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A Critical Evaluation of Alternative Methods and Paradigms for Conducting 

Mediation Analysis in Operations Management Research 

  

Abstract 

Mediation as a theory testing approach has witnessed considerable adoption among Operations 

Management (OM) researchers. Although mediation-testing methods have evolved tremendously 

in the past decade, their dissemination in the OM field has not seen parallel growth. These 

advanced techniques facilitate the testing of existing and complex hypotheses in a more precise 

manner. With the intent of critically evaluating existing and alternative methods for conducting 

mediation analysis needed to support sophisticated empirical research, this paper first reviews 

OM studies that tested for mediation in the past eleven years (2002-2012) from top-tier OM 

journals. Four commonly used mediation approaches were identified. Based on principles of 

good theory building, type of mediation model, and properties of empirical data, we evaluate the 

existing methodologies and make recommendations on how to improve the rigor of OM 

mediation testing. Using published OM studies in top journals as examples, we then illustrate the 

relevance and advantages of these recommendations, as well as their ease of use. Furthermore, 

we empirically show that more robust and insightful results can be achieved by adopting these 

techniques, which in turn have the promise of leading to better theory building and testing in the 

field of operations management. 

 

Keywords: Mediation Models, Methodological Review and Recommendation, Empirical 
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1. Introduction 

As a straightforward and powerful way to construct thoughtful observations into theories, 

mediation has received significant popularity among Operations Management (OM) researchers. 

A review of OM journal publications in the past eleven years (2002-2012) shows that on 

average, eleven studies per year employed a mediation perspective in their research. Mediation 

research has covered a wide range of topical areas and theoretical domains in OM. These include 

service operations (Ba and Johansson, 2008; Goldstein, 2003; Venkatesh et al., 2010), sourcing 

(Bardhan et al., 2007; Jayaraman et al., 2013; Narayanan et al., 2011), supply chain management 

(Bendoly et al., 2007), new product development and process innovation (Bendoly et al., 2012; 

Lee et al., 2011), and retail operations (Li et al., 2013), to mention just a few examples.  

Venkatraman (1989) defined mediation as the existence of a significant intervening 

mechanism between antecedent and consequent variables, whereas Baron and Kenny (1986) put 

it in a slightly different way.  They state that mediator represents the generative mechanism 

through which a focal exogenous independent variable is able to influence its dependent 

consequence. Most OM researchers have adopted one of these two perspectives. Psychometric 

literature on mediation analysis has made significant progress in the past decade towards more 

robust approaches to mediation testing (MacKinnon et al., 2002; Preacher and Hayes, 2004; 

Shrout and Bolger, 2002; Zhao et al., 2010). However, OM research is not synchronized with 

these advancements. This is probably due to the fact that although multiple streams of 

methodological literature on mediation are available, there is lack of a concise synthesis catered 

specifically to the needs of an OM audience.  The main purpose of this paper is to first assess and 

critically evaluate the status quo of mediation research in the field of OM, and then provide a set 

of alternative methods and paradigms for improving the current practices of mediation testing.  
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We collected mediation studies published in top OM outlets from 2002 to 2012, which 

yields a sample of 123 articles. These articles are reviewed with the objective of summarizing 

common approaches to mediation testing in OM, and identifying areas that hold potential for 

improvement. The main findings from this content analysis reveal that two-thirds of the articles 

conducting mediation analysis do not formally hypothesize the mediated relationships. 

Furthermore, a diverse set of statistical methods have been used for testing the existence and 

strength of mediation, which include the Baron and Kenny (1986) approach, Sobel (1982) test, 

distribution-of-product
1

 test by Mackinnon and colleagues (2002; 2004), and lastly 

bootstrapping
2
 (Bollen and Stine, 1990; Bollen and Stine, 1992; Lockwood and MacKinnon, 

1998; MacKinnon et al., 2004; Preacher and Hayes, 2004; Shrout and Bolger, 2002). Drawing on 

the psychometric literature, we critically evaluate and contrast these four methods from a 

multitude of perspectives and discuss how their differentiated competencies can be utilized to 

enhance the empirical rigor and richness of research findings in the field of OM.  

We also find that while the OM mediation studies exhibit a clear trend towards theorizing 

more sophisticated models such as the multi-mediator model and the moderated-mediation 

model, the more advanced tests designed for these models have received only a limited 

application within our field. For example, our content analysis reveals that articles examining the 

impact of two or more mediators never compare the relative effect sizes of these mediators. In 

addition, most articles that incorporate moderating effects into mediation analysis fail to discuss 

the contingent existence of mediation on the moderator. In summary, the current paper visits the 

1
 We thank an anonymous reviewer for suggesting that we cite the distribution-of-product test as-is instead of as 

‘Mackinnon’s approach’ to avoid confusion with the bootstrapping approach. 
2
 We thank an anonymous reviewer for directing us to the comprehensive set of studies for their contribution to the 

bootstrapping methodology. Among these studies, Bollen and Stine (1990) is the first one to use bootstrapping to 

construct confidence intervals for the indirect effect. Lockwood and MacKinnon (1998), and Preacher and Hayes 

(2004) each write a computer program to implement bootstrapping. Shrout and Bolger (2002) and MacKinnon et al. 

(2004) furthered the work on bootstrapping. For readability purpose, we cite only the most relevant bootstrapping 

studies in the rest of this paper.  
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topic of mediation analysis with the intent of better disseminating the relevant developments in 

mediation psychometrics into the OM community. 

The rest of this paper is structured as follows. Data collection procedure and descriptive 

sample statistics are presented in Section 2. Next, based on our review of OM mediation 

literature, we discuss several areas for improvement and provide associated recommendations. 

