

improvement. 

Discussion 

The aims of the current study were two-fold. Firstly, we sought to examine the 

hetero- or homogeneity in youth’s individualised outcome trajectories over time.  
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a. Horizon 5               b. Horizon 10 
              Constant Model      Linear Model           Quadratic Model     Cubic Model            Constant Model      Linear Model           Quadratic Model     Cubic Model       

    
 
Figure 6. A comparison of four model fits after the first five sessions (a. Horizon 5) and after the first ten sessions (b. Horizon 10) for exemplar client 3. Black dots show the 
client’s observed scores from which the model fitting is based on. The coloured lines (blue for Horizon 5 and green for Horizon 10) show the predicted scores based on 
projection of the model. The coloured dots show the client’s observed scores after the horizon for comparison with the predictions. For each model, the 50% of values that are 
most plausible are shown by the dark blue bands (50% credible interval [CI]), the 95% of values that are the most plausible are shown by the light blue bands (95% CI), the 
98% of values that are most plausible are shown by the grey bands (98% CI) and the 99.8% of values that are most plausible are shown by the pink bands (99.8% CI). The 
first ppm was calculated with the non-informative prior, and the second ppm was calculated with the informative prior. PPM = posterior probability of the model. PPMD = 
posterior probability density of the model. 
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Secondly, we aimed to generate predictive models for clients’ symptom change, which 

were informed by the client’s past change as well as the information about the nature of 

individualised change in psychotherapy that was gathered in the first stage of analyses 

using a larger sample. The current study used a statistical methodology that enabled us 

to achieve these aims in an adult psychotherapy sample and was appropriate for 

individual-level data (Chapter 6).  

Despite conceptualising change individually and specifically (i.e., for an 

individual client), there have been no studies that have statistically examined 

individualised symptom change trajectories in youth psychotherapy. The extant 

literature has conducted analyses on groups (e.g. Chu et al., 2013; Lindhiem & Kolko, 

2010; Peris et al., 2015; Walkup et al., 2008; Warren et al., 2012), sub-groups of clients 

(e.g. Henderson et al., 2010; Leon et al., 2016; Palermo et al., 2015), or examined 

exceptions to the group (e.g. Cromley & Lavigne, 2008; Durland et al., 2018; Gaynor et 

al., 2003). Interestingly, prior to conducting their main group-level analyses, Chu et al. 

(2013) visually rated individual clients’ shapes of anxiety change. The independent 

raters judged 9% of clients to have no discernible pattern, 23% to have a linear pattern, 

35% to have a quadratic or log-time pattern, and 33% to have a cubic pattern. Despite 

explicitly acknowledging this variability in trajectories, the authors then conducted 

analyses on the group as a whole, or with various moderator variables, using a cubic 

model. The current study therefore is the first study to statistically examine a wide range 

models (up to seven models) to explain individualised change.  

The constant and linear models emerged as the best-fitting models for the 

majority of clients (62% of clients when seven models were considered or 71% when 

four models were considered). These results are dissimilar to those reported by Chu et 

al. (2013), although the authors only visually inspected the trajectories. This 
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demonstrates that the visual assessments conducted by experts (Chu et al., 2013) can be 

formalised and reflected by an empirical approach (proposed here), which fits 

polynomial trend models of varying degree, with model selection (to choose the best-

fitting degree of polynomial) achieved via Bayes Factors. In addition, although the 

samples were similar in that they were both conducted in a university clinic, Chu et al. 

(2013) used a sample with principal anxiety disorders and completed a 16-20 session 

manualised treatment. In contrast, clients in the current study had a wide range of 

presenting problems and received a range of non-standardised treatments over a variable 

treatment length. An interesting avenue for future research to pursue is whether 

different presenting problems or different treatments elicit different shapes or 

parameters of symptom change.  

Contrary to the assumptions of the expected treatment response currently used 

for providing feedback to psychotherapists (Castonguay et al., 2013; J. A. Sparks & 

Duncan, 2018; Warren et al., 2012), the linear log-time model was the best-fitting 

model for only 7.5% of clients, with only 4% of clients showing negatively accelerating 

improvement. Thus, our results demonstrate that, for clients of these two clinics, the 

expected treatment response could only be “expected” for a small minority of clients. 

The results in the current study actually suggest change is often fairly constant over 

time for most individuals (65% of clients when seven models are considered and 74% 

when four models are considered). Clients who best-fit a constant model tended to 

differ from clients who best-fit one of the other models, having a poorer outcome (i.e., 

less improvement) and attending fewer sessions. However, with great variation in 

coefficients within the model shapes, indicating the rate and degree of improvement (or 

deterioration) and turning points differed within each shape of model, and often lack of 

differences between the other models shapes on average, little is known, at this stage, 
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about why individuals differ in their responses to treatment and what constitutes a good 

treatment response.  

This casts serious doubt on using only one expected treatment response as a 

baseline to compare all clients’ progress against, as is the case for current feedback 

procedures, even if the expected treatment response is allowed to vary somewhat to 

account for initial symptom severity. Our analysis suggests that the expected treatment 

response is instead likely to create erroneous expectations in psychotherapists and 

clients about how they “should” be progressing. In a sample of training clinic adult 

clients, Callahan et al. (2009) demonstrated with regression analyses that 11–14% of the 

variance in drop-out rates could be explained by clients’ pre-treatment expectations. 

Swift and Callahan (2008) suggest two possible explanations for expectations of 

improvement influencing drop-out: either clients may expect that they will show more 

improvement, and drop-out when they do not, concluding that treatment is not effective; 

or, clients may improve quicker than they expected and drop-out because they believe 

they have gained benefit from therapy. With increased understanding of what change to 

expect in psychotherapy, clients’ and/or their parents’ pre-treatment expectations can be 

more closely aligned with reality which may reduce drop-out and increase engagement 

and commitment to psychotherapy.  

Further, our results demonstrate that using the expected treatment response 

procedure as a basis for judging when to send signal alarms regarding expected 

deterioration, is likely to be incorrect, with a high false positive rate, signalling clients 

as likely to deteriorate when they are not. In the current sample (reported in Chapter 5), 

46% of clients received a signal alert that their progress was significantly deviating 

from the expected treatment response (i.e., were “not on-track”). Although being not 

on-track was highly predictive of deterioration and no clients who were on-track 
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deteriorated, 84% of clients who were not on-track did not deteriorate, and over half 

(54%) of the clients who were not on-track experienced clinically significant or reliable 

improvement. In the study that calculated the original expected treatment response 

curve for the parent-report Y-OQ (Warren et al., 2012), only 28% of the sample 

received a signal alert that they were not on-track. However, of those who were not on-

track, 69% did not deteriorate, and more surprisingly, of those clients who were on-

track throughout treatment, 7% did deteriorate.   

