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Abstract
Authors are experiencing increasing competition for their articles to be published. One way of 
ensuring their work is given the best chance of being published is to underpin their research with 
rigorous methods that are characterized by robustness, accuracy and reliability. A common factor 
that can stymie research rigour is common method bias. Our aim in this article is to outline the 
nature of, concerns about and examine reasons why researchers still conduct studies that are 
susceptible to common method bias. We also provide some solutions for avoiding or managing 
common method bias concerns. In doing this, we acknowledge the substantial work that has been 
produced on this topic to date and, therefore, focus our contribution specifically on issues that 
affect research in applied and managerial settings.
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1. Introduction

As competition for publishing in the management discipline increases, the methods we use for 
research have become more rigorous (Ashkanasy, 2010). We view this as beneficial to our field and 
support Antonakis’ (2017: 6) request for researchers to continually question the rigour of their work. 
According to him, ‘the rigor answer informs us about the robustness, accuracy, and reliability of the 
research, and if it reflects the actual description, process, or causal relation uncovered’. Thus, for 
authors to have their studies published in a good journal, their work requires an interesting and 
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impactful research question (Bartunek et al., 2006), as well as appropriate theoretical underpinnings 
(Weick, 1995), and methods and analytical techniques that answer the research question posed 
(Edmondson and McManus, 2007). Note, at this juncture, we emphasize ‘rigorous’ and not ‘com-
plex’. While we acknowledge that quantitative data are being subjected to increasingly sophisticated 
statistical techniques (e.g. experience sampling methodology, hierarchical linear modelling, net-
work analysis, latent growth analysis), our contention is that a good publication foremost requires a 
rigorous method, and this is not justified simply by using a complex analytical tool (see a critique 
regarding this trend by Harley, 2015).

A rigorous method is an important part of editors’ and reviewers’ assessments of a manu-
script for publication, in the main, to ensure more trustworthy findings. However, such rigour 
is not always easy to achieve. Thus, the aim of this article is to examine one specific phenom-
enon that can affect the rigour of research, common method bias (CMB).1 CMB basically 
occurs in survey research when all data (independent variables, dependent variables and medi-
ating and moderating variables) are collected using the same method (Podsakoff and Organ, 
1986), potentially resulting in the artificial inflation of relationships. More specifically, we 
examine the impact of CMB on the quality of quantitative survey research in applied settings 
and provide ways in which this issue can be avoided or better managed in applied research. 
Given survey research (typically self-report) forms, the vast majority of data collection in man-
agement research (Fuller et al., 2016) being aware of phenomena that can affect the quality of 
that method should be a priority.

CMB is a well-examined topic, so we are a little surprised that there remains many research 
studies submitted to journals that do not identify this phenomenon as a limitation to their method. 
A quick scan of literature shows the topic has been raised across a range of disciplines as a potential 
problem in management journals (Avolio et al., 1991), in public management Journals (Jakobsen 
and Jensen, 2015), in international business (Chang et al., 2010), in information systems research 
(Chin et al., 2012; Malhotra et al., 2006), in organizational research journals (Conway and Lance, 
2010) and in marketing journals (MacKenzie and Podsakoff, 2012) to name a few. There are also 
substantial reviews of this phenomenon particularly within the psychological sciences (Antonakis, 
2017; Doty and Glick, 1998; Fuller et al., 2016; Podsakoff et al., 2012; Spector, 2006; Spector and 
Brannick, 2009).

As management researchers, we are often encouraged to undertake research in applied set-
tings, and this can often result in a particular tension between what we need as researchers to 
answer the research questions we pose with rigour and the needs of the organization which 
sometimes lack understanding of the importance of good research principles (see Hodgkinson 
and Rousseau, 2009). This is not to say that organizations do not value adherence to high research 
standards, but they do often want things done quickly and simply. This can sometimes be at odds 
with researchers who often wish to slow down the data collection to achieve precision and reli-
ability. Organizations often assess this additional required time to achieve rigour in terms of 
increasing costs and a reduction in timely and real-world solutions. Industry is often more con-
tent with a rough approximation of what to do (see Kieser and Leiner, 2009 for a discussion of 
the rigour–relevance gap). Overall, we concur with Antonakis (2017) who takes a very clear 
stance on the relevance–rigour debate and views it as a false dichotomy. That is, research that is 
not rigorous, simply cannot not be relevant.