Wherever appropriate, we used published OM articles to construct numerical examples for 

substantiating our recommendations as well as demonstrating their ease of use. Since the 

objective was not to specifically focus on individual instances, but rather on the holistic trends in 

the field, specific identity of the studies used for illustration is not revealed. Concluding remarks 

on why mediation models in OM need a more sophisticated approach are given at the end. 

 

2.   Data Collection and Summary Statistics 

In order to obtain a holistic overview of mediation research in OM, we pooled together empirical 

articles from the top five OM journals, listed alphabetically as Decision Sciences (DS), Journal 

of Operations Management (JOM), Management Science (MS), Manufacturing & Service 

Operations Management (MSOM), and Production and Operations Management (POM). 

Although a true population would start from the very first article that employed concept of 

mediation in OM, the time frame ranging from 2002 to 2012 was chosen for three reasons. First, 

empirical OM research started to emerge in early 1990s and did not gain considerable popularity 

until early 2000s. Second, discussion of mediation after Baron and Kenny (1986) evolved into a 

revision of theory and methodology around year 2000 (Hoyle and Kenny, 1999; MacKinnon et 

al., 1995; Shrout and Bolger, 2002). Finally, an eleven-year time span is long enough to study 

trends in OM mediation research (see Table 1a and 1b).  
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Within the five aforementioned journals, articles were filtered using keywords such as 

“mediate”, “mediator”, “mediation”, “intervening variable”, “mediated effect”, and “indirect 

effect.” Mediated effect and indirect effect are synonyms in the literature, and so we use them 

interchangeably in this paper. We then read each article in detail to ensure that only empirical 

research studies that use mediation as their theoretical or methodological tool are included in our 

analysis. This process leaves us with a final sample of 123 articles.  

Basic statistics of this sample are presented in two ways. Table 1a gives a by-journal 

view, while Table 1b compares the same characteristics longitudinally. One obvious fact seen in 

Table 1a is that, for empiricists, mediation has already become a handy and powerful tool of 

analysis. For example, JOM had around 7.4% of its publications since 2002 focused on directly 

testing for mediation relationship(s). DS and JOM together accounted for more than 75% of all 

the mediation studies. Similarly for the other three journals, mediation testing garners substantial 

importance among their empirical papers. The longitudinal comparison in Table 1b transmits the 

message that mediation research has drawn more attention over time. Moving from the first half 

of the time range (2002-2006) to the second half (2007-2012), the number of studies focusing on 

mediation has literally doubled in number.  

We observe that OM researchers have used the Baron and Kenny (BK) (1986) procedure 

to test for the existence of mediation. Regarding formal detection of an indirect effect and 

computation of its confidence interval, the procedure introduced by Sobel (1982), distribution-

of-product test by Mackinnon and colleagues (2002; 2004), and the bootstrapping technique 

(Bollen and Stine, 1990), have been employed. Articles that did not use any of the four 

aforementioned methods were combined under the column heading “Other” in Table 1a and 1b. 

They use the SEM methodology to test for mediation, and accounted for 59.3% of our sample.  
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Table 1a and 1b revealed that the BK procedure was the most frequently applied method 

(used in 11 papers during 2002-2006 and 31 papers during 2007-2012). Usage of the other three 

methods combined adds up to only 23 instances – half the frequency of BK procedure. 

Furthermore, the relatively advanced bootstrapping technique was employed by merely 4.9% of 

the studies. In fact, this status is similar to what one would observe in other disciplines such as 

organizational studies (Wood et al., 2008), applied psychology (Fritz and MacKinnon, 2007), 

and marketing (Zhao et al., 2010) several years ago. OM researchers have, however, started to 

use a wider range of approaches lately. We observed that only two methods were applied during 

2002-2006, but all four methods were applied during 2007-2012. 

-----------Table 1a and Table 1b about here-------- 

 

3.  Existence and Strength of Mediation  

It is an established principle in empirical research to theorize a relationship of interest before 

estimating its effect size and testing for its statistical significance. Surprisingly, a considerable 

number (35.8%) of the studies in our sample do not a priori embody mediation in their 

hypotheses, yet make conclusions about mediated effects based purely on post hoc analysis. 

However, this trend does show a positive change. Comparing the second half (articles published 

between 2007-2012) with the first half (articles published between 2002-2006) of our sample, the 

number of papers that do not hypothesize mediation decreases by 12.2% (see Table 1b). By 

embedding the existence of mediated effects into hypotheses, the presentation of indirect effect 

size and formal tests of mediation become necessary follow-ups. 

Figures 1a, 1b, and 1c show different types of mediation models with and without the 

presence of direct effects.  Figure 1a represents a one mediator model with no direct effect, 

Figure 1b represents a one mediator model with a direct effect, and Figure 1c shows a two 
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mediator model with a direct effect. Finally, Figure 1d shows a simple moderated mediation 

model. In case of research models containing more than one mediator (e.g. Figure 1c), the 

relative strength of different mediators could also be theorized. For instance, mediator M1 might 

carry more weight than mediator M2 in explaining the X-Y relationship being mediated. Such 

hypotheses create opportunities for richer theory building and even more insightful results. The 

corresponding statistical tests are discussed in Section 5. Our literature review indicates that no 

study has theorized the relative strength across “parallel” mediators. Given our arguments above 

and the status quo statistics, we make the following recommendation. 

R1: When a mediation mechanism is of theoretical importance to the study, its existence 

needs to be formally hypothesized. If two or more mediators are present, their 

relative strengths should also be hypothesized when possible. 