The point of current feedback procedures is to prevent deterioration (Lambert et 

al., 2002). As such, it is likely that some clients in the current sample would have 

deteriorated had their psychotherapist not been given feedback. Indeed, compared to 

Warren et al. (2012) whose psychotherapists were not given feedback on their clients’ 

outcomes, fewer clients in the current study who were not on-track deteriorated, 

demonstrating the importance of this feedback (see Chapter 5). However, it appears that 

the expected treatment response curve procedure over-predicts deterioration as many 

clients who were not on-track did not deteriorate. Although it is better to be cautious 

and over-identify clients who might deteriorate, this overprediction may have several 

downsides. Psychotherapists may make changes unnecessarily to their treatment plan 

for the client. Other psychotherapists may ignore warnings if they occur too frequently 

without resulting in a negative outcome, such as in “the boy who cried wolf” 

phenomenon. A better understanding of both typical individualised responses to 

treatment and individualised trajectories that result in deterioration could strengthen 

existing feedback procedures. The individualised model fitting approach shown in the 

current study is able to distinguish when slight deterioration is just part of a client’s 

symptom variability, from situations where it represents a discernible deterioration with 

a distinct upward trend. This was shown clearly in the first predictions exemplar, where 
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although the client did not trigger a signal alarm through current feedback procedures, 

since the deterioration occurred after a period of improvement, the individualised 

modelling showed a distinct positive gradient in that section of treatment. Had the 

results of the individualised modelling been fed back to the treating psychotherapist, the 

psychotherapist would have been able to clearly identify the deterioration occurring 

(and hence respond to it), which would not have been clear from the signal provided 

with current feedback procedures that the client was on-track. This highlights the 

potential for improved feedback which can provide more informative detail to 

psychotherapists about their clients’ progress thus far and more nuanced and accurate 

predictions about their clients’ likely future progress.  

Therefore, the second stage of analyses utilised the model fitting procedure and 

information gathered from the first stage of analyses to generate sequential predictions 

of client progress throughout treatment which could be used for enhanced feedback 

procedures. Predictions were generated for clients in five session increments and used to 

predict their scores at the next five sessions. At each interval, the probability of each 

model was updated given the client’s data and if the informative prior was used, the 

likelihood of each model occurring in the population. This means that predictions for 

clients could be made by incorporating information about the specifics of the client’s 

change so far in treatment, but also more broadly about the nature of change 

experienced by other clients in the clinics. Using their clinical judgement and 

knowledge of the client, the psychotherapist can decide which prior they wish to use; 

they may choose to use the informative prior if they think that their client is likely to 

experience change similarly to other clients, or the non-informative prior if they wish to 

ignore all other sources of information, especially if they think that their client’s 

trajectory is highly unique and would be dissimilar to other clients.  



 202 

In the first stage of analyses, the constant and linear models were the most 

common best-fitting models. Similarly, the constant model was the most common best-

fitting model at the first horizon when either the non-informative or informative priors 

were used, and the linear model was the most common best-fitting model at the second 

horizon when the informative prior was used. However, when the non-informative prior 

was used at the second horizon, the quadratic model was the most common best-fitting 

model. Given the information recorded in the database, it is not possible to delve deeper 

to determine why the use of the informative prior had the most effect on model selection 

at the second horizon or why these results did not appear to mirror the population 

percentages. However, it may be that, as there was significantly less missing data in the 

hold-out sample, that the models are a more accurate representation of the change that 

clients experienced, and thus they were able to better model more complex trajectories. 

It would therefore be important to repeat the initial model fitting stage in another large 

sample with less missing data to determine the accuracy of the percentages of clients 

fitting each model before using this information as an informative prior in future studies 

or in feedback. Nevertheless, providing therapists with the option of choosing what 

prior information to include in analysis could be highly empowering. Moreover, the 

Bayesian framework enables this process to be explicit and transparent, rather than 

being applied in a haphazard, post-hoc way, with a decision to ignore or take heed of 

the system’s prediction (Spiegelhalter et al., 1999). 

Regardless, the statistical approach to predictions showcased in the current study 

highlighted the kind of nuanced information that could be generated to enhance current 

feedback procedures. By examining where turning points occur, psychotherapists can 

hypothesise about the mechanisms of change for their individual client and by grouping 

similar responses to treatment, common mechanisms for certain groups of clients might 
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be identified by researchers shedding light on the moderators of treatment response. 

This highlights the essential components of effective treatment and the conditions 

necessary for these components to work, as mechanisms may not be the same across 

individuals and/or may have different effects at different times (Kazdin, 2009). 

Increasing the effectiveness of psychotherapy and ensuring cost-effectiveness of 

services is perhaps the most important for youth psychotherapy as 50% of mental 

illnesses onset prior to age 18 and 75% onset prior to age 25 (Jones, 2013; Kessler et al., 

2005).  

Limitations 

As this study utilised the same individualised modelling strategy and data 

collection setting as Study Two (Chapter 6), the limitations related to the methods and 

statistical modelling procedures described there are common to both studies. However, 

some additional limitations are worth noting that were unique to this sample of youth 

clients. Firstly, the large percentage of missing data, particularly in the main sample, 

might mean that the shapes of change observed might not accurately represent the 

process of change, particularly when symptom trajectories are characterised by 

discontinuity, lots of variability or one or more turning points. In addition, data might 

be missing for systematic reasons that would have been informative about the client’s 

treatment progress. Examples include: if the client’s parent did not fill out the 

questionnaire because they were late to the session after having an argument with their 

child; if the parent thinks that their week has been the same as usual, so does not want to 

complete the questionnaire; or if the client or their parent is feeling very distressed and 

want to start the session immediately.  

Secondly, all the data that was gathered was parent-report. Standard clinic 

procedure is for all parents/guardians to complete the Y-OQ at each session. However, 
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there is a self-report version of the Y-OQ for youth aged 12-18 (Wells et al., 2003), 

which psychotherapists can choose to administer in addition to the parent-report Y-OQ; 

this data was not included in the current study. The decision to use only parent-report 

data was due to several factors: the youth-report data was restricted to only youth over 

12; was collected sporadically, if at all, and often would not have been used to monitor 

progress and inform treatment; and youth often under-report symptoms and distress 

compared to their parents, and report their progress as occurring more rapidly than do 

their parents (Cannon et al., 2010). However, in other clinics where using self-report 

data is the norm, the conclusions about the shape of change drawn in the current study 

may not apply. Given that there are notable differences in youth- and parent-reports 

(Cannon et al., 2010), this is an interesting avenue for future research to pursue and to 

determine whether youth and their parents find change occurs differently, or whether 

they perceive there to be different mechanisms of change in psychotherapy. 

