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Testing multilevel mediation using hierarchical linear modeling (HLM) has gained tremendous

popularity in recent years. However, potential confounding in multilevel mediation effect

estimates can arise in these models when within-group effects differ from between-group effects.

This study summarizes three types of HLM-based multilevel mediation models, and then

explains that in two types of these models confounding can be produced and erroneous

conclusions may be derived when using popularly recommended procedures. A Monte Carlo

simulation study illustrates that these procedures can underestimate or overestimate true med-

iation effects. Recommendations are provided for appropriately testing multilevel mediation

and for differentiating within-group versus between-group effects in multilevel settings.
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Using hierarchical linear modeling (HLM) to examine multilevel relationships has

become a popular research practice among scholars in the last two decades (Klein &

Kozlowski, 2000). Researchers are often interested in the top-down influences of higher-

level constructs on lower-level constructs or relationships (Hofmann, Griffin, & Gavin,

2000; Snijders & Bosker, 1999). One benefit of multilevel models is that they allow

researchers to hypothesize and empirically test interesting questions about multilevel med-

iation processes that are not easily answered using conventional statistical procedures

(Mathieu, DeShon, & Bergh, 2008). Although the analytical challenges for mediation test-

ing in multilevel settings have been discussed (e.g., MacKinnon, 2008; Mathieu et al. 2008;

Mathieu & Taylor, 2007), an explicit examination of these challenges, the severity of the

problems, and detailed recommendations for addressing them have not yet been offered.

In this study, we provide an in-depth exploration of one important issue to consider when

conducting tests of multilevel mediation. Specifically, we focus on the confounding of

within-group and between-group effects when conducting these tests. Although many

Authors’ Note: An earlier version of this article was presented at the 2008 Annual Meeting of the Academy of

Management held in Anaheim, California. Part of this research was conducted while the second author was a

faculty member at the National University of Singapore. We are grateful to the editor Robert Vandenberg and

three anonymous reviewers for their constructive comments.

Organizational

Research Methods

Volume 12 Number 4

October 2009 695-719

# 2009 SAGE Publications

10.1177/1094428108327450

http://orm.sagepub.com

hosted at

http://online.sagepub.com

695

 at UNIV OF KANSAS on September 23, 2009 http://orm.sagepub.comDownloaded from 



researchers have explored the topic of differentiating effects across levels of analysis (e.g.,

Dansereau, Alutto, & Yammarino, 1984; Klein & Kozlowski, 2000), these treatments do

not cover the confounding of effects in the context of multilevel mediation.

First, we provide a brief summary of the three types of multilevel mediation models that

have been extensively used by researchers—these models have been discussed, for example,

by Krull and MacKinnon (2001) and Mathieu and Taylor (2007). Then, effects that function

within-groups versus between-groups are differentiated and concrete examples of such

effects are provided. We show how potential confounding in mediation effects can arise and

incorrect substantive conclusions can be drawn when researchers are not sensitive to these

effects at different levels. The available guidelines for testing multilevel mediation (e.g.,

Krull & MacKinnon, 2001) are based on straightforward reformulations of single-level

techniques (e.g., Baron & Kenny, 1986), and these procedures may produce underestimates

or overestimates of the true multilevel mediation effects of interest. This is because typical

HLM models often conflate between-group and within-group effects, where these effects at

different levels should be examined separately.

This study contributes to the research methods literature by explicitly showing the

consequences of conflating effects at different levels of analysis and by offering recommen-

dations to address this issue. Based on a simulation study, we show that when a within-group

effect is larger or smaller than a between-group effect, the popularly recommended HLM pro-

cedures could produce confounded estimates that are larger or smaller, respectively, than

the true mediation effect. We show that the commonly used Sobel test (Sobel, 1982) and

Freedman and Schatzkin’s (1992) test of the mediation effect can be erroneous when the

within- and the between-group effects differ in magnitude. In addition, very high Type-I error

rates can be found when mediation effects are overestimated. In our discussion, we put forth a

set of recommendations for appropriately conducting multilevel mediation testing.

HLM-Based Tests of Multilevel Mediation

Investigating mediators and understanding the mediation processes underlying observed

relationships are ‘‘what moves organizational research beyond dust-bowl empiricism and

toward a true science’’ (Mathieu et al., 2008, p. 203). Mediators are ‘‘variables through

which the influence of an antecedent variable is transferred to a criterion’’ (Mathieu &

Taylor, 2007, p. 142). In single-level settings, Baron and Kenny (1986) proposed several

conditions to be met for a variable to function as a mediator:

‘‘(a) variations in the levels of the independent variable significantly account for variations in

the presumed mediator (i.e., Path a), (b) variations in the mediator significantly account for

variations in the dependent variable (i.e., Path b), and (c) when Path a and b are controlled,

a previously significant relation between the independent and dependent variables is no longer

significant, with the strongest demonstration of mediation occurring when Path c is zero’’

(p. 1176, emphasis added; See Figure 1 for Paths a, b, and c).