 

-----------Figures 1a, 1b, 1c, and 1d about here-------- 
 

Coming down to the workbench level, we now discuss the fact that BK approach is the 

only method that advocates testing for the significance of the total effect as a prerequisite for the 

existence of mediation. Consider the mediation model shown in Figure 1b. In this figure, a 

portion of the effect of X on Y is transmitted through mediator M. According to the four-step 

procedure described by Baron and Kenny (1986), a prerequisite for mediation to exist (Step 1) is 

that X has to exert a significant effect on Y without controlling for M. In other words, �′ has to 

be significantly different from zero. This requirement seems to make intuitive sense at the first 

glance – why one would delve into a zero correlation to look for mediation? We discuss both 

theoretical and statistical counter-arguments. First, whether to pursue a zero correlation further or 

not is best answered by the underlying theory. If a mediated relationship is hypothesized, the 

focus of empirical analysis should be on the indirect effect, which makes the correlation between 

X and Y irrelevant. Second, as many psychometricians (Hayes, 2009; MacKinnon, 2008; Zhao et 
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al., 2010) have pointed out, Step 1 in the BK approach implicitly assumes a consistent mediation 

model. When the true underlying mediation model is an inconsistent one, the conclusions from 

the BK approach could be very misleading
3
. Given that studies that stringently followed BK 

approach made up 34.1% of our sample, we would like to reiterate the inadequacy of the 

aforementioned condition and illustrate its potentially detrimental impact. We do so by analyzing 

a published OM study as an example. 

Example 1. We used a section (same as the one shown in Figure 1a) of the original 

published model that tests for mediation by M between X (independent variable) and Y 

(dependent variable). Following the first step of the BK approach to calculate overall effect (i.e. 

regressing Y on X), the authors found that X did not significantly relate to Y (�’ = 0.06,� >

0.05). Because BK approach treats a significant overall effect as the prerequisite for existence of 

any mediation, it was concluded that M did not mediate the relationship between X and Y. 

However, after a closer look, this conclusion falls short. With simple arithmetic, one can verify 

that the overall effect of X on Y (�’ = 0.06) is indeed weak, but this is a result of summing up a 

‘negative’ direct effect (� = −0.02) and a ‘positive’ indirect effect through M (�� = 0.08,� <

0.05); where the direct effect (c) is the coefficient of X when Y is regressed on both M and X, 

and the indirect effect (ab) is the product of X’s effect on M and M’s effect on Y. Therefore, 

what could have been a significant mediator was in fact rejected by the BK procedure. This is 

because the BK approach assumes a consistent mediation model in which both the direct and 

indirect effects have the same sign (MacKinnon et al., 2000; Taylor et al., 2008); but becomes 

handicapped for inconsistent mediation models, such as the model presented in this example, 

where the direct and indirect effects have opposite signs.  

3
 We thank an anonymous reviewer for the comment on inconsistent mediation models. The difference between 

consistent and inconsistent mediation models is elaborated in Example 1. 
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All of the above discussion corroborates the point that using BK approach might produce 

misleading results, refute potentially significant theoretical relationships, and in turn damage 

future theory building in OM. Taking together our previous arguments and the demonstration in 

example 1, we make the following recommendation. 

R2: Existence of mediation does not require X’s total effect on Y to be significant (i.e. 

the first step in the BK approach is not necessary). Thus, analysis of a mediated 

relationship should be focused on the indirect effect. 

 

4. Report, Detection, and Computation of the Mediated Effect 

Management research critics have long since expressed concerns on the field’s over-inclination 

to rely on the significance of statistical tests (see Cohen (1994) for an illustration). Although 

significance tests are objective and have a clear threshold (p = 0.05 usually) for concluding a 

hypothesis, they do not convey any information on the size of an effect (the corresponding 

change in the dependent variable given one unit change in the independent variable). So in recent 

years, we have seen the recommendation that effect size and its confidence interval be reported 

along with the test statistics (Bettis, 2012; Schwab et al., 2011; Shaver, 2008). 

In the context of mediation analysis, size of the indirect effect transmitted by a mediator 

conveys that mediator’s practical significance. Surprisingly, we have seen only 25.2% of OM 

mediation articles reporting the indirect effect size. Among them, roughly two-thirds (21 studies) 

presented the associated confidence interval in alternative forms of p-value, t-statistic, z-statistic, 

or standard error. However, there is an encouraging trend that in the last six years, more studies 

have reported both indirect effect size and its confidence interval (see Table 2b for details), 

which in turn leads to our third recommendation. 

R3: Due to the importance of practical significance, both size and confidence interval of 

an indirect/mediated effect should be reported along with its statistical significance. 
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To obtain an unbiased point estimate of the mediated effect (e.g. �� in Figure 1a), one 

needs to simply multiply together the point estimates of the constituent causal steps (�� and ��). 
However, complication arises in computing the confidence interval associated with ����. Within 

the 21 studies in our sample that have reported confidence intervals, three empirical methods 

were used for computation, namely, Sobel, Distribution-of-product, and bootstrapping. The 

Sobel approach was used approximately three times more frequently than bootstrapping (see 

Table 1a). We next explore the differences among these three methods. 

The Sobel (1982) approach is the first to tackle the confidence interval problem through 

statistical property of asymptotic normality. Briefly speaking, this approach assumes that if �� ��� �� are each normally distributed, the product ���� is also normally distributed provided that 

there are enough degrees of freedom. Therefore, its confidence interval can be inferred through 

the standard deviation of ���� and a �-statistic that corresponds to the desired Type I error rate. 

However, as MacKinnon and his colleagues later shows, distribution of ����  almost always 

presents severe deviation from normality (MacKinnon et al., 2000; MacKinnon et al., 1995). It is 

usually asymmetric and/or peaked, especially at lower values of �� and �� (detailed discussion on 

the shape of ����  can be found in MacKinnon et al. (1995) and Stone and Sobel (1990)). 

Consequently, the Sobel approach tends to generate an inaccurate approximation to the true 

confidence interval of the mediated effect.  