To gain a better understanding of this phenomenon, we initially examine the problem of CMB 
(or CMV; see Fuller et al., 2016 for a full discussion) and its impact on the quality of applied 
research findings. Our intention is not only to remind authors of the issues that have already been 
raised in the voluminous research on this topic but also to look at practical actions that authors can 
take, so their research in applied settings is not compromised by CMB.
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2. What is CMB?

The first mention of CMB has been attributed to Campbell and Fiske (1959) who identified that a 
portion of the variance in their study (outlining a multi-trait multi-method matrix) may have been 
due to the methods used. CMB occurs when the estimates of the relationships between two or more 
constructs are biased because they are measured with the same method (Podsakoff and Organ, 
1986). Method bias is thought to arise for several reasons. A primary cause is the response tenden-
cies that raters can apply uniformly across measures. This could be due to social desirability ten-
dencies, dispositional mood states or inclinations on the part of the respondent to acquiesce or 
respond in a lenient, moderate or extreme way (Podsakoff et al., 2012; Spector, 2006). CMB can 
also occur due to similarities in the structure or wording of survey items that generate similar 
responses by respondents, the proximity of items in an instrument and similarity in the timing, 
medium or location in which measurement data are collected (Edwards, 2008).

Despite CMB being a well-known problem, particularly in survey research, the topic is still 
of interest and considered an ongoing concern (e.g. Antonakis, 2017; Podsakoff et al., 2012; 
Spector et al., 2019). Generally, within the research we see and review in the Australian Journal 
of Management, the problem emerges from a single administration survey in which independent 
variables and dependant variables (or indeed all variables) are collected simultaneously with a 
similar format (for instance, the use of consistent Likert-type scales). In other words, it can 
clearly emerge in cross-sectional surveys. Interestingly, while the problem of CMB is often 
linked to self-report, Spector (2006) notes it is not exclusively a self-report phenomenon and that 
researchers typically overlook the problem when it comes to other reports (e.g. peer ratings) or 
supervisor reports even though the method involves data measurement of the instrumental vari-
ables (IVs) and DVs at the same time by supervisors or peers.[AQ: 2] He notes that some 
researchers assume that cohorts that report on others and do not use self-report are immune to 
what is a natural human response. Clearly, the potential for bias is still there, whether it is a self-
report or peer or supervisor report.

3. Why is CMB a problem?

There is general agreement in literature that there are two main detrimental effects produced from 
CMB (Podsakoff et al., 2012; Williams et al., 2010). The first major problem is that CMB can bias 
the reliability and validity of measures. That is, if systematic method variance (i.e. CMB) is not 
contained, it will be mixed with the systematic variance of the focal construct. This is a problem 
because it can lead to incorrect judgements about the adequacy of a scale’s reliability and conver-
gent validity. It can also lead to the underestimating of corrected correlations in meta-analysis 
because the reliability estimates may be artificially inflated due to method variance (Le et al., 
2009). Furthermore, in multiple regression models, uncontrolled systematic or random measure-
ment error due to CMB can bias the estimates of effects of other error-free predictors on a criterion 
variable, even if the systematic measurement error is not shared with the criterion or any other 
predictors (see details of this in Podsakoff et al., 2012).

The second major problem of CMB is that it can result in a bias of the parameter estimates of 
the relationships between two different constructs. This form of bias can inflate or deflate the esti-
mates of the relationship between the two constructs (Antonakis et al., 2010). According to 
Podsakoff et al. (2012), depending on whether CMB inflates or deflates the relationship, this can 
(1) affect hypothesis testing and lead to type I or II errors, (2) lead to incorrect views about the 
amount of variance attributed to a criterion by the predictor variable and (3) embellish or reduce 
the discriminant validity of the scale.
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At this point, it would be remiss not to mention a well-known debate about the impact of com-
mon methods on research results by Spector (1987) and Podsakoff and Organ (1986). Researchers 
have argued that this debate concerns the existence of CMB in research, but in reality, both 
researchers accept the existence of this problem. The debate is really about the extent to which 
this phenomenon affects research findings. To summarize this debate as we understand it, 
Podsakoff and Organ (1986) emphasize the problems of method bias in inflating (or deflating) 
research findings. On the other hand, Spector (2006) argues that urban legends have grown up 
around CMB (particularly the focus on single administration self-reporting data) and that these 
legends also simplify a complex phenomenon. He argues that researchers’ foci should be on 
measurement bias more broadly and that CMB is only one possible impediment to research rig-
our. Some researchers seem to have reinterpreted Spector as downplaying the effects of CMB. 
However, that is not our reading of his views, which we see as emphasizing a broader examina-
tion of bias beyond CMB. At the other end of the spectrum, researchers such as Antonakis et al. 
(2010, 2014) argue in the ‘strongest possible terms’ that any downplaying of the role of CMB 
should be dismissed. Overall, we interpret this debate as not being about juxtaposed positions 
but rather about the degree to which the phenomenon should be considered in relation to being 
a measurement or a method issue.