Thirdly, the current study utilised prior information for trajectories formulated 

from analysis of the main sample, solely for informing model selection. In other words, 

the prevalence of each trend model’s occurrence in the population (the main sample) 

was the only prior information incorporated. It may be possible with a larger sample to 

construct priors that are also informed by likely model parameters, within each possible 

selected model, for each individual, as they affect predicted outcomes (deterioration or 

not), identifying turning points and assessing non-systematic variation. Thus, in larger 

samples, and when more is known about determinants of treatment response, priors 

could be constructed for more aspects of clients’ responses to treatment, such as the 

rate, magnitude and direction of change, not just the number of turning points likely 

(model shape). 

 



 205 

Conclusion 

In psychotherapy, change is conceptualised on an individual basis: 

understanding each individual client. However, the statistical models currently used in 

the literature have used group-level analyses and assumed the findings would apply to 

the individual. In contrast, the statistical modelling showcased in the current study 

examines change in the same way it is conceptualised: individually. Current approaches 

to statistically examining change have sought to understand individual change with 

reference to group-level based trajectories, which according to the ecological fallacy 

might result in inaccurate and unhelpful conclusions being drawn about the individual’s 

change. Using feedback in youth psychotherapy is still relatively new and results 

regarding its efficacy still tentative. However, given the decreased sensitivity and 

specificity of the expected treatment response for correctly predicting deterioration for 

youth compared to adults (Warren et al., 2012), optimising feedback is vitally 

important. The current study demonstrated the more nuanced feedback that can be 

provided through individualised statistical modelling and prediction generation, which 

may further the utility and effectiveness of feedback. In addition, it may also provide a 

more advanced method for uncovering mechanisms of change in psychotherapy, which 

may vary across clients and over time; this is a critical issue for the youth 

psychotherapy literature (Weisz & Kazdin, 2010; Weisz et al., 2019). 
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CHAPTER EIGHT 

Are We There Yet? Evaluating Individualised Trajectory Modelling 

In Australia, mental health and behavioural conditions affect 20% of the 

population and are the most common category of chronic health conditions, surpassing 

cancer, heart disease and diabetes (Australian Bureau of Statistics, 2018b). Although 

psychotherapy is an effective treatment (American Psychological Association, 2012), it 

appears not to be effective for all clients. Optimising psychotherapy effectiveness is 

important not only to promote functioning and relieve the distress of the individuals 

who seek services, but also to reduce the overall burden of mental illness on carers, the 

health system and society more broadly. However, enhancing the effectiveness of 

psychotherapy has proved difficult despite decades of research, partially because the 

mechanisms and boundary conditions of change have been difficult to determine 

(Wampold et al., 2011; Weisz & Kazdin, 2010; Weisz et al., 2019). Although various 

factors have been established as components that make psychotherapy more effective, 

such as the working alliance, empathy, and feedback (Norcross & Wampold, 2011a), 

we know little about how or why they cause change. As summarised by (Kazdin, 2007) 

“the time sequence problem is more basic, but how does one get from ‘my therapist and 

I are bonding’ to ‘my marriage, anxiety, and tics are better’?” (p. 8). Establishing these 

mechanisms of change is a critical issue for both the adult (Emmelkamp et al., 2014; 

Kazdin, 2009; Lambert, 2011; Miller et al., 2013; Wampold et al., 2011) and youth 

literatures (Kazdin & Nock, 2003; Weisz & Kazdin, 2010; Weisz et al., 2019). Weisz et 

al. (2019) highlighted that without knowledge of mechanisms of change, researchers 

might repeat what has worked previously, constraining innovation; however, with 

knowledge of mechanisms, the core components can be utilised, and potentially more 

effective treatments produced. This may be particularly important in routine care, which 
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tends to have lower effectiveness rates than clinical research trials (N. B. Hansen et al., 

2002; Weisz et al., 2006). 

This thesis focused on one of these methods that has been shown to improve 

outcomes for adults in psychotherapy: feedback to psychotherapists on clients’ self-

reported symptoms (Duncan & Reese, 2015; Lambert et al., 2018; Norcross & 

Wampold, 2011a; Shimokawa et al., 2010). Broadly, this thesis examined whether 

feedback could also improve outcomes for youth clients in routine care in a psychology 

training clinic, and whether feedback procedures could be enhanced through 

consideration of individualised trajectories of symptom change. This individualised 

modelling approach was novel to psychotherapy research and contrary to the established 

group-level approaches to trajectory modelling, which have been inaccurately 

interpreted as applying to the individuals within the group or sub-group. This represents 

an innovative shift in the paradigms used in psychotherapy research and challenges 

what was largely thought to be accurate about how individuals change during treatment.  

The individualised modelling approach presented in this thesis was used to 

investigate the typical patterns of change shown in psychotherapy. It was then extended 

to predict a client’s future change, based on their past response to psychotherapy. This 

method might allow for enhanced patient-focused research, which holds promise as a 

unique solution to elicit the mechanisms of change for each individual. The key findings 

across the three studies in this thesis will now be reviewed, before the implications 

arising from this body of research are discussed. Finally, this chapter will conclude by 

proposing avenues for future research, and by discussing the limitations inherent in this 

work.  
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Review of Key Findings and Themes Across Studies 

Feedback-informed psychotherapy delivered in training clinics can be 

effective. Study One (Chapter 5) established the validity of the training clinic setting in 

preparation for the second and third studies. It determined whether the results from the 

findings of the current body of research might be applicable more broadly to the 

psychotherapy literature conducted in non-training environments. This was important as 

psychotherapy studies are conducted frequently in training clinics, but only infrequently 

are results actually compared to the non-training literature (Dyason, Shanley, Hawkins, 

et al., 2019). As such, little is known about whether findings in the training environment 

can apply equally to non-training environments (Dyason, Shanley, Hawkins, et al., 

2019). There has only been one other study of feedback in a training clinic, which used 

the Partners for Change Outcome Management System (PCOMS; Duncan, 2011). This 

study found that trainees and registered psychotherapists were equally effective, but the 

trainees were less efficient, in that they required more sessions to achieve the same 

outcomes with their clients as the registered psychotherapists (Reese et al., 2009).  