In response to this problem, two techniques have been proposed in the methodology 

literature. First is the distribution-of-product approach that uses a software package called 

PRODCLIN to calculate the precise confidence-interval bounds of ���� (MacKinnon et al., 2007). 

However, it suffers from one clear shortcoming. Until now, PRODCLIN cannot be 

computationally applied beyond two-step mediation models. Therefore, when two or more 
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sequential mediators are present, the confidence interval of the indirect effect cannot be obtained 

using the distribution-of-product approach due to technical limitations. The second technique, 

based on non-parametric bootstrapping, has been advocated by many researchers including 

Bollen and Stine (1990), Mackinnon and colleagues (1998; 2004), Preacher and Hayes (2004, 

2008) and Shrout and Bolger (2002). Unlike the distribution-of-product approach, this technique 

is highly compatible with complex mediation models. In contrast to Sobel, it does not make any 

distributional assumptions about ����. In Figure 2, we visually demonstrate that when compared to 

the ���� distribution approximated by the Sobel approach, the bootstrapped ���� distribution shows 

both asymmetry and a higher peak, which is closer to the true distribution of ����. The data used 

in Figure 2 comes from a published OM study (presented in Table 3a) that is also used for 

demonstrating example 2 later in this paper.  

-----------Figure 2 about here-------- 

It is logical to expect that the heterogeneity in confidence interval computation would 

directly lead to differentiated competency of the three aforementioned methods in detecting a 

mediated effect. On a similar note, Fritz and MacKinnon (2007) conducted a simulation study 

that compares the various mediation methods based on the statistical power obtainable given a 

range of sample sizes. Their study concluded that, for different combinations of effect sizes, 

ceteris paribus, bootstrapping offers a much higher statistical power than the Sobel approach. In 

other words, all else being equal, the Sobel approach requires a higher sample size to detect an 

effect. Statistical power would have caused less concern if empirical research in OM was blessed 

with large sample sizes. However, as many researchers (Forza, 2002; Forza and Di Nuzzo, 1998; 

Rungtusanatham et al., 2003; Verma and Goodale, 1995) have pointed out, OM empiricists often 

face the constraint of limited sample size. For those collecting data from primary sources using 
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survey instruments, the issue is likely to persist well into the future due to low response rates 

(Malhotra and Grover, 1998).  

As part of our review, we collect sample size information on all the 123 mediation 

articles, which collectively result in 128 independent samples since some studies use more than 

one sample (see Table 2  for a summary). The median sample size is 222, with the lower and 

upper quartiles being 150 and 374, respectively. Eleven samples are less than 100 in size, and the 

smallest sample size in the pool is 15. OM studies have been reported to have small or medium 

effect sizes (Peng and Lai, 2012; Verma and Goodale, 1995). We find that approximately 75% of 

the OM mediation articles did not have the adequate power of 0.8 when assuming small effect 

size
4
. Therefore, our analysis of the current state of OM mediation research urges the use of the 

bootstrapping approach that would inherently permit higher statistical power even when the 

sample sizes are relatively low. 

-----------Table 2 about here-------- 

 Next, we fortify our argument with a numerical example. We run both the Sobel test and 

the bootstrapping on data taken from a published OM study, and then compare results.  

Example 2. The original study examined a two-mediator model as depicted in Figure 3. 

This paper was chosen for two reasons. First, it reports un-standardized path-coefficients and 

their standard errors (presented in Table 3a), which are the minimum inputs required for running 

the two focal tests. Second, this study uses Sobel test and reports its p-values, which are 

presented in the last column of Table 3b
5
. As a cautionary check, we re-calculate these p-values 

using an online tool provided by Preacher and Leonardelli (2003). We are able to replicate the 

4
 As per the reference guide in Fritz and Mackinnon (2007), the lowest sample size required to get statistical power 

of 0.8 is greater than the upper quartile, assuming small effect sizes. 
5
 Our intent is not to criticize the original paper. Rather, we want to emphasize how bootstrapping might improve 

mediation testing results. 
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Sobel test results. The next step is to run bootstrapping on the same data. Since we only have 

access to the parameter estimates but not to the raw data itself, we resort to Monte Carlo Method 

for Assessing Mediation (MCMAM) for calculating the bootstrapped 95% confidence intervals
6
. 

We compute confidence intervals for all seven mediated effects given in Figure 3. Results are 

presented in Table 3b. One can clearly observe from Table 3b that the Sobel approach detects 

only one out of the seven indirect effects (� = 0.047). In contrast, the bootstrapping method 

concludes five indirect effects to be statistically significant (i.e. five out of seven confidence 

intervals do not include zero)
7
. 

-----------Figure 3, Table 3a, and Table 3b about here-------- 

Table 4  summarizes all of the contrasting properties of the three approaches – Sobel, 

Distribution-of-product, and Bootstrapping. Despite its obvious advantages, bootstrapping is 

sparsely used in the field of OM (6 among the 123 mediation articles used bootstrapping), which 

leads us to make the following recommendation. 

R4: Bootstrapping is the preferred method to detect an indirect effect and compute its 

confidence interval. 

 

-----------Table 4  about here-------- 

5.  The Case of Multi-Mediator Models 

When multiple mediators are introduced to explain the X-Y relationship, size of the indirect 

effect not only informs us about the practical significance of a mediator, but also enables us to 

infer the weight carried by this particular mediator against other mediators (Preacher and Hayes, 

2008). Our content analysis shows that the number of papers that postulated multi-mediator 

6
 See Appendix A for a discussion of MCMAM. We adopted the recommended 20,000 iterations (Preacher and 

Selig, 2012). An � = 0.05 value was applied to all analysis for consistency with the original study. 
7
 We also run the distribution-of-product test on this data and obtain identical results to those using bootstrapping, 

i.e. the same five indirect effects are found to be statistically significant. The distribution-of-product test is 

implemented through a web application package named RMediation. More details can be found on 

www.amp.gatech.edu/RMediation.  
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models has increased significantly in the past five years. Articles that employ multi-mediator 

models account for 21.14% of the whole sample, around 75% of which appeared in the second 

time period (2007-2012). Despite this rising interest in multi-mediator models, we could not 

identify any study that has compared the relative strength between different mediators. We are 

somewhat surprised by this observation, because a comparison between indirect effect sizes 

offers additional insights at a close-to-zero computational cost. 