As with other methods for testing mediation, Baron and Kenny’s (1986) procedures have

been reformulated in multilevel settings (e.g., Krull & MacKinnon, 2001; Mathieu & Taylor,
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2007). Figure 2 provides an illustration of three multilevel mediation models typically

found in research. Labels of the models are based on the level of measurement of the

antecedent (X), the mediator (M), and the outcome variable (Y). In particular, if all three

variables are measured at Level-1, the model is labeled as 1-1-1; if the antecedent is

measured at Level-2, while the mediator and outcome are at Level-1, it is labeled as

2-1-1; if the antecedent and mediator are both measured at Level-2 and the outcome

at Level-1, it is labeled as 2-2-1. Similar labels have been used by Bauer, Preacher, and Gil

(2006) and Krull and MacKinnon (2001).

In the 2-1-1 model, a Level-2 antecedent influences a Level-1 mediator which then

affects a Level-1 outcome. An example of this mediation mechanism can be found in Seibert,

Silver, and Randolph’s (2004) study examining the relationship between empowerment

climate (a Level-2 antecedent) and job satisfaction (a Level-1 outcome), as mediated by

individuals’ psychological empowerment.

In the 2-2-1 model, a Level-2 antecedent influences a Level-2 mediator, which in turn

affects a Level-1 outcome. An example of this mediation mechanism can be found in Chen,

Kirkman, Kanfer, Allen, and Rosen’s (2007) study investigating the influence of leadership

climate (a Level-2 antecedent) on individual empowerment (a Level-1 outcome) through

team empowerment (a Level-2 mediator).

In the 1-1-1 model, the antecedent, the mediator, and the outcome are all measured at a

lower level of analysis, but the Level-1 units (e.g., individuals or firms) are nested in Level-2

units (e.g., teams or industries). An example of this mediation mechanism would be the

effect of individual procedural fairness perceptions (a Level-1 antecedent) on individual

Figure 1

Baron and Kenny’s (1986) Steps for Single-Level Mediation Analysis and

Associated Tests

Step 1 Step 2 Step 3

Test of significanceEstimate of mediation effect

Sobel (1982): ab
a 

2 σ 2b + b 
2 σ 2a

σ 2c + σ 2c' – 2σ c σ c' 1– ρ 2xm

ab
z =

Freedman and Schatzkin (1992): c - c'
c − c'

tN−2 =

X Y

a M

c'

b
X M

a
X Y

c

Note: � refers to the standard error of the corresponding parameter and �XM refers to the correlation

coefficient between the independent variable X and the mediator variable M.
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citizenship behaviors (a Level-1 outcome) through organizational identification (a Level-1

mediator). Such a causal chain is a multilevel phenomenon when the sample consists of

employees from dozens of firms (i.e., Level-2 units), and the firm–level relationships may

be different from individual-level relationships (Klein & Kozlowski, 2000; Ostroff, 1993).

Although there are many ways to quantify mediation effects, we limit discussion to two

in this study: The product-of-coefficients method (operationalized as ab) and the difference-

in-coefficients (of X affecting Y) method (operationalized as c – c0). The paths a, b, and c0 are

shown in Figure 1, and c refers to the path from X to Y when M is absent. The ĉ� ĉ0 and âb̂

sample estimates are algebraically equivalent in single-level models (MacKinnon, Warsi, &

Dwyer, 1995) and ĉ� ĉ0 ¼ âb̂ is considered ‘‘a fundamental equality at the heart of the vast

majority of mediational analysis’’ (Muller, Yzerbyt, & Judd, 2008, p. 225). However, in

multilevel models, ĉ� ĉ0 and âb̂ can produce different values. These two quantities are

Figure 2

Three Types of HLM-Based Multilevel Mediation Models

Mij Yij

Xj

Level 2 

Level 1 

†2-1-1

c'

a

b

Mj

Yij

Xj

Level 2 

Level 1 

2-2-1

c'

a

b

Mij YijXij

Level 2 

Level 1 

†1-1-1

c'

a b

Note: yindicates that grand-mean centered HLM models can produce confounded estimates of the

mediation effects. HLM ¼ hierarchical linear modeling.
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interpreted differently when multiple mediators are present: ĉ� ĉ0 can estimate the total

mediation effect, whereas âb̂ estimates a unique mediation effect for a single mediator

(Krull & MacKinnon, 1999).

We discuss these two methods because of their popularity in mediation testing. Both

methods were discussed by Baron and Kenny (1986), and the product-of-coefficients

method is usually used when quantifying mediation effects. Researchers have suggested that

bootstrapping and the empirical-M test (see MacKinnon, Lockwood, & Williams, 2004) are

preferable for testing multilevel mediation effects, especially when the variables are not

normally distributed (e.g., Pituch & Stapleton, 2008). However, the purpose of our study is

not to compare the statistical performance of various methods for detecting mediation effects.