In the current body of research, not only was psychotherapy effective, with 50% 

of all adults and 64% of all youth significantly improving, but psychotherapy was more 

effective than the treatment-as-usual benchmarks. For adults, the results were largely 

consistent with published benchmarks for other feedback studies when similar 

definitions of deterioration were used. This provided further evidence for the 

effectiveness of feedback using the Outcome Questionnaire-45 (OQ-45; Lambert & 

Burlingame, 1996) with adults and extended these findings to a new setting (i.e. an 

Australian training clinic seeing the general public). In addition, the first study 

highlighted that although this was an effectiveness study of routine care rather than a 
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tightly controlled efficacy study, the training clinics appeared to be implementing 

feedback procedures with enough fidelity that outcomes were still enhanced. 

Feedback improves outcomes for youth compared to treatment-as-usual. 

Feedback has been demonstrated to be effective in adult psychotherapy (Duncan & 

Reese, 2015; Lambert et al., 2018; Norcross & Wampold, 2011a; Shimokawa et al., 

2010) and has promising preliminary results in youth psychotherapy (Tam & Ronan, 

2017). Study One was the first study to examine the utility of the Youth-Outcome 

Questionnaire (Y-OQ; Burlingame et al., 1996) as a feedback measure and provides 

evidence for its use in youth psychotherapy. Similarly to adults, feedback enhanced 

outcomes for youth in the training clinics compared to the treatment-as-usual 

benchmark (Warren et al., 2012). Specifically, compared to the treatment-as-usual 

benchmark, youth were more likely to improve and less likely to deteriorate, but about 

as likely to remain the same after psychotherapy. Although the treatment-as-usual 

benchmark routinely collected outcome data from clients, psychotherapists needed to 

view their clients’ results and use it to inform treatment in order for feedback to become 

beneficial; this is a key difference between routine outcome monitoring (ROM) and 

feedback. As the findings from adults were fairly comparable to the non-training 

environment, feedback using the parent-report Y-OQ might also boost outcomes in a 

non-training environment. 

Symptom change in psychotherapy is complex and highly variable. Studies 

Two (Chapter 6) and Three (Chapter 7) demonstrated that symptom change in 

feedback-informed psychotherapy is dynamic and variable for both adults and youth, 

with large symptom variation both within clients over time and between clients. Very 

rarely do clients’ symptoms remain at exactly the same level. In the current body of 

research, this only happened twice (0.1%): once in the adult sample and once in the 
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youth sample. Both the OQ-45 and the Y-OQ are known for their sensitivity to change 

(McClendon et al., 2011; Tarescavage & Ben-Porath, 2014; Vermeersch et al., 2000); 

the current body of research provides further support for this claim and showcases the 

utility of using the OQ measures for the purpose of routine outcome monitoring. 

By examining trajectories of symptom change on an individual level, which 

sought to highlight symptom variability rather than minimise it through group 

averaging, the variable nature of symptom change in psychotherapy could be 

uncovered. Although previous research has highlighted that variability in trajectories is 

clinically important and informative, the current body of research provides the first two 

studies of individualised trajectories of symptom change in psychotherapy. Importantly, 

not only were model parameters allowed to vary by client, but model shape (and 

therefore number of parameters) was also allowed to vary by client, which emphasised 

the amount of diversity that exists between clients in their responses to psychotherapy.   

Although there was great variability between individuals, surprisingly, the 

percentages of clients best fitting each model were highly similar across both adult and 

youth samples when either seven models or four models were considered. Only once 

was there a difference in the rank-prevalence of the models: when four models were 

considered, the linear model was slightly more common than the constant model for 

adults (36% vs. 38%), but for youth, the constant model was slightly more common 

than the linear model (38% vs. 33%). In addition, the quadratic model was slightly more 

common in the youth sample than in the adult sample but remained the third-most 

common model for both adults and youth when either seven or four models were 

considered. As relatively similar percentages of clients best fit the quartic, quintic or 

log-time models in both the adult and youth samples, it may be that when the clients 

best-fitting these models were reallocated to the four models only, they had slightly 



 211 

different allocations, creating this slight discrepancy between the adult and youth 

samples. However, these differences are minor, and the two samples were far more 

similar than different. This suggests the possibility of universal responses to 

psychotherapy — regardless of the client’s age.  

The fairly high prevalence of the constant and linear models suggests that for 

most clients, change (or lack thereof) is consistent over time. This stands in contrast to 

the expected treatment response curve currently used in feedback, which expects clients 

to experience a negatively accelerating rate of change: making large gains early in 

treatment, but smaller gains with each passing session. This expected treatment 

response is based on the dose-response (Howard et al., 1986) and phase (Howard et al., 

1993) models and is calculated by applying a log-transformation to the time variable in 

a linear function. However, in the current body of research, only 7.5% of adults and 

youth fit this log-time model best, and only 3 – 4% had negatively accelerating 

improvement; for adults, the mean outcome for clients fitting the log-time model was 

negative, indicating that on average clients deteriorated (although not to a reliable 

degree). Thus, only a very small minority of clients would have experienced negatively 

accelerating improvement as described by the expected treatment response.  

The common interpretation of the dose-response model is that many clients do 

not achieve clinically significant improvement because they do not receive an adequate 

“dose” of psychotherapy (N. B. Hansen et al., 2002; Harnett et al., 2010; Lambert, 

2011; Wolgast, Lambert, & Puschner, 2004). The results from the current study would 

however be more in line with the good-enough level model (GEL; Barkham et al., 

2006), which posits that clients experience linear change and terminate psychotherapy 

when they believe they have reached a self-determined “good-enough” level of 

functioning. Studies that have directly compared the competing propositions of the 
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dose-response and GEL models have found some support for the dose-response model, 

but the strongest support for the GEL model (Baldwin et al., 2009; Owen, Adelson, 

Budge, Kopta, & Reese, 2016; Reese, Toland, & Hopkins, 2011; Stiles, Barkham, 

Connell, & Mellor-Clark, 2008). While there has been some inconsistencies in 

comparisons of, and between, the dose-response and GEL models literature, with some 

examining the percentage of clients who have experienced clinically significant change 

(e.g. Barkham et al., 2006; Barkham, Rees, Stiles, Hardy, & Shapiro, 2002; Callahan & 

Hynan, 2005; N. B. Hansen & Lambert, 2003; Harnett et al., 2010; Howard et al., 1986; 

Kadera et al., 1996; Lambert et al., 2001) and some examining the amount of symptom 

change in the group or sub-groups of clients (e.g. Baldwin et al., 2009; Leon et al., 

1999; Owen et al., 2016; Sembill, Vocks, Kosfelder, & Schottke, 2017; Stulz, Lutz, 

Kopta, Minami, & Saunders, 2013), both methods invoke the ecological fallacy 

(Piantadosi et al., 1988) in assuming that these findings would apply to the majority of 

individuals in the group. The current body of research highlights how different 

conclusions are drawn for individual clients when individuals are examined separately 

and that by trying to describe the majority of clients through one trajectory, most clients 

are likely to be described inaccurately.  