We follow the approach delineated in MacKinnon (2000) to illustrate how contrasts are 

used to test the relative strength between two mediators. For example, consider an empirical 

model similar to the one in Figure 1c. Knowing the effect sizes transmitted by M1 (equals a1b1) 

and M2 (equals a2b2) enables us to conduct a test for the relative strengths of the two resulting 

mediating paths. This test
8
 is in the following form:  

 

�0: �1�1 − �2�2 = 0 �1: �1�1 − �2�2 ≠ 0 

(1)  

Alternatively, the above test could also be set up as a one tail test if one mediation path is 

a priori believed to be stronger or weaker than the other.  We illustrate the above tests with a 

published OM mediation study in the following example.  

Example 3. The original study hypothesized a fairly complex model. For this example, 

we used a section of that model, which resembles Figure 1c. With full access to data, one can 

easily use bootstrapping to obtain the 95% confidence interval of (�1�1 − �2�2). Without full 

access to data, one can still compute confidence interval of (�1�1 − �2�2), provided that the 

covariance matrices of �1, �2, �1, and �2 are available. However, the original study only presents 

information on point estimates and standard deviations of �� and �� , which are reproduced in 

8
 We thank an anonymous reviewer for pointing out that the result of this test should be interpreted with the 

existence of measurement error in mind, especially when empirical analysis is not SEM-based. 
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Table 5. Hence, similar to example 2, we use the MCMAM tool to compute bootstrapped 

confidence intervals for �1�1  and �2�2 . The 95% confidence intervals for �1�1  are (0.0728, 

0.1883), and for �2�2  are (0.0004, 0.0408) respectively. Because of their non-overlap, we 

conclude that �1�1  is larger than �2�2 . Thus, besides both M1 and M2 being significant 

mediators, we also know that M1 transmits a stronger effect from X to Y than M2. For 

researchers working with their own data, it is possible to go one step further to get a quantitative 

idea as to how much larger is the indirect effect of M1. This would involve estimating the 

confidence interval of �1�1/�2�2  (Preacher and Hayes, 2008). We thus tailor the following 

recommendation specifically for researchers working with multi-mediator models.  

R5: In multi-mediator models, contrasting the relative strength of indirect effects 

transmitted through different mediators is recommended because it can lead to much 

richer insights. 

----------- Table 5  about here-------- 

6. The Case of Moderated Mediation 

We saw a growing number of research studies that developed theory through the lenses of 

moderated mediation. Moderated mediation occurs when a mediation process is shown to 

indicate different strengths or heterogeneous structures at different levels of another factor, or in 

other words, a moderator (Muller et al., 2005). Our review shows that moderated-mediation 

models made up 19.5% of the mediation studies published in OM.  Compared with the first time 

period (2002-2006) in our sample, the second time period (2007-2012) contained three times 

more moderated-mediation articles. As theory and methods advanced, the use of complicated 

moderated-mediation models has clearly gained ground and found new popularity.  

Most of our prior discussion concerning mediation remains relevant for moderated 

mediation models. However, testing for moderated mediation requires a more delicate treatment. 

Regarding models whose moderators are intrinsically categorical, their empirical methods are 
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deemed appropriate. Interaction terms were used in most regression studies, whereas multi-group 

SEM was typically chosen for SEM-based inquiries. Nevertheless, there are instances where 

moderators are continuous in nature, but are clustered/dichotomized into sub-groups (see Qi, 

Zhao, and Sheu (2011) for example
9
). Although this practice affords one a more simplified form 

of analysis, it is generally not encouraged (Edwards and Lambert, 2007) because it discards 

useful information regarding the impact of the moderator, and at times yields biased parameter 

estimates (MacCallum et al., 2002; Maxwell and Delaney, 1993). Further, compared with the full 

sample, power is lower for each sub-group (Cohen, 1983). Next, we explore a more profound 

issue among moderated-mediation analyses involving continuous moderators. 

Besides establishing strength and directionality of moderation, we should also give 

information on when the mediated effect exists as a function of the moderator. Due to the 

inclusion of moderating variables, the mediation process may not exist at all levels of the 

moderator. As a result, moderated mediation makes practical and statistical sense only in a 

certain range of the moderator (Edwards and Lambert, 2007; Fairchild and MacKinnon, 2009; 

Preacher et al., 2007). Diverse tools are available to assess the conditional existence of mediated 

effect. Similar to the methods for computing indirect effect size listed in Table 4, some tools rely 

on asymptotic normality assumptions, whereas others do not. For reasons of quantitative 

accuracy and easy implementation, we recommend the Johnson-Neyman (J-N) technique which 

utilizes bootstrapping (Johnson and Fay, 1950; Preacher et al., 2007). A brief illustration of the 

underlying logic of J-N technique is given in Appendix B. An alternative technique theorized by 

Muller et al. (2005) and first implemented by Tein et al. (2004) yields an identical result, which 

9
 They postulate a conceptual model where supply chain strategy mediates the relationship between competitive 

strategy and business performance. In addition, this mediation relationship is moderated by environmental 

uncertainty, a latent continuous variable. To test moderated mediation, they first clustered observations into high and 

low environment uncertainty, essentially dichotomizing the continuous variable into a dummy variable. Then, the 

data set is analyzed using the two-group SEM method. 
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however is more tedious to implement. Among the 24 moderated-mediation articles we 

reviewed, only two studies (Bendoly et al., 2012; Patel et al., 2012) examine strength of the 

mediation process at various levels of the moderator. To give the range of moderator values 

within which mediation exists, these two studies apply the J-N technique, the method that we 

also advocate in this paper.   