Instead, we endeavor to demonstrate (and offer corrections for) potential confounding in

commonly used estimation procedures and the inaccuracy of associated test statistics.

Available Procedures for Testing Multilevel Mediation

Table 1 provides a summary of the available procedures for testing multilevel mediation

for the three types of models. It is notable that previous research has given no preference to

a specific centering approach. For example, Hofmann and Gavin (1998) suggested that

either grand-mean centering or group-mean centering with the means reintroduced into the

Level-2 intercept model would provide an appropriate test of mediation effects. However,

as the following sections of this article show, grand-mean centering or no centering may

produce confounded point estimates of the mediation effect.

The following discussion uses the 2-1-1 model as an example of a multilevel mediation

model. To facilitate our discussion and interpretations, the following example is helpful:

Does job satisfaction (a Level-1 mediator) mediate the relationship between flexible work

schedule (a Level-2 antecedent) and employee performance (a Level-1 outcome)? Assume

data were collected on job satisfaction and performance from employees working in dozens

of firms, where each firm has provided information on the extent to which it has imple-

mented flexible work schedules for employees. This firm–level antecedent is treated as

a continuous variable. In the following discussion, we treat firms and groups as inter-

changeable when we refer to the Level-2 units.

To answer the above research question, the first step in testing the mediation effect is

often to establish a relationship between flexible work schedule (the Level-2 antecedent

Xj) and employee performance (the Level-1 outcome Yij). Equation (1) corresponds to the

Level-1 equation for employee performance and Equation (2) corresponds to the Level-2

equation for the intercept of the Level-1 equation:

Level 1: Yij ¼ bð1Þ0j þ r
ð1Þ
ij ð1Þ

Level 2: bð1Þ0j ¼ gð1Þ00 þ gð1Þ01 Xj þ u
ð1Þ
0j ð2Þ

where subscripts i and j refer to individuals and Level-2 units (e.g., firms), respectively; b0j

is the intercept for firm j; rij and u0j are the Level-1 and Level-2 residuals, respectively. The

superscript 1 denotes coefficients, parameters, and random variables for the first set of

equations.
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The second step is often to show a relationship between a firm’s flexible work schedule

Xj and the individual-level mediator job satisfaction (Mij). The equations in this step (Equa-

tions [3] and [4]) are shown in Table 1. If grand-mean centering is used for job satisfaction

and work performance, the third step is to show that after adding job satisfaction to the

model at Level-1, the effect of flexible work schedule on work performance is reduced

in magnitude, whereas job satisfaction is still a statistically significant predictor of the

outcome.

Level 1: Yij ¼ bð3Þ0j þ bð3Þ1j Mij þ r
ð3Þ
ij ð5Þ

Level 2: bð3Þ0j ¼ gð3Þ00 þ gð3Þ01 Xj þ u
ð3Þ
0j ð6Þ

bð3Þ1j ¼ gð3Þ10 ð7Þ

It is notable that in Equations (5–7), the mediator job satisfaction could have a random

slope. Although adding a random effect to the slope equation is possible, this may add

unnecessary complications to the models, resulting in increased rates of nonconvergence.

As we foresee no difficulty in generalizing our findings to models containing random

slopes, we do not complicate the current discussion with the addition of random slopes.

According to Freedman and Schatzkin (1992), a significant decrease in the coefficients

of flexible work schedule (Xj) in Equation (6), as compared to Equation (2), would indicate

a mediation effect of job satisfaction (Mij) in the relationship between flexible work sched-

ule and performance (Yij). Under grand-mean centering, this mediation effect is represented

by gð1Þ01 � gð3Þ01 . Freedman and Schatzkin (1992) have suggested a t statistic to test the sig-

nificance of the reduction in the coefficients (see Figure 1 for the formula associated with

this test). Using the product-of-coefficients method, the product gð2Þ01 � g
ð3Þ
10 represents the

mediation effect, and a Sobel z statistic (Sobel, 1982) can be used to test the significance of

this effect.

Potential Confounding in Grand-Mean-Centered 2-1-1 Models

The above grand-mean-centered HLM procedures do not consider the unique data

structure in multilevel models and thus could raise the possibility of confounded

mediation-effect estimations. In particular, the relationship between two Level-1 vari-

ables (job satisfaction and work performance, in the above example) can be decomposed

into between-group and within-group components (Raudenbush & Bryk, 2002)—we use

the term ‘‘group’’ broadly to represent the Level-2 units in which individuals are nested.