4. What explanations are used to justify single administration 
cross-sectional data?

Despite the extensive research written about the problem of CMB, we still see many researchers 
designing studies that are prone to this issue. Journal rejection rates highlight the number of 
researchers who are either not aware of or overlook CMB as a limitation or as something that needs 
to be addressed. For example, Chang et al. (2010) note the extent of this problem in the Journal of 
International Business Studies from 2000 to 2010.

For those who do acknowledge CMB, the following is a list of common explanations given by 
researchers when first identifying the problem in their limitation section (usually in a more profes-
sional way):

1. It is the only way I can get data as the organization will not allow for a split administration 
survey.

2. I already have a small sample, and I know the second data collection will have dropouts and 
affect the power of my analysis.

3. I do not agree that CMB is a problem in research. The argument generally goes like this: 
‘Clearly there are debates over the extent of the CMB problem with well-known divergent 
views between Spector (2006), Podsakoff et al. (2012) and Antonakis et al. (2010, 2014), 
and therefore, the extent to which CMB is an issue in our study is debateable’.

We acknowledge that often operational issues can be real constraints in applied research. As 
active researchers, we have both experienced problems in negotiating data access and understand-
ing the concerns over attrition when a split administration is required. Indeed, when we, or one of 
our students, sometimes have no recourse but to collect data in a single administration, it is some-
times tempting to raise the debate over CMB to distract from the limitations of the research. 
However, the bottom line is that, to publish in good journals, you need to find ways to address this 
limitation in your research. In the following section, we outline a number of method-related 
options that can be introduced to address CMB in the design phase of any study. We then examine 
analytical options.
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5. What can researchers do about CMB?

There are two main approaches to mitigating CMB: procedural and statistical (Podsakoff et al., 2012). 
According to Podsakoff et al. (2003), the best remedy depends on the research question at hand, the 
sources of method variance and the feasibility of the solutions that are available. Overall, our view is 
that the key is to recognize that CMB is a method bias, and on this basis, the use of method and 
research design solutions prior to data collection in applied settings offers a higher quality solution.

5.1. Procedural strategies to minimize CMB

This set of strategies has the overarching goal of ensuring that respondents have the ability to answer 
the questions on self-report measures more accurately, without systematic bias. They are strategies 
that are important to consider when collecting data, being vital issues to think about a priori. An 
example of this type of approach was demonstrated by Galbreath and Shum (2012) who explored 
corporate social responsibility in organizations. They note in the study that they specifically devel-
oped their survey with a number of strategies, including random ordering of questions, using 
reversed scored items and ensuring the dependent and independent variables in the survey were 
clearly separated, in mind to reduce CMB. Based on this example, we note that implementing these 
strategies becomes salient when negotiating with organizations about data collection. When negoti-
ating research in applied settings, we believe framing these strategies around accuracy and fidelity 
to the organization, and how this underpins business relevance is key to justifying the method.

5.1.1. Research purpose and instructions given to respondents. One of the easiest ways to increase the 
probability of response accuracy is to develop a good research information coversheet and set of 
instructions (Hair et al., 2015). Podsakoff et al. (2003, 2012) argue that the motivation to be more 
accurate increases if participants know how the information will be used or how it will benefit 
them or the organization (e.g. improve working conditions). Promising feedback may also moti-
vate greater accuracy. Similarly, keeping the survey short and minimizing redundant measures and 
overlap should help participants to give more accurate responses.

5.1.2. Improve scale item clarity. Ambiguous scale items are difficult to understand and interpret. 
Some causes of ambiguity include the following: the use of unspecified terms such as ‘occasion-
ally’ and ‘somewhat’, words with multiple meanings and multiple ideas linked together in an item. 
Unfortunately, these characteristics are too commonplace in management research surveys. 
According to researchers (e.g. Podsakoff et al., 2003, 2012), this leads to respondent uncertainty 
about how to respond and increases the likelihood that they will be influenced by their natural 
response tendency (e.g. extreme, acquiescent, mid-point scorers). The best solution is to keep ques-
tions concise and simple and avoid double-meaning items.