Without knowing the circumstances under which the mediation process exists, we can at 

best partially extract the information contained in a moderated mediation model. Furthermore, if 

one assumes that the indirect effect is always being moderated when in fact it is being moderated 

only at certain levels of the moderator, one will reach wrong conclusions. We corroborate these 

points with the following example. 

Example 4. In order to have a concise demonstration, we use a part of the original model 

that represents a simple moderated mediation model as shown in Figure 1d. Coefficients 

regarding each path, the interaction effect, and the associated standard errors are taken from the 

original article. Because the interaction effect is significantly different from zero, the original 

article concludes that the mediated effect of X on Y is moderated by Z (�̂ = 0.11,� < 0.05). 

This conclusion is incomplete in the sense that Z does not always moderate M’s mediation. In 

reality, Z does so only at extreme values. Next, we show why this is the case using J-N 

technique. The three-step procedure outlined in Appendix B is strictly followed here. 

Because we are not certain what values of the moderator are making more substantive 

sense, we picked values that are equal to the mean and ±1 and ±2 standard deviations apart from 

the mean (first column in Table 6). Due to multi-collinearity concern, the moderator is centered 

before being regressed against the dependent variables. Consequently, its mean equaled zero. 

Second, we obtained point estimates (0.04, 0.11, -0.39) and the standard errors (0.06, 0.04, 0.18) 

17 

 



for ��, �̂, and �� respectively from the original study. The moderated indirect-effect here is given 

by (�� + �̂�)��. Utilizing the available information on ��, �̂, and ��, we compute the confidence 

intervals for (�� + �̂�)�� at the five specified levels of Z (detailed procedure is given in Appendix 

C). Lastly, examination of these results reveals (the last two columns in Table 6) that 95% 

confidence intervals of (�� + �̂�)�� include zero when Z takes values in the neighborhood of its 

mean. In other words, the mediated effect exists only at the two extremes of the moderator. A 

more holistic conclusion of this moderated-mediation model would include three pieces of 

information. (i) The indirect effect of X on Y transmitted by M exists at the two extremes of Z. 

(ii) When the value of Z is large, this indirect effect is negative and its size decreases with Z. (iii) 

When the value of Z is small, this indirect effect is positive and its size increases with Z. 

Regarding moderated mediation models, we therefore make the following recommendation. 

R6: If a mediation process is contingent on a moderator, the use of J-N technique is 

recommended to examine the range of moderator values within which the mediated 

effect is significant. 

 

These six recommendations are summarized in Table 7.  

--------Table 6 and 7 about here -------- 

7. Conclusion 

The application of a mediation perspective to theory building has drawn substantial interest 

among OM researchers. However, to our best knowledge, no research has examined the 

appropriateness of mediation method use.  Given the fact that the methodological literature of 

mediation has evolved significantly in the past decade and its diffusion among the OM 

community seems slower than desired, we believe the current study comes in a timely manner. 

The extant OM mediation-based research was critically analyzed and evaluated against the 

standards of the current advancements in mediation methods. Instead of pooling the entire set of 

developments from the literature, we picked the most relevant ones based on our review.  
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The current study makes at least four salient contributions to those OM researchers who 

have an interest in mediation analysis. First, it highlights the most common inadequacies in OM 

mediation studies and recommends convenient ways to improve them. Second, it compares the 

methods frequently used in OM mediation studies with more advanced methods (such as Sobel 

versus bootstrapping). Third, this paper does not restrict itself to simple mediation models. 

Rather, we discuss ways to augment the methodological rigor in complex mediation models such 

as the ones that involve multi-mediator and moderated mediation. Fourth, we construct multiple 

numerical examples using published OM studies to effectively demonstrate the significance and 

practical ease of our recommendations.  

Using the results of content analysis to motivate the discussion on mediation methods 

allows us to narrow down the issues that are most relevant to the OM community. However, this 

approach also limits us from going into deeper details of the recent developments in the technical 

literature, which is a limitation of this paper. For example, Preacher et al. (2007) propose using 

confidence bands to determine the region of significance for mediated effects in a moderated-

mediation model. In addition, this study also does not tap into multi-level models (Bauer et al., 

2006; Krull and MacKinnon, 1999, 2001; Preacher et al., 2010; Zhang et al., 2009), temporal 

issues (Cheong et al., 2003; Maxwell and Cole, 2007; Pitariu and Ployhart, 2010), and 

categorical dependent variable studies (Iacobucci, 2012; MacKinnon, 2007; MacKinnon and 

Cox, 2012) in mediation.  

To conclude, this paper offers a critical evaluation and practically relevant treatise on 

mediation analysis for OM researchers. Proactively embracing the recommendations in this study 

can help move the field forward in precise theory building and rigorous hypothesis testing, as 

well as help the researchers obtain results that are statistically more conclusive and valid. 
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Figure 1a: One Mediator Mediation Model with no direct effect 
a,b

 

 

 

Figure 1b: One Mediator Mediation Model with a direct effect 
a,b,c

 

 

 

Figure 1c: Two Mediator Mediation Model with a direct effect 
a,b 

 

 

Figure 1d: Simple Moderated Mediation Model 
a,b,d

 

 

Notes: (a) All lower case alphabets represent path coefficients. 