Davis, Spaeth, and Huson (1961) discussed the difference between within-group and

between-group regressions in multilevel settings and noted that the coefficients of these two

types of regressions can be very different, and even opposite in sign (any difference in these

coefficients is known as a ‘‘contextual effect’’; Raudenbush & Bryk, 2002). In particular,

the aggregate amount of job satisfaction at the group level may strongly predict group-level

performance whereas the within-group relationship between job satisfaction and perfor-

mance may be very weak.
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Differentiating these two components allows answering very different questions than

when they are not differentiated. Another example is the relationship between student

socioeconomic status (SES) and scholarly performance. The effect of the school-average

SES on average performance can be very different from the effect of within-school SES

(measured as individual deviation from the school average). Here, the between-group and

within-group relationships could even have opposite signs (Raudenbush & Bryk, 2002;

Snijders & Bosker, 1999). Similar arguments have been provided by proponents of the

Within-And-Between-Entity analysis (WABA) technique (see Dansereau et al., 1984). In the

classical WABA equation, the raw score correlation between any two Level-1 variables is

decomposed into its between-group and within-group components, and the substantive

meaning of the between-group relationship is not necessarily the same as that of the

within-group relationship.

In the context of multilevel mediation tests based on 2-1-1 models, both within- and

between-group effects may be contained in a single mediation effect estimate. Continuing

with our example of flexible work schedule and work performance, we now show how

potential confounding could arise. Instead of using Equations (5–7) with grand-mean

centering, now we use the following equations, in which the group-mean centered job

satisfaction is used and its group (or firm) mean (M�j) is included at Level-2.

Level 1: Yij ¼ bð4Þ0j þ bð4Þ1j ðMij �M�jÞ þ r
ð4Þ
ij ð8Þ

Level 2: bð4Þ0j ¼ gð4Þ00 þ gð4Þ01 Xj þ gð4Þ02 M�j þ u
ð4Þ
0j ð9Þ

bð4Þ1j ¼ gð4Þ10 ð10Þ

where M�j is the average value of job satisfaction for group j and gð4Þ02 and gð4Þ10 are the

between-group and within-group coefficients of job satisfaction, respectively. Kreft and

de Leeuw (1998, p. 110) termed the group-mean centered analysis ‘‘centered within

context’’ or CWC, and they specifically explore CWC(M) (centered within context with

reintroduction of the subtracted means at Level-2; see Equations [8–10]). Comparing

grand-mean centering (Equations [5–7]) with CWC(M), the difference in these models

reduces to the fact that the within-group coefficient of job satisfaction (i.e., gð4Þ10 ) is held

equal to the between-group coefficient of job satisfaction (i.e., gð4Þ02 ) in grand-mean centering

(Snijders & Bosker, 1999). To show how this occurs, we first substitute bð3Þ0j and bð3Þ1j in

Equation (5) with their expressions in Equations (6) and (7), and then rewrite gð3Þ10 �Mij into

gð3Þ10 � ½ðMij �M�jÞ þM�j� ¼ gð3Þ10 � ðMij �M�jÞ þ gð3Þ10 � M�j. Now, in comparison with

Equations (8–10), grand-mean centering places a possibly unwarranted constraint on the

model, such that gð4Þ10 and gð4Þ02 are made equal and both are equal to the single coefficient gð3Þ10 .

Owing to this constraint, Equations (5–7) may provide confounded and incorrect

estimates of the mediation effect if researchers are solely interested in the Level-2

relationships when they examine the 2-1-1 model. Recall that we are interested in the

mediating role of job satisfaction in the relationship between flexible work schedule and

employee performance. Because flexible work schedule varies only between Level-2
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units, it cannot be associated with differences across people within firms. Any effect of

flexible work schedule on performance, whether mediated or not, can exist only between

firms. Thus, in this situation, researchers should focus on the between-group mediation

effect (rather than a combination of between- and within-group mediation effects).

Because the within-group relationship under CWC(M) is independent of the between-

group relationship (e.g., Kreft & de Leeuw, 1998), a mediation estimate combining the

two will serve to make ambiguous the 2-1-1 mediation effect.

Given the above argument, it may not be appropriate to use the coefficient gð3Þ10 (in Equa-

tion [7]) to calculate a mediation effect because it represents a ‘‘forced average’’ of the

within-group effect and the between-group effect of job satisfaction on work performance.

Under CWC(M), the reduction in the coefficients of flexible work schedule is gð1Þ01 � gð4Þ01

and the product of coefficients is gð2Þ01 � g
ð4Þ
02 . In contrast, under grand-mean centering, the

estimates are gð1Þ01 � gð3Þ01 and gð2Þ01 � g
ð3Þ
10 , respectively. Because the possibly unwarranted

constraint is added under grand-mean centering, gð4Þ01 may not be equal to gð3Þ01 , and gð4Þ02 may

not be equal to gð3Þ10 .