5.1.3. Remove common scale properties. Common scale properties (e.g. type, number of scale points, 
anchor labels) increase CMB (Johnson et al., 2011). It is thought that response format similarity 
increases the likelihood that cognitions triggered in answering one question will be retrieved to answer 
the following questions (Podsakoff et al., 2012). If possible, minimize the scale properties shared by 
measures of the predictor and criterion variables to reduce CMB. For example, this may be achieved 
by developing a survey to include 7-point and 5-point Likert-type scales or indeed by altering the 
anchors for those scales from (for instance) a ‘strongly agree to strongly disagree’ attitudinal scale to a 
frequency scale using ‘never’ to ‘frequently’. We recognize that this might be difficult to do in some 
cases without altering the conceptual meaning of the measures and affecting content validity. A good 



6 Australian Journal of Management 00(0)

example of this is provided in a study by Griffiths et al. (2019) who used a repertory grid technique to 
assess employees’ views about gender bias in leadership. In this study, the authors varied the method 
by including a measure which scored individual leaders using a series statements (e.g. ambitious and 
not ambitious) using bi-polar scales ranging from positive attributes to negative attributes.

5.1.4. Balance positive and negative items or include reversed coded items. Reversing the wording of 
some of the items to balance the positively and negatively worded items helps if it does not mean 
altering the content validity or conceptual meaning of the scale, or confusing the respondent (see 
Baumgartner and Steenkamp, 2001 for details). Although there is a debate over the use of nega-
tively worded items in scale construction (see Herche and Engelland, 1996), it is clear that using 
reverse coded items can break the patterns established by CMB and require participants to focus on 
the actual questions being asked.

5.1.5. Different data sources for predictor and criterion variables. One clear ‘gold standard’ way to help 
control for CMB is to obtain measures from different sources. According to Podsakoff et al. (2012), 
one of the two key ways in which this can be done is to obtain either the predictor measure(s) from 
one person or the criterion measure(s) from another. In applied management research, an obvious 
example is collecting self-ratings of trait-based data from employees and then supervisor (or other) 
ratings of the employee’s performance. For instance, on examining the impact of humour on cus-
tomer experience, Chiew et al. (2019) gained ratings from customers following a retail exchange 
in which the customers rated their service interaction. These data were then matched to data col-
lected from the individual who served them. While examining team creativity, Kong et al. (2018) 
collected data from 41 supervisors on employee creativity, which were then matched to data from 
179 team members who completed surveys on their personal learning goal orientation. The other 
way is to obtain either the predictor or criterion measures from the participant and other measures 
from secondary sources (e.g. organizational records of turnover data, absenteeism, performance 
reviews, return on investment). This technique was used by Baker et al. (2018) in their study of 
gender equality initiatives. In that study, Baker et al. (2018) assessed women’s representation in 
managerial groups by calculating the number of women in management as a percentage of the total 
number of employees. These strategies are intended to diminish the effects of social desirability 
and acquiescence tendencies and dispositional mood states described above.

5.1.6. Separation of data collection. Another valuable and preferred way to control for CMB is to 
have a separation of the measures of the predictor and criterion variables (Podsakoff et al., 2003). 
Three forms of separation are noted in the literature. Temporal separation is when a time delay 
between the measures is introduced. Proximal separation is when measures of focal constructs 
are physically separated in a survey by other measures or ‘fillers’ such as activities (see Garg, 
2019 for a good example of this where participants are asked to read and evaluate a scenario as a 
part of the data collection). Psychological separation occurs when a cover story or set of instruc-
tions is introduced at the start of the survey to reduce the salience of the linkage between predictor 
and criterion variables. Temporal separation of the independent and dependent variables in the 
form of a longitudinal design (see Menard, 2008) is viewed particularly favourably in manage-
ment research, and there is strong evidence that it reduces CMB (e.g. Lindell and Brandt, 2000). 
A good example of temporal separation is provided by Lin and Tsai (2019) examining job perfor-
mance using three time-separated data collections where the data were collected on a yearly basis 
which involved employees completing surveys each year, which were then matched for the final 
analysis. However, there are some challenges, such as increased complexity of research design 
and respondent attrition, difficulty in determining the appropriate delay (if too short, the 



Jordan and Troth 7

separation might be ineffective; if too long, intervening factors could affect the criterion) and the 
assumption that the true relationship is stable over time and that method bias will disappear over 
time, for careful consideration (see Podsakoff et al., 2012 for detailed discussion).