Although the constant and linear models were the most common, approximately 

25 – 35% of all clients followed a non-linear shape of change (depending on how many 

models were considered). Interestingly though, when either seven or four models were 

considered, for both adults and youth, fitting the constant model best was consistently 

related to poorer outcome (i.e., less symptom improvement) and attending fewer 

sessions. However, as is the peril of group averages, this does not hold for all clients 

best-fitting a constant model as there was great variation between clients best-fitting a 
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constant model. Regardless, clients that show a non-response to psychotherapy might be 

an interesting and enlightening group for future research to study. 

Individualised predictions based on model fitting represent an additional 

possibility for feedback. The model fitting approach was extended to generate 

predictions of individual’s symptom change. These predictions were highly specific and 

tailored to the individual based on their past response to psychotherapy. For adults, 

model shape changed over time for about 50% of the clients who remained in 

psychotherapy for at least ten sessions, but for youth, model shape change was far more 

common with about 85% of the clients who remained in psychotherapy for at least ten 

sessions experiencing at least one change in their model choice. Most model changes 

were due to increases in model complexity, which would indicate a new turning point 

being identified, but some clients showed decreases in model complexity over time, 

which indicates that what previously appeared to be a turning point in the client’s 

trajectory was later recognised as just variability and fluctuation around the trend, rather 

than a definitive change. The predictions derived from the individual’s past change is 

indicative of what will happen only if nothing changes and the trajectory continues. 

Turning points are not yet able to be predicted in advance as we do not yet fully know 

the mechanisms of change. However, this is not a weakness of the modelling; it is a 

strength in that it highlights that something has changed, and that the client’s outcome is 

now going to be different.  

This is one of the main purposes of current feedback procedures: to recognise 

deterioration occurring, and then prevent clients from leaving psychotherapy 

deteriorated (Lambert et al., 2018). Depending on the feedback system, there are 

currently up to four feedback alerts that a psychotherapist could receive about their 

client’s progress. For example, the OQ systems have a colour-coded warning system: 
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White, meaning the client is functioning in the non-clinical range; Green, meaning the 

client is making expected progress; Yellow, meaning the client has some chance of a 

negative outcome from psychotherapy; and Red, meaning the client has a high chance 

of a negative outcome. Clients receiving White or Green alerts are considered on-track 

and clients with Yellow or Red alerts are considered not on-track. As clients’ progress is 

variable and as warning alerts are calculated only from a client’s current score and their 

first score, a client could receive a variety of different coloured alerts and be on-track at 

one session but off-track at the next. However, the modelling and predictions approach 

in this thesis showcased the type of nuanced information about client change that is 

possible with an individualised modelling approach, predicting a client’s future change 

from the client’s past change. In this approach, predictions should not be viewed as 

prescriptive, but as another tool in a psychotherapist’s toolbox to assist their treatment 

planning and clinical decision-making.  

Implications Arising from the Current Body of Research 

Theoretical and research implications. The theoretical implications of the 

current research are perhaps the most salient due to the shift in the paradigm of 

understanding clients’ responses to psychotherapy. Thus far, psychotherapy research 

has only examined trajectories of symptom change on a group- or sub-group-level and 

then attempted to apply these group-level results to individuals. This is a major problem 

if group-level averages do not represent the individuals within the group. Thus, the 

current body of research utilised statistical methods which were appropriate to study 

individuals, which ensures that results are applicable to clients in the real world. 

The results from all three studies highlight the misleading nature of group 

averages. In Study One, on average, psychotherapy was effective for both adults and 

youth with a medium to large effect size, but it was not effective for all clients, with 
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50% of adults and 36% of youths experiencing no significant change or even 

deteriorating. Thus, a single effect size describing a treatment as effective or efficacious 

misses the clients for whom psychotherapy is not effective. This builds the case for 

patient-focused research, which argues that since psychotherapy is not effective for all 

clients, outcomes need to be assessed on an individual basis (Castonguay et al., 2013; 

Howard et al., 1996; Lambert, 2011). 

In the same way, averaging across all clients’ trajectories is representative of a 

very small minority of clients’ trajectories. Although the literature has recognised that 

not all clients’ trajectories are the same (e.g. Lutz et al., 2014; Melchior et al., 2016; 

Nordberg et al., 2014; Owen et al., 2015; Rubel, Lutz, & Schulte, 2015; Stulz & Lutz, 

2007; Stulz et al., 2007), Studies Two and Three were the first studies to statistically 

model trajectories of symptom change in psychotherapy on an individual rather than 

aggregate basis. As discussed above, there was great variability in all aspects of clients’ 

trajectories. Clients differed not only in their shapes of change, but also differed 

significantly even within the same shape (polynomial degree). This variability 

undermines what was previously believed to be true about how clients experience 

change in psychotherapy. More research using individualised statistics rather than 

group-averages is needed to understand and appreciate the complexities of treatment 

response. However, we now know that aggregating across heterogenous trajectories is 

unlikely to yield meaningful conclusions for an individual client.  

As psychotherapy research seeks to further uncover the mechanisms of change 

and moderators of treatment response, it is important to conduct this future research in a 

way that acknowledges and explicitly addresses this variability in treatment response 

(discussed further below). In addition, many outcome studies do not include enough 

data points to model trajectories, in particular curvilinear trends (Chu et al., 2013). 
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Using only pre- and post-treatment measurements assumes that these are accurate 

representations of the client’s initial and final symptom levels: that symptoms prior to 

treatment are stable and that treatment effects are enduring. Thus, ROM on a session-

by-session basis is necessary for more in-depth analyses and a true understanding of 

treatment progress. Therefore, the main implications for future research arising from 

this thesis are that: (a) measurements of a client’s symptoms should be taken frequently, 

and (b) group averages are unlikely to apply to the majority of individuals, so 

researchers should seek to understand individual differences to ensure results can be 

translated to individuals. This type of richness might uncover the mechanisms and 

moderators of change that have thus far remained elusive with current research 

procedures. 

In addition, this thesis advanced theory by using Bayesian statistics which 

enabled an interpretation of probability that was logically applicable to single events, 

could evaluate and compare multiple models simultaneously, and allowed for the 

incorporation of previously known information to continually update and better inform 

models. This type of statistics allows for patient-focused research, where hypotheses 

can be generated and tested in real-time when data is collected on a session-by-session 

basis. The increasing use of Bayesian statistics in psychology (van de Schoot et al., 

2017) can be used to answer new and more complex research questions. This is 

important particularly in relation to uncovering the mechanisms of change as the current 

methods are not providing fruitful answers (Kazdin, 2009; Wampold et al., 2011; Weisz 

& Kazdin, 2010).  