Admittedly, the within-group relationship between job satisfaction and work perfor-

mance may also be of interest to researchers. Klein and Kozlowski (2000) have referred

to these within-group-relationship models as frog-pond models (p. 219). A frog-pond model

examines the relationship between a group member’s relative standing within a group on

job satisfaction and his or her performance. Unfortunately, because the Level-2 antecedent

cannot account for the relative standing of group members in terms of job satisfaction (i.e.,

flexible work practices that are invariant within firms cannot be conceptualized as causing

differences across individuals within a given firm in job satisfaction or performance), the

within-group coefficient linking job satisfaction and performance is distracting in a 2-1-1

model. Such an effect is likely to be, and perhaps should be, irrelevant in any 2-1-1 model

where the focus is on mediation of the effect of a Level-2 antecedent variable.

Using the study by Seibert et al. (2004) as an example, researchers can obtain greater

insight into mediational mechanisms if the between- and within-group relationships are

separately estimated in 2-1-1 models. In particular, their study examines the mediating role

of individuals’ psychological empowerment (a Level-1 mediator) in the relationship

between empowerment climate (a Level-2 antecedent) and job satisfaction (a Level-1 out-

come). Three different mechanisms could result in the same conclusion of a mediation

effect when between- and within-group effects are confounded. First, mediation could

be mainly at the between-group level, such that there is a strong between-group relation-

ship but a weak within-group relationship between psychological empowerment and job

satisfaction. In this case, aggregated psychological empowerment mediates the relation-

ship between empowerment climate and aggregated job satisfaction. Second, there may

be a strong within-group empowerment-satisfaction relationship but a weak between-group

relationship. Third, the relationships at two levels may both be moderate in strength. The

above three mechanisms may answer different research questions, and they can be differen-

tiated using CWC(M).

Two factors may influence the severity of the confounding when grand-mean or no

centering is used. The first is the magnitude of the within-group effect of the mediator
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on the outcome (i.e., gð4Þ10 ) relative to the between-group effect (i.e., gð4Þ02 ). When the magni-

tude of the within-group effect departs from the magnitude of the between-group effect, the

estimates of the mediation effect could be underestimated or overestimated when using

grand-mean centering, because the total effect of job satisfaction on work performance

(i.e., gð3Þ10 ) may not accurately represent the between-group effect. Instead, the total media-

tion effect derived in Equations (1–7) occurs in part as a function of the within-group effect.

The second factor influencing the severity of the confounding in testing multilevel media-

tion is the group size (i.e., the number of individuals within the groups), relative to the total

sample size. With few groups and larger group sizes, the impact of the within-group portion

of job satisfaction on work performance (gð3Þ10 ) is likely to increase; alternatively, with many

groups and fewer people in each group, gð3Þ10 will be less influenced by the within-group part

of the relationship. In other words, any factors that make the between-group component

more influential could increase the accuracy of the point estimate of a mediation effect if

researchers are interested in the mediation effect that exists between groups.

To examine the influence of the magnitude of between- versus within-group effects and

group size on the extent of confounding in 2-1-1 mediation testing, a Monte Carlo simu-

lation study was conducted. The details of this study are provided in the following section.

It is notable that similar confounding may occur in the more complicated 1-1-1 models if

researchers are only interested in the Level-2 or the Level-1 mediation effects. In these

situations, simply combining the two mediation effects at the two levels could lead to con-

founded estimates of both effects. We discuss the implications of the simulation results for

the 1-1-1 model in our discussion section. In contrast to 1-1-1 and 2-1-1 models, 2-2-1 models

do not suffer from this type of confounding in estimating mediation effects, because the

relationships between the antecedent and the outcome and between the mediator and

the outcome are all at Level 2. Consequently, there are no Level-1 relationships that could

interfere with the estimation of Level-2 mediation effects.

Simulation Study of a 2-1-1 Model

A Monte Carlo simulation was conducted to examine the extent of confounding using the

grand-mean-centered HLM procedure to estimate the 2-1-1 mediation effect.

Model Specification and Data Generation

The Stata (version 9.0) programming architecture was used for all simulations and anal-

yses. Simulated data were generated based on Equations (8–10) and analyzed using both the

traditional procedure and CWC(M). This study was a 4 (between-group coefficient gð4Þ02 ¼ 0,

.14, .39, .59) by 7 (within-group coefficient gð4Þ10 ¼ �.59, �.39, �.14, 0, .14, .39, .59) by 4

(group size n¼ 5, 8, 12, 20 with total sample size fixed at 600) factorial design. Each cell of

the design contained 500 samples (i.e., replications). The Stata syntax for data generation

and analyses is available at http://www.quantpsy.org.