5.2. Statistical strategies to minimize CMB

This set of strategies has the overarching goal of correcting for CMV post hoc and thus occurs after 
data collection. A good example of this is provided by Mathies and Ngo (2014) in a study examin-
ing attitudes to climate change. In this study, the authors use a combination of Lindell and Whitney’s 
(2001) marker variable analysis and Harman’s one factor test to reduce concerns over the impact 
of CMB on their results. In the following paragraphs, we identify a small subset of the strategies 
available; however, broadly, these represent either the more common approaches (e.g. Harman’s 
one factor test) or techniques gaining increasing favour (e.g. IVs) to suggest that CMB is not a 
problem. Again, our preference is for researchers to first consider some of the more preventive 
procedural strategies (methodological strategies) previously described.

5.2.1. Harman’s one factor test. This is the most common statistical approach we have seen to test 
for CMB. The test indicates problematic CMB if an exploratory factor analysis (EFA) loads all 
items from each of the constructs onto a single factor, suggesting the factor accounts for a large 
amount of share variance among the variables due to the method (Fuller et al., 2016; Podsakoff and 
Organ, 1986). If not, the claim is that CMB is not a pervasive issue. Although the single-factor test 
is easy to apply, there is much criticism of this technique (Lindell and Whitney, 2001; Podsakoff 
and Organ, 1986; Podsakoff et al., 2012). The main criticism is that Harman’s test is insensitive, 
and it is unlikely that a single-factor model will fit the data, especially as the number of variables 
increases. In other words, a finding that a single factor does not account for a significant proportion 
of the total variance in the data does not address the potential inflation between variables that may 
be produced by CMB. In making the judgement about the existence of CMB, there is no useful 
guideline that provides an acceptable percentage of explained variance of a single-factor model 
(Chang et al., 2010). Another problem is that researchers who have employed the test have often 
failed to report the amount of variance accounted for by the factors in their analysis. Finally, while 
appearing to provide insights to shared variance between variables, this technique fails to address 
the inflated results that may emerge from data collected in a single administration survey. That 
said, combined with other methodological techniques, it can be used to increase the confidence in 
results (see, for example, Minbashian et al., 2019). For example, while drawing on Harman’s one 
factor test, Minbashian et al. (2019) instituted a data collection where the independent variables 
(thinking styles) and dependent variables (goal orientation) were collected 6-month apart. They 
also included a potential confound, personality of the individual, as a control in the analyses.

5.2.2. Unmeasured latent factor technique. This test specifies a latent construct with no uniquely 
observed indicators to represent the shared variance between a method and the substantive con-
structs (Fuller et al., 2016; Williams and McGonagle, 2016). The technique involves adding a first-
order method factor whose only measures are the indicators of the theoretical constructs of interest 
that share a common method (Podsakoff et al., 2012). Although it does not require the researcher 
to measure a specific factor responsible for the method effect, it models the effect of the method 
factor at the measurement level and does need the effects of the method factor on each measure to 
be equal (Podsakoff and Organ, 1986; Richardson et al., 2009). The major disadvantage of this 
technique is that the latent method factor might also contain variance between the hypothesized 
relationships and the construct variables of interest.
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5.2.3. Confirmatory factor analysis marker technique. The confirmatory factor analysis (CFA) marker 
technique (Williams et al., 2010) uses a marker variable(s) in a CFA model to detect CMB (Fuller 
et al., 2016). A marker variable shares measurement characteristics with the focal variables of 
interest as indicators of a latent method factor. More specifically, Williams et al. (2010) propose a 
three-step CFA marker technique to identify and control for method biases. The primary determi-
nant of a marker variable’s quality are the degree to which it is influenced by the same causes of 
CMB (e.g. social desirability, acquiescence) as the focal variables, while not being theoretically 
related to those variables (Simmering et al., 2015). The difficulty with this technique is that it can 
be hard to find an adequate measure that meets the requirements of this test (i.e. not theoretically 
related, but does capture similar variance). Also, it does not identify the type of the method bias 
being controlled (see Podsakoff et al., 2012; Williams et al., 2010 for more details). An example of 
this technique being applied can be found in Bucic et al. (2017) study on organizational perfor-
mance where they used a marker variable related to firm ownership, a variable which had no theo-
retical connection to the variables of interest, to assess the common variance.