Clinical implications. The most important clinical implication of the current 

body of research is that feedback is an evidence-based practice which improves 

outcomes for both adults and youths. Psychotherapists should be regularly assessing 
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both their adult and youth clients’ outcomes and using this information to inform 

treatment and improve outcomes. This echoes the calls of many other researchers 

(Boswell et al., 2015; Duncan & Reese, 2015; Lambert et al., 2018; Norcross & 

Wampold, 2011a) and the American Psychological Association (American 

Psychological Association Task Force on Evidence-Based Practice for Children and 

Adolescents, 2008; APA Presidential Task Force on Evidence-Based Practice, 2006). 

Psychotherapists should responsively tailor their psychotherapy approach to the client’s 

treatment response. As Owen et al. (2015) highlighted, this would have implications for 

manualised treatments, which assume clients should experience treatment in a 

standardised fashion, regardless of their treatment response. Perhaps a better approach 

might be found in the rise of modular treatments (Chorpita, Daleiden, & Weisz, 2005), 

where the supposed “active ingredients” of a treatment are seen as building blocks 

which can be delivered in any order, or substituted for an alternative similar ingredient.  

Monitoring a client’s treatment response using reliable data to determine 

whether a treatment is effective for a specific client turns psychotherapy into a research-

supported intervention (Lutz, De Jong, et al., 2015). The individualised modelling and 

predictions feedback developed in this thesis provides psychotherapists with the kind of 

detailed information they could use for patient-focused research. Psychotherapists could 

also use this immediate feedback to monitor their own effectiveness and engage in 

deliberate practice to improve their effectiveness more broadly (Chow et al., 2015). 

The individualised model fitting and predictions shown in the current study 

could easily be incorporated into the existing computer software for feedback systems, 

such as the OQ-Analyst for the OQ-45 and the Better Outcomes Now software 

(Duncan, n.d.) for the PCOMS. This incorporation would then supplement the existing 

features currently available, such as calculation of total scores, reliable and clinically 
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significant change, and alert warnings for deterioration. However, as long as a measure 

is valid, reliable and sensitive to change, this modelling procedure could be used, even 

outside the realm of psychotherapy, such as with blood pressure. With the rise of 

personalised medicine (Personalized Medicine Coalition, 2017), disciplines outside 

psychotherapy are also appreciating the unique patient response and recognising that not 

all patients respond the same to treatments. Within medicine, tracking outcomes over 

time on an individual basis could assist in uncovering the modifiers of treatment 

response, such as genomes, patient characteristics or family history. Uncovering these 

has implications for disease prevention, reducing adverse drug reactions, increasing 

effectiveness of medicines and decreasing overall healthcare costs (Personalized 

Medicine Coalition, 2017). Other allied health disciplines, such as physiotherapy and 

speech pathology, could also use the type of outcome trajectory modelling for assessing 

the effectiveness of their interventions and responsively tailoring their therapy to their 

client’s outcomes.  

Studies Two and Three indicated that in the current samples, only 3-4% of 

clients experienced change in the way that research has advised change should happen 

(i.e. negatively accelerating improvement). Psychotherapists who maintain knowledge 

of this literature and/or use the expected treatment response curve to guide their own 

expectations are likely to be largely inaccurate in their assumptions and to then provide 

misinformation to their clients about what change they should expect in treatment. 

Other researchers have also highlighted that better understanding of trajectories can be 

used to correct client expectations to reduce premature termination of treatment and 

increase commitment to treatment (e.g. Chu et al., 2013; Lindhiem & Kolko, 2011; 

Nordberg et al., 2014; Owen et al., 2015). In their clinical guidelines for addressing 

client expectations, Constantino, Ametrano, and Greenberg (2012) recommend (among 
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other suggestions) discussing expected treatment duration and suggesting for example, 

that symptoms may wax and wane over time with gradual, non-linear change expected. 

As client expectations relating to outcome and treatment processes have been 

consistently linked to client outcomes (Constantino et al., 2011; Constantino et al., 

2018) and premature termination (Callahan et al., 2009; Zimmermann, Rubel, Page, & 

Lutz, 2017), it may be important that client expectations are well-matched with reality.  

Although it has not yet been empirically tested, Connor and Callahan (2015) 

suggested that ROM/feedback data may be useful in modifying psychotherapists’ 

expectations. Once psychotherapists’ expectations are more accurate, they can then 

provide more accurate psychoeducation to their clients about the process of change in 

psychotherapy. Based on the findings from the current study, psychotherapists could 

educate their clients that most clients experience a fairly consistent rate of symptom 

change, but that experiencing periods of both improvement and deterioration are also 

common and that this does not mean that they will not have a good final outcome from 

psychotherapy. This type of education may be used to protect against premature 

termination (drop-out), as clients may assume psychotherapy is not effective for them if 

they experience a period of deterioration in psychotherapy. Research examining the 

trajectories that result in positive or negative outcomes from psychotherapy would be 

beneficial to provide more accurate information to further inform expectations. 

Policy implications. Financial considerations often play a larger role in driving 

public health policies than empirical research, such as by placing limits on number of 

Medicare-funded psychotherapy sessions, individual session lengths and/or session 

frequency. Previous dose-response studies have used their empirical data (on 

percentages of clients recovered at each session) to advocate for policy change (e.g. 

Harnett et al., 2010). Newnham and Page (2010) argued that when individual treatment 
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response is monitored, termination can be advised when clients have achieved clinically 

significant improvement or goal attainment, thereby limiting unnecessary sessions, and 

resulting in responsive, patient-centred care. By reallocating funds from clients who 

terminate psychotherapy in fewer sessions having achieved clinically significant 

improvement, other clients could receive more sessions. In doing so, both over-

servicing and under-servicing could be prevented (Newnham & Page, 2010). The 

individualised modelling and predictions approach could be used to influence such a 

policy, as the modelling could predict how many more sessions a client should need 

before they have experienced reliable and clinically significant change. However, this 

would need to be implemented with significant clinical judgement, backed by further 

research, to prevent under-servicing for clients whose outcome trajectories do not 

accurately represent their symptoms (e.g. through lack of insight or if they have a 

specific problem not assessed by the outcome measure used). In addition, clients who 

have significant, long-term or episodic mental health difficulties would require 

additional consideration around relapse prevention and maintenance of symptoms. 