The group size (n¼ 5, 8, 12, 20) was chosen to be comparable to common group sizes in

the social sciences (e.g., Krull & MacKinnon, 1999). The parameter values (0, .14, .39, .59)
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were chosen to correspond to zero, small, medium, and large effect sizes (see Cohen, 1988,

pp. 412-414) and to correspond as closely as possible with previous simulation research

(e.g., Cheung & Lau, 2008; MacKinnon, Lockwood, Hoffman, West, & Sheets, 2002).

Decisions with regard to the distributions of the random effects and effect sizes of the fixed

parameters are determined as follows. In Equations (8–10), the Level-2 grand intercept

(gð4Þ00 ) was specified as 0 and gð4Þ10 was fixed at .30; setting the grand-mean equal to 0 sim-

plifies the model; a coefficient of .30 has been used to represent a medium effect in previous

multilevel simulation studies (e.g., Krull & MacKinnon, 1999). The independent variable

Xj and the between-group mediator M�j follow a standard bivariate normal distribution at

Level-2, with a bivariate correlation of .40. The variance of the Level-1 error term is .25

and the variance of the Level-2 error term is .05, so that the conditional intraclass correla-

tion (ICC) ¼ .17. This medium ICC value was chosen to facilitate model convergence—

previous research has shown convergence problems when the residual ICC is small (e.g.,

Busing, 1993).

Analysis

After the data sets were generated, they were first analyzed using Equations (1–7) and

then analyzed again using Equations (1–4) and (8–10). Results of the grand-mean-

centered multilevel models were compared with those of the CWC(M) models. In particular,

the point estimates of the mediation effect (in terms of the product of coefficients âb̂ and

difference in coefficients ĉ� ĉ0) and their corresponding test statistics were compared.

Extent of confounding. The extent of confounding in the point estimates for the

mediation effect was computed by first subtracting the average sample value based on

CWC(M) from the average sample value based on grand-mean centering across the 500

replications for each condition, then dividing by the average sample value of CWC(M), and

then multiplying by 100%. The extent of confounding is not reported when gð4Þ02 is expected

to be zero.

Extent of confounding for âb̂ ¼ E½gð2Þ01 � g
ð3Þ
10 � � E½gð2Þ01 � g

ð4Þ
02 �

E½gð2Þ01 � g
ð4Þ
02 �

� 100% ð36Þ

Inaccuracy of the Sobel statistic was calculated by subtracting the average CWC(M) Sobel

statistic from the average grand-mean-centered value, and dividing this value by the

average CWC(M) Sobel statistic across 500 replications.

Inaccuracy of Sobel statistic ¼
EðSobelGrand�MeanÞ � EðSobelCWCðMÞÞ

EðSobelCWCðMÞÞ
� 100% ð37Þ

Extent of confounding for ĉ� ĉ0 ¼ E½gð1Þ01 � gð3Þ01 � � E½gð1Þ01 � gð4Þ01 �
E½gð1Þ01 � gð4Þ01 �

� 100% ð38Þ
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Inaccuracy of Freedman & Schatzkin ð1992Þ statistic

¼
EðFSGrand�MeanÞ � EðFSCWCðMÞÞ

EðFSCWCðMÞÞ
� 100% ð39Þ

Calculation of empirical power and Type-I error rate. Empirical power is calculated in

the gð4Þ02 ¼ .14 situation, because we are interested in the empirical power to detect a small

effect size and .14 represents a small effect size (MacKinnon et al., 2002). Empirical power

of the statistical tests is the proportion of replications for which the null hypothesis (i.e.,

that the parameter of interest, c� c0 or ab, equals zero) is rejected at the a¼ .05 level. When

gð4Þ02 ¼ 0, Type-I error rates are reported.

Discrepancy between ĉ� ĉ0 and âb̂. Previous simulations found that under grand-mean

centering, mean discrepancies between ĉ� ĉ0 and âb̂ are zero (Krull & MacKinnon, 1999).

We examine the discrepancy (in percentage) between these two statistics under CWC(M).

Results

Extent of Confounding in Mediation Effect Estimates

Extent of confounding for the mediation effects âb̂ and ĉ� ĉ0 are provided in Tables 2

and 3, respectively. With regard to the product-of-coefficients method, the point estimates

under grand-mean centering show a large degree of inaccuracy in most conditions. The con-

founded effects show a pattern of positive versus negative signs: When the within-group

coefficient is smaller or larger than the between-group coefficient, the point estimate of

the mediation effect and the associated statistic show a negative or positive difference,

respectively. As the within-group coefficient becomes more similar to the between-group

coefficient, grand-mean centering provides more accurate estimates.

This pattern is expected, as grand-mean centering produces an ‘‘average’’ of the

between- and within-group coefficients. Thus, when the within-group effect is greater than

the between-group effect, the confounded mediation estimate is greater than the true effect

(i.e., the between-group effect). When the within-group effect is less than the between-group

effect, the confounded estimate is smaller than the true effect. Comparing Tables 2 and 3,

similar patterns emerge for âb̂ and ĉ� ĉ0. Both methods are subject to severe confounding

when the between- and within-group coefficients differ in magnitude. Note that in these two

tables, the extent of confounding is not reported when the true between-group coefficient

is .00, because the denominator would be zero.