5.2.4. IV technique. This technique is based on the premise that if a method bias influences both 
the predictor and criterion variable(s), it will cause the error term for the equation to be cor-
related with the predictor (see Antonakis et al., 2010 for details). If this is the case, there will 
be an endogeneity problem, as the allegedly exogenous predictor (i.e. independent variable) is 
actually an endogenous predictor (i.e. dependent variable) (Antonakis, 2017). Antonakis et al. 
(2010) shows in detail how this method bias (highly likely in cross-sectional self-report 
designs) can be controlled and an unbiased estimate of the effect of the predictor on the crite-
rion can be obtained: adding appropriate IVs to the model and then estimating the effect of the 
predictor on the criterion by using two-stage least squares (2SLS) (also see Podsakoff et al., 
2012). An IV is a good strategy to use to combat CMB only if it is exogenous, that is, it is cor-
related with the endogenous predictor (DV) for which it acts as an instrument and is uncorre-
lated with the structural error term for the equation. The main difficulty with this technique is 
selecting IVs that are related to endogenous predictors and uncorrelated with the structural 
error term for the equation.

6. What if you cannot avoid common method in data collection?

We want to emphasize that, based on some of the strategies listed above, we do not think CMB can be 
overlooked in research design. Indeed, if researchers are required to undertake a single administration 
cross-sectional survey method, there are procedural strategies which may help to minimize CMB. 
Researchers, however, need to be absolutely clear about the procedures they adopted in the method 
phase of the research and explain why these may minimize CMB. There are also rare occasions (e.g. in 
scale development) where you could use CMB to your advantage. For instance, if you are doing a study 
in which you are predicting weak (or non-significant) relationships between variables (e.g. in scale 
development when looking for discriminant validity), then use CMB as a strength of the study to argue 
the method should have resulted in stronger relationships. Although we acknowledge that statistical 
remedies exist, we see these as being a last resort and less effective than method-based remedies.

7. Summary and recommendations for dealing with CMB in 
applied research

There are some researchers (who are obviously purists) who argue that a split administration 
between IV and DV is not enough to overcome common method and what is really needed are 
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unique data collected for each variable in your model (Antonakis, 2017). While this may work in 
a laboratory setting, to us, this is unrealistic, particularly in applied research. For research in an 
applied setting, we suggest researchers consider the following:

1. Introduce an objective variable as your dependent variable (something outside of your 
cross-sectional survey). Typical data that can be included as objective data (instead of atti-
tudinal variables) may be absenteeism data, actual turnover or satisfaction surveys from a 
different collection. Performance data that could be considered in place of self-reported 
performance data could be the level of sales achieved, number of calls resolved, number of 
customers seen or customer satisfaction data.

2. Seek to develop a model that can be tested using a combination of self-/peer/supervisor 
ratings. Many examples of this have been provided in this article. While data matching 
needs careful consideration to fit ethical guidelines, this is a very achievable solution.

3. Sell a split administration to the organization using a business case that shows the impor-
tance of gaining a detailed understanding of the phenomenon under examination. This 
demonstrates to editors and reviewers that the researchers are aware of the issue and have 
taken active steps to address the problem. While not overcoming all common method prob-
lems, it can provide some confidence about the relationship between the independent and 
dependant variables.

4. Introduce a range of techniques to your method as listed above including varying scale 
length and anchors, interrupting the survey flow with information or tightly worded advice 
on completing the survey and ensuring the wording of items is precise. While not the ideal 
solution, if the eventual analysis reveals no prima facie inflation of results, reviewers may 
accept the arguments.

5. Introduce an extraneous variable (marker or IV as described above) to enable statistical 
testing of the extent of CMV in your data set. We see this as a fall-back position and 
agree with researchers who argue a method problem cannot be solved by non-method 
solutions.

6. Go ahead with your single administration cross-sectional data collection. However, you 
need to accept your study will not be published in a top-tier or very competitive journal.

As a final admission, we acknowledge in the past that research in applied settings has been 
published with CMB as a limitation. In such cases, the arguments were interesting and identified a 
specific phenomenon or research gap making a sound research contribution. However, in an era 
where the number of researchers is increasing and there is competition for publishing in the best 
outlets, this is no longer enough. CMB does not mean the research is not worth publishing, but it 
does mean there is less rigour, an essential requirement for publishing in a competitive journal. 
Given the techniques described above, we hope researchers can find ways to publish applied 
research that is robust and rigorous and still be able to work within the constraints we sometimes 
have to deal with in working with organizations in applied settings.
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Note

1. In this article, we use the term common method bias (CMB) to discuss method bias (theoretically). 
Common method variance (CMV) we see as the actual effect (creation of shared variance due to the 
method used) on any data being analysed.
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