Training implications. As Study One highlighted, feedback provides multiple 

benefits for clients and should therefore be taught to all psychotherapists-in-training. 

However, Study One (Chapter 5) highlighted that trainees may need more support to 

respond effectively to feedback when their clients are deteriorating. Early, thorough 

training in feedback may reduce the barriers to psychotherapist use of and value in 

feedback systems. Increased uptake of psychotherapists using feedback should translate 

into increased numbers of clients benefitting from psychotherapy. Implementing this 

from the outset of practice has cumulatively the largest impact on client outcomes. 

Feedback and outcome graphs such as those presented in Studies Two and Three can be 

used in supervision as a tool to teach trainees about the nature of symptom change in 
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psychotherapy and as a prompt for contemplating and discussing mechanisms of change 

for individual clients.  

In addition, ROM data has substantial value in a training environment. Firstly, it 

can be used to assess trainee competency and to identify any trainee psychotherapists 

who have fewer clients improving and more clients deteriorating than the average 

trainee. In that instance, more targeted support can be given to these psychotherapists to 

boost their effectiveness and prevent their clients deteriorating. With a better 

understanding of the factors that separate more ineffective psychotherapists from the 

average psychotherapist (Baldwin & Imel, 2013), screening procedures for admission 

into these graduate training programs could be enhanced. Secondly, in a similar vein, 

client outcomes could be used to determine the effectiveness of supervision. Inadequate 

supervision by an incompetent supervisor may put clients at increased risk of 

deterioration and may negatively impact their trainees’ developments as 

psychotherapists. This is an important but currently under-researched area (Rast, 

Herman, Rousmaniere, Whipple, & Swift, 2017). 

Future Research  

There are two distinct pathways that arise from this body of research. The first 

relates to the feasibility of using this approach for enhancing feedback. First, qualitative 

studies with psychotherapists should be conducted to determine which aspects of the 

trajectory graphs are useful and informative and which are confusing or unnecessary. 

This would assist in modifying or enhancing the graphical representations accordingly. 

Developing training for psychotherapists on how to use and understand these new 

feedback graphs after this refinement would be necessary prior to trialling the new 

feedback procedure. The next step would then be to incorporate the modelling 

algorithms into software such as the OQ-Analyst or the PCOMS and implement this 
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new feedback approach in randomised controlled trials. The trials would examine 

whether the new modelling approach to feedback improves client outcomes or 

psychotherapy efficiency more than current feedback procedures, or whether there are 

other benefits, such as in supervision. The effectiveness of this new approach may be 

particularly important to evaluate for clients who would have been considered “on-

track” based on the ETR, because psychotherapists of these clients would previously not 

have received a warning alert for deterioration. In addition, this could be evaluated in 

other medical or allied health disciplines to better understand clients’/patients’ 

responses to various interventions.  

It would also be important to evaluate several other aspects of the new feedback 

procedure, such as the potential long-term benefits of feedback; the effect of showing 

the outcome graphs to clients to facilitate discussion and psychoeducation about change; 

whether this information updates clients and psychotherapists’ expectations and whether 

these relate to outcomes; and whether feedback might improve the working alliance or 

the client’s commitment to psychotherapy. Hooke et al. (2017) found that clients not 

only preferred when they were shown the expected treatment response curve alongside 

their own results, rather than just seeing their own results plotted graphically, clients 

found it more helpful for evaluating their progress and provided more opportunities to 

discuss their treatment progress with their psychotherapist. 

The second pathway for future research relates to the theoretical applications 

and would utilise this methodology for uncovering mechanisms and moderators of 

change and understanding more about the nature of psychotherapy. An important first 

step would be to either group similar trajectories together and examine the 

characteristics of the individuals in the subgroups, or vice versa to examine groups of 

individuals to determine if they share similar trajectories. This is a similar objective to 
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growth mixture modelling (Muthén, 2001; Nagin & Odgers, 2010), which seeks to 

uncover latent (unknown) sub-groups to better understand groups of clients who may 

have similar responses to treatment. However, from an individualised modelling 

perspective, a bottom-up clustering-type approach would be used rather than a top-

down division approach, which would importantly allow for different shapes (degree of 

polynomial) to apply to different groups, meaning trajectories can be accurately 

represented and more subtle differences between trajectory groups could be delineated. 

In addition, it has been difficult to statistically isolate the trajectories of the small 

percentage of clients who leave psychotherapy having deteriorated using group-based 

methods such as growth mixture modelling (Flood et al., 2018). Thus, using a bottom-

up clustering approach, or using the clinically significant change index to identify these 

clients’ trajectories, may allow closer study of these clients’ responses to treatment. 

With better understanding of these trajectories that result in deterioration, feedback 

methods could be further refined and deterioration prevented for future clients.  

Additionally, trajectories could be examined for different stages of treatment 

(e.g. initial assessment stage vs. early treatment vs. middle treatment etc.), by number of 

sessions attended, or by termination reason (e.g. drop-out vs. planned termination). 

Identifying common factors in trajectories may help determine modifiers of treatment 

response and can create more informative priors for future clients. A better 

understanding of when and why turning points occur would be highly informative for 

uncovering the mechanisms of change. Turning points indicate a reliable shift in clients’ 

treatment, rather than variability around a trend. These turning points could be either 

positive or negative and could have occurred due to extra-therapeutic factors (e.g. 

starting a new job, relationship breakup etc.) or due to therapeutic factors (e.g. 

introduction of specific strategies, working alliance strengthening). A better 
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understanding of trajectories that result in premature termination (drop-out) might 

highlight specific patterns that occur in a client’s treatment response prior to termination 

that could be used as “warning signs” to alert psychotherapists to potential premature 

termination.  

Another important research question would be to examine whether the 

trajectories seen in training clinics are similar to non-training clinics and/or whether 

trajectories reliably differ for different psychotherapists. Although trainees tend to 

achieve the same outcomes as registered psychotherapists, they may take longer to 

achieve those outcomes (Callahan & Hynan, 2005; Reese et al., 2009); hence, clients’ 

trajectories could be similar but protracted, or they could be more or less curvilinear, or 

more or less varied. Similarly, some psychotherapists tend to consistently achieve better 

outcomes for their clients (Baldwin & Imel, 2013; Kraus et al., 2016; Kraus et al., 2011; 

Lutz, Rubel, et al., 2015) and some psychotherapists retain their clients longer in 

treatment (whether for positive reasons, such as reduced drop-out rates, or negative 

reasons, such as reduced efficiency; Banham & Schweitzer, 2016; Lutz, Rubel, et al., 

2015; Zimmermann et al., 2017). In-depth analyses of trajectories, paired with case 

studies, of highly effective and/or highly efficient psychotherapists (e.g. as in B. P. 