Tables 2 and 3 show that, all else being equal, when group size increases (and thus the

number of groups decreases) the within-group coefficient gains weight, increasing the

observed confounding. Tables 2 and 3 also show that the Sobel statistic and Freedman and

Schatzkin (1992) statistic are somewhat inefficient. When the between- and within-group

coefficients take the same value, these statistics are relatively accurate (i.e., inaccuracy is
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â
b̂

S
â
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within the range of + 8%). However, when the two coefficients differ, the absolute value of

the percentage inaccuracy typically lies in the range of 70%–500%.

Empirical Power

Empirical power for testing the multilevel mediation effect (when the true between-

group coefficient is small) is reported in Tables 4 and 5. Grand-mean centering is com-

pared with CWC(M) in both tables. First, the CWC(M) panels in both tables show that

the Freedman and Schatzkin statistic has greater power to detect mediation effects when

there are a small number of groups with a large group size. Second, for both statistics, large

numbers of groups with a small group size lead to more powerful tests. This is because the

between-group coefficient becomes more influential when there are more groups, holding

constant total sample size.

The grand-mean centering panels in Tables 4 and 5 need to be examined along with the

first panels of confounding reported in Tables 2 and 3. For example, the first panel of Table

2 shows that when the within-group coefficient is�.59 and the between-group coefficient is

.14, the Sobel statistic has a negative inaccuracy estimate of near �245%. This means that

in Table 4, the corresponding power estimates were actually based on erroneous Sobel

statistics. These seemingly high-power values actually correspond to an incorrect point

estimate.

Empirical Type-I Error Rate

Tables 6 and 7 provide the Type-I error rate estimates for the two procedures. For the

product-of-coefficients method in which a Sobel statistic is used, CWC(M) consistently

showed a Type-I error rate less than .05 for all group sizes. The Type-I error rate for

Table 4

Empirical Power for Sobel Statistic (When True Between-Group �
ð4Þ
02 Is .14)

Within-Group Coefficient gð4Þ10 �.59 �.39 �.14 0 .14 .39 .59

Size # Groups CWC(M)

5 120 .95 .96 .95 .95 .97 .96 .95

8 75 .80 .78 .80 .79 .79 .81 .79

12 50 .55 .54 .58 .56 .54 .60 .53

20 30 .22 .26 .24 .30 .25 .26 .23

Grand-mean centering

5 120 .99 1.00 .84 .50 .99 .99 .99

8 75 .93 .91 .84 .22 .91 .94 .92

12 50 .82 .79 .75 .09 .79 .83 .78

20 30 .60 .62 .53 .04 .58 .63 .57

Note: Empirical power is the proportion of Sobel statistics (absolute values) that are greater than 1.96, out of the

500 replications in a given condition. CWC(M) ¼ centered within context with reintroduction of the subtracted

means.
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grand-mean centering ranges from .57 to .99, when the within-group coefficient is different

from zero. In other words, when the within-group effect has a coefficient of +.14, +.39, or

+.59, the results show that grand-mean centering almost always produces false positives.

For the difference-in-coefficients method where Freedman and Schatzkin’s (1992) statis-

tic is used, the CWC(M) method of centering produced high Type-I error rates, ranging

from .16 to .43. When grand-mean centering was used, similar patterns emerge as for the

Sobel statistic. That is, when the within-group coefficient is not zero, the Type-I error rate

is extremely high, ranging from .85 to 1.00.

Table 5

Empirical Power for F&S Statistic (When True Between-Group �
ð4Þ
02 Is .14)

Within-Group Coefficient gð4Þ10 �.59 �.39 �.14 0 .14 .39 .59

Size # Groups CWC(M)

5 120 .84 .95 .99 1.00 1.00 .96 .86

8 75 .78 .90 .98 .99 .98 .95 .84

12 50 .76 .85 .94 .96 .92 .86 .81

20 30 .70 .75 .84 .85 .87 .82 .71

Grand-mean centering

5 120 1.00 1.00 .84 .44 1.00 1.00 1.00

8 75 .98 .99 .89 .18 1.00 1.00 1.00

12 50 .94 .93 .86 .05 .98 1.00 .98

20 30 .77 .79 .64 .01 .95 .96 .94

Note: Empirical power is the proportion of the Freedman and Schatzkin (1992) statistics (absolute values) that

are greater than 1.96, out of the 500 replications in a given condition. CWC(M) ¼ centered within context with

reintroduction of the subtracted means.