 (b) c’ = coefficient of X when Y is regressed only on X;  

(c) c = coefficient of X when Y is regressed on both X and the 

mediator(s);  

(d) d = coefficient of XZ when M is regressed on X, Z, and XZ. 
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Figure 2: Distribution of the Indirect Effect ���̂ Approximated by  

Bootstrapping and Sobel Tests 

 

 

Note: â = 0.085, �� = 0.371, SD (â) = 0.092, SD (��) = 0.178 were used to 

generate the above curves.  

 

Figure 3: Empirical Model in Example 2 

 

 

 

Sobel 

Bootstrapped 
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Table 1a: Basic Statistics of Mediation Articles Published in Top Operations Management Outlets by Journal 

Journal 

# 

Mediation 

papers 

Level of 

theorization 
a 

# papers 

reporting 

indirect effect 

size 
b 

Empirical mediation methods 
c 

# Multi-

mediator 

papers 

# Moderated 

mediation 

papers 1 2 BK Sobel 
Distribution-

of-product 
Bootstrapping Other 

DS 45 30 15 10 (4) 12 8 1 2 28 11 11 

JOM 49 8 41 13 (12) 19 6 0 2 31 12 6 

MS 8 0 8 0 (0) 4 0 0 0 4 0 2 

MSOM 3 0 3 2 (1) 1 0 0 0 2 1 1 

POM 18 6 12 6 (4) 6 2 0 2 8 2 4 

Total 123 44 79 31 (21) 42 16 1 6 73 26 24 

 

 

Table 1b: Basic Statistics of Mediation Articles Published in Top Operations Management Outlets by Year 

Time 

Period 

# 

Mediation 

papers 

Level of 

theorization 
a 

# Papers 

reporting 

indirect  

effect size 
b 

Empirical mediation methods 
c 

# Multi-

mediator 

papers 

# Moderated 

mediation 

papers 1 2 BK Sobel 
Distribution-

of-product 
Bootstrapping Other 

2002-

2006 
41 18 23 6 (1) 11 1 0 0 27 7 6 

2007-

2012 
82 26 56 25 (20) 31 15 1 6 46 19 18 

Total 123 44 79 31(21) 42 16 1 6 73 26 24 

Notes: (a) We distinguish theorization of mediation into two levels. “1” = existence of mediation is not formally hypothesized, and “2” = 

existence of mediation is formally hypothesized. 

(b) Shows the number of mediation papers that explicitly calculate the size of the mediated effect. In parentheses, number of papers 

that also provide standard deviation (and/or z-statistic, t-statistic, p-value, confidence interval). 

Other = papers that did not follow any of the four testing approaches. These papers mostly used SEM. 
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Table 2: Sample Size Statistics 
a 

Samples Minimum Lower quartile
 

Median
 

Upper quartile 
b Maximum 

128 15 150 222 374 26,924 

 

Note:  (a) Values have been rounded to the nearest integer.  

(b) As per the reference guide in Fritz and Mackinnon (2007), the lowest sample size required to get 

statistical power of 0.8  is greater than the upper quartile, assuming small effect sizes.   

 

 

Table 3a: Path Coefficients from Original Study – Example 2 

Path Point estimate Standard deviation 

X1→M1 0.289** 0.093 

X2→M1 -0.134 0.091 

X3→M1 0.285** 0.077 

X4→M1 0.517** 0.114 

X1→M2 0.085 0.092 

X3→M2 0.401** 0.08 

X4→M2 0.445** 0.098 

M1→Y1 0.420* 0.190 

M2→Y1 0.371* 0.178 

 

** p<0.01 and * p<0.05 

 

Table 3b: Detecting Mediated Effects  

Using Bootstrapping and Sobel Approaches – Example 2 

Indirect effect Point  

Estimate  

95% bootstrapped C.I. Does Bootstrapped  

C.I. include zero? 

P-value for  

Sobel test Lower bound Upper bound 

Via mediator 1      

X1→Y1 0.121 0.01 0.279 No 0.071 

X2→Y1 0.056 -0.17 0.02 Yes 0.219 

X3→Y1 0.12 0.012 0.264 No 0.057 

X4→Y1 0.217 0.023 0.459 No 0.047* 

Via mediator 2      

X1→Y1 0.03 -0.037 0.127 Yes 0.401 

X3→Y1 0.149 0.008 0.317 No 0.054 

X4→Y1 0.165 0.009 0.358 No 0.058 

* p<0.05  
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Table 4: Comparison of Methods for Detecting and Computing Mediated Effects
a 

Properties Sobel Distribution-of-product Bootstrapping 

Sample size requirement High Low Low 

Assumption of asymptotic normality Yes No No 

Compatibility with multi-step 
b
 

mediation models 
No No Yes 

Notes: 

(a) Sobel test is due to Sobel (1982), Distribution-of-product approach is developed by MacKinnon and 

colleagues (2002; 1995), and bootstrapping approach is mainly advocated by Bollen and Stine (1990), 

Mackinnon and colleagues (2004), Shrout and Bolger (2002), and Preacher and Hayes (2004, 2008). 

(b) Mediation models that involve two or more subsequent mediators are called multi-step models. 

 

 

Table 5: Path Coefficients from Original Study – Example 3 

Path coefficient Point estimate Standard deviation ��1 (X→M1) 0.324 0.057 ��2 (X→M2) 0.043 0.024 ��1 (M1→Y) 0.389 0.059 ��2 (M2→Y) 0.389 0.110 

 

 

Table 6: Indirect Effect Size at Various Levels of Moderator – Example 4 

� 

�� + �̂�  (�� + �̂�)�� 
Point 

estimate 

Standard 

deviation 
a 

 Point estimate 95% confidence interval 
b 

 Lower bound Higher bound 

1.56 0.2116 0.0024  -0.0825 -0.1570 -0.0078 

0.78 0.1258 0.0288  -0.0491 -0.1047 -0.0046 

0 0.0400 0.0600  -0.0156 -0.0764 0.0333 

-0.78 -0.0458 0.0288  0.0179 -0.0046 0.0533 

-1.56 -0.1316 0.0024  0.0513 0.0045 0.0971 

Notes: (a) This is the lower bound of actual standard deviation. See Appendix C for detail.  