Hansen, Lambert, & Vlass, 2015) could illuminate the characteristics or behaviours that 

make these psychotherapists highly effective. These could then be emulated by other 

psychotherapists to improve their effectiveness.  

Limitations 

Each of the three studies addressed the limitations unique to their study. 

However, some further broad, overarching limitations can be considered. Firstly, the 

biggest limitation to the current research is that the extent that psychotherapists were 

using feedback was unknown. Although there was a feedback culture in the clinics and 
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there were administration and supervision procedures in place to try to ensure feedback 

was examined fairly regularly, there was no record of exactly when psychotherapists 

used feedback or their perceptions regarding its utility. If for example, there was 

evidence that the psychotherapists’ use of feedback coincided with the client 

experiencing a turning point in their trajectory, or there was evidence that the 

trajectories of psychotherapists who used feedback and/or strongly believed in the 

usefulness of feedback were different to psychotherapists who did not use feedback, 

there would be much more powerful support for the feedback effect. This may also 

highlight the mechanism by which feedback reduces deterioration. Similarly, the lack of 

data available to examine predictors of treatment response hindered the ability to 

examine the causes of different treatment responses or the potential mechanisms of 

change. It was unknown why turning points or changes in trajectories occurred: they 

may have been specifically related to actual changes in the client’s symptoms, or they 

may have been due to non-permanent changes in the client’s circumstances, such as a 

temporary improvement in symptoms during school holidays. As discussed above, 

investigating these turning points needs extensive future research.  

Another limitation relates to the data collection only occurring during 

psychotherapy and only with one general measure. This precluded investigation of 

trajectories prior to and after psychotherapy. Knowing more about a client’s symptom 

trajectory might be further evidence for the effectiveness of psychotherapy, not 

evidenced just through their trajectory in psychotherapy. For example, if a client was 

deteriorating prior to psychotherapy, but after they commenced psychotherapy they 

reached a turning point and their symptoms stabilised, psychotherapy could be seen as 

effective in preventing the client’s continued deterioration; however, to analyse only 

their treatment trajectory or their pre-/post- psychotherapy outcome scores would show 
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no improvement, but psychotherapy may have prevented suicide or inpatient 

hospitalisation for the client. This kind of outcome may be perhaps more relevant to 

long-term mental health disorders, disorders with recurrent episodes, or in inpatient 

settings. In the same way, knowing the longer-term effects of psychotherapy could be 

informative: for example, investigating whether clients deteriorate after terminating 

psychotherapy, or if improvements continue or grow. Follow-up studies tend to find that 

the improvements from psychotherapy are maintained or exceeded (American 

Psychological Association, 2012), but knowing the specific trajectories could again lead 

to investigation of why the trajectories continued or changed over time. Lack of a 

control group also precluded investigation of symptom change trajectories without 

intervention. The statistical modelling methodology could be used to better understand 

mental illness to inform diagnostic practices, such as how long symptoms have to be 

present to meet diagnostic criteria. 

Using only one general measure during psychotherapy also precluded 

investigations of different trajectories for different symptoms. McAleavey et al. (2012) 

outlined several difficulties in using only one general measure to track symptom 

change: small, perhaps minor changes over several different domains may appear like 

significant improvement but may not make much meaningful difference to the client’s 

life; symptoms changing in different directions leading to no overall change, such as if a 

client’s anxiety symptoms reduced, but their substance abuse increased at the same 

time; or if a client’s presenting problem is highly specific and there are no, or limited, 

items relating to that problem in the general measure, such as enuresis.  

Finally, the statistical methodology, while more sophisticated than past 

trajectory studies did not examine all possible trajectories. There are other possible 

shapes of change that individuals could follow (Ratowsky, 1990), but the posterior 
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probabilities could only be calculated for the specified models. As no inferential 

statements are possible about any model that is not included in the probability set (Etz 

& Vandekerckhove, 2018), it was not possible to investigate if there were other models 

that may have represented a better fit for some individuals. This could be seen clearly 

when the range of possible models was reduced from seven to four; individuals who 

best fit one of the three subtracted models were forced to fit another model instead. 

Although seven models are more than is typically considered in psychotherapy 

trajectory studies, it is important to acknowledge that there are still alternate 

possibilities and that other models could provide a more informative model of symptom 

change for some clients. In addition, the priors used for predictions were somewhat 

informative, but could be made more informative by knowing the moderators of 

treatment response (e.g. presenting problem, working alliance, motivation for treatment) 

and potentially selecting different priors for different clients. Priors could also be used 

not just for model choice, but also for model parameters, such as the rate, magnitude 

and direction of change. This would require larger sample sizes and more information 

about why clients follow one trajectory of change over another. 

Conclusion 

With the ultimate goal of ensuring psychotherapy is as effective and as efficient 

as possible for the largest number of clients, feedback is an evidence-based practice that 

improves outcomes in both adult and youth psychotherapy. However, feedback 

procedures might be able to be optimised further, particularly for clients who are “on-

track”. This thesis proposed and tested one way to improve feedback: modelling each 

client’s trajectory of symptom change individually. This idea was formed in response to 

the uncovered limitation that group-based analyses may not adequately represent the 

individuals within the group. Indeed, the individualised models showcased for the first 
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time the heterogenous nature of clients’ trajectories of symptom change in 

psychotherapy, and that only 3–4% of clients experienced change how group-based 

analyses had described change as occurring. Using these individualised models, 

predictions about the client’s later response to treatment were able to be generated based 

on the client’s initial response to treatment. These models could be updated throughout 

treatment and could be used to make highly specific predictions. In addition, the models 

could also incorporate information about the nature of change in psychotherapy that is 

experienced by other clients through the use of priors.  

The individualised models and predictions are not prescriptive but should be 

viewed as another valuable tool in a psychotherapist’s toolbox to assist their clinical 

judgement and treatment planning, just as current feedback procedures do. However, 

the individualised models offer far more nuanced information about a client’s progress 

than current procedures and therefore are more likely to lead to the true realisation of 

patient-focused research, offering valuable insights into the mechanisms of change and 

moderators of treatment response. For the first time, change in psychotherapy has been 

examined statistically in the same way it is conceptualised: individually. The innovative 

statistical analyses presented in this thesis have thus laid the groundwork for improved 

feedback procedures, but more research is needed to further refine these methods and to 

begin implementing this procedure in feedback software. So, are we there yet? No, but 

the journey towards modelling individualised trajectories of change has commenced. 
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