Table 6

Empirical Type-I Error Rate for Sobel Statistic

(When True Between-Group �
ð4Þ
02 Is 0)

Within-Group Coefficient gð4Þ10 �.59 �.39 �.14 0 .14 .39 .59

Size # Groups CWC(M)

5 120 .03 .03 .02 .02 .02 .02 .03

8 75 .04 .01 .02 .02 .03 .04 .02

12 50 .02 .01 .03 .02 .02 .02 .01

20 30 .01 .02 .01 .01 .01 .01 .01

Grand-mean centering

5 120 .99 .98 .99 .04 .97 .98 .99

8 75 .93 .94 .89 .03 .91 .93 .90

12 50 .79 .79 .79 .01 .76 .78 .80

20 30 .58 .61 .59 .00 .57 .66 .64

Note: Type-I error rates are the proportion of Sobel statistics (absolute values) that are greater than 1.96, out of

the 500 replications in a given condition. CWC(M) ¼ centered within context with reintroduction of the sub-

tracted means.
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Discrepancy between ĉ� ĉ
0

and âb̂

Table 8 shows that under grand-mean centering, the average discrepancy between ĉ� ĉ0

and âb̂ is always zero, replicating the results of Krull and MacKinnon (1999). Under

CWC(M), there are small discrepancies between ĉ� ĉ0 and âb̂ when the within-group coef-

ficient is much lower than the between-group coefficient. This discrepancy is within the

+ 5% range.

Discussion and Recommendations

This study shows that in multilevel mediation models such as the 2-1-1 model, the

within-group effect in the 1-1 relationship can cause confounded estimates of multilevel

mediation effects, which exist only at Level-2. In these models, Sobel statistics and Freedman

and Schatzkin statistics based on grand-mean centering or no centering performed poorly

because these statistics are based on a conflation of between-group and within-group effects.

Also, because grand-mean centering leads to high Type-I error rates, it can produce false

positives when within-group effects are present but between-group mediation is absent. To

interpret the damaging nature of the false positives, we continue with our example of the

relationship among flexible work schedule (Level-2 antecedent), job satisfaction (Level-

1 mediator), and employee performance (Level-1 outcome). Our results show that when the

within-group relationship between job satisfaction and employee performance is strong and

the between-group relationship between these two variables is weak, grand-mean-centering

may lead researchers to incorrectly conclude that job satisfaction mediates the relationship

between flexible work schedule and employee performance. In fact, the significant indirect

effects under grand-mean-centering (ĉ� ĉ0 or âb̂) may be due solely to the strong within-

Table 7

Empirical Type-I Error Rate for Freedman and Schatzkin (1992) Statistic

(When True Between-Group �
ð4Þ
02 Is 0)

Within-Group Coefficient gð4Þ10 �.59 �.39 �.14 0 .14 .39 .59

Size # Groups CWC(M)

5 120 .40 .38 .19 .16 .19 .37 .41

8 75 .35 .32 .21 .19 .21 .34 .41

12 50 .40 .34 .22 .21 .22 .34 .43

20 30 .32 .32 .26 .17 .19 .31 .36

Grand-mean centering

5 120 1.00 1.00 1.00 .02 1.00 1.00 1.00

8 75 1.00 .99 1.00 .02 1.00 1.00 1.00

12 50 .97 .97 .99 .00 .98 .97 .96

20 30 .85 .90 .93 .00 .92 .91 .86

Note: Type-I error rates are the proportion of the Freedman and Schatzkin (1992) statistics (absolute values) that

are greater than 1.96, out of the 500 replications in a given condition. CWC(M) ¼ centered within context with

reintroduction of the subtracted means.
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ĉ0
ð

Þ�
â
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group relationship, when this within-group relationship may be totally irrelevant for

researchers who are interested in Level-2 mediation. Therefore, in this example and else-

where, it is important to differentiate the multiple components of multilevel mediation effects.

To accomplish this, between-group and within-group effects should be separated when testing

multilevel mediation.

Potential Confounding in Testing 1-1-1 Models

Confounding similar to that in 2-1-1 models may exist for 1-1-1 models. In the 1-1-1

model, the patterns of confounded estimates could be more complicated. To provide a con-

crete example, assume that the following research question is asked: Will organizational

identification mediate the effect of individuals’ perceptions of transformational leadership

on citizenship behavior? In this case, the antecedent, the mediator, and the outcome are all

operationalized as Level-1 variables. To answer this research question based on nested data,

we need to differentiate the between- and within-group relationships.

In contrast with 2-1-1 models where the mediation of interest could exist only across

Level-2 units, researchers examining 1-1-1 models can investigate the within- or

between-group mediation effects or both. That is, researchers may examine whether there

is a group-level mediation effect, a within-group (frog-pond) mediation effect, or both types

of effect. Does aggregated organizational identification mediate the influence of group-

level transformational leadership on aggregated