 (b) Consequently, the actual confidence interval is wider than what is reported here. 

 (c) A significance level of 0.05 was used. 
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Table 7: Summary of Recommendations 

 

No. Recommendation 

R1 When a mediation mechanism is of theoretical importance to the study, its existence 

needs to be formally hypothesized. If two or more mediators are present, their relative 

strengths should also be hypothesized when possible. 

R2  Existence of mediation does not require X’s total effect on Y to be significant (i.e. the 

first step in the BK approach is not necessary). Thus, analysis of a mediated relationship 

should be focused on the indirect effect. 

R3 Due to the importance of practical significance, both size and confidence interval of an 

indirect/mediated effect should be reported along with its statistical significance. 

R4 Bootstrapping is the preferred method to detect an indirect effect and compute its 

confidence interval. 

R5 In multi-mediator models, contrasting the relative strength of indirect effects transmitted 

through different mediators is recommended because it can lead to much richer insights. 

R6 If a mediation process is contingent on a moderator, the use of J-N technique is 

recommended to examine the range of moderator values within which the mediated 

effect is significant. 
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Appendix A 

MacKinnon et al. (2004) described the Monte Carlo Method for Assessing Mediation 

(MCMAM) as a secondary bootstrapping-based technique for computing confidence interval/s of 

indirect effect/s when the full data set is not available. This technique is also recommended by 

many other methodologists as a handy tool for summarizing information from published studies 

(Bauer et al., 2006; Preacher and Selig, 2012). In general, MCMAM results are fairly close, if 

not equal to the results of performing bootstrapping on original data, and of course considerably 

more accurate than what Sobel test can provide (MacKinnon et al., 2004). Thus, MCMAM 

deems to be the appropriate choice for our purpose, and can be implemented in any software that 

supports re-sampling/bootstrapping. We used the R-based online tool (web link: 

http://www.quantpsy.org/medmc/medmc.htm) provided by Preacher and Selig (2012). 

 

Appendix B 

As discussed in Edwards and Lambert (2007), moderation could take place at various paths of a 

mediation model. They label the case where a moderator (Z) affects the relationship between the 

independent variable (X) and the mediator (M) as first stage moderated mediation model (see 

Figure 1d). We use this case to illustrate the application of J-N technique because the study 

employed in Example 4 has a conceptual model that is very similar to a first stage moderated 

mediation model. Formally, the conditional effect of X on M is expressed as (�� + �̂�) . 

Combined with the fact that M transmits X’s impact on Y, the conditional mediated effect from 

X to Y is given by (�� + �̂�)��. The J-N technique consists of three main steps.  

• Step 1. Pick various values of the moderator. In general, researchers can adopt two 

criteria for choosing the representative values of Z. First, values with substantive 

26 

 

http://www.quantpsy.org/medmc/medmc.htm


meaning and straightforward interpretation are preferred. Second, one can also choose 

mean of the moderator and values that are one or two standard deviations from the 

mean. 

• Step 2. Use bootstrapping to compute confidence intervals for (�� + �̂�)�� at the chosen 

levels of Z. Examine whether these intervals contain zero. 

• Step 3. Moderated mediation exists in the range of Z where the associated (�� + �̂�)�� 
confidence intervals do not include zero. 

Therefore, the outcome of J-N analysis is a range of moderator values under which the 

mediated effect exists. Together with the information on strength and directionality of 

moderation, which is supplied by �̂�� , researchers can develop a holistic understanding of a 

moderated mediation effect. 

Appendix C 

The typical path to compute confidence intervals for (�� + �̂�)�� is through re-sampling from the 

original data set after setting Z at the five specified levels. However, we do not have access to 

full data. A work-around is necessary. For reasons discussed in Appendix A, MCMAM is 

implemented. (�� + �̂�)�� can be seen as the product of two normally distributed random 

variables, (�� + �̂�) and �� . The mean and variance for ��  are readily available, and mean for 

(�� + �̂�) can be precisely derived. Regarding variance of (�� + �̂�), we derive a lower bound 

due to data limitation. As a linear combination of two constituting normal random variables, 

(�� + �̂�) has mean and variance presented in the following equations. 

  ��(�� + �̂�)� = �[��] + ����̂� (2)  
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 ������ + �̂�� = ���[��] + �2�����̂�+ 2|�|����[��, �̂]����[��]�����̂� (3)  

The original study did not report ����[��, �̂]. As a result, we do not have the precise 

estimate for ������ + �̂��. Nevertheless, due to the fact that ����[��, �̂] is between -1 and 1, we 

are able to obtain a lower bound on ������ + �̂�� by setting �������, �̂� = −1. Define this bound 

as ������ + �̂���, we have the following. 

 ������ + �̂�� ≥ ������ + �̂��� = ���[��] + �2�����̂� − 2|�|����[��]�����̂� (4)  

After putting in the relevant information, we get ���� + �̂�� and ������ + �̂���  at the 

specified levels of Z (reported in the second and third columns in Table 7). By now, we have the 

inputs for MCMAM ready, that is, means and variances of (�� + �̂�) and ��. As the last step, we 

use R to obtain the bootstrapped mean and confidence interval for (�� + �̂�)�� (reported in the 

last three columns in Table 7). It should be noted that the actual confidence interval for (�� +�̂�)�� would be larger because we supplied a lower limit on ������ + �̂�� as input. Therefore, 

the actual insignificant region of the indirect effect is wider than what is reported in Table 7.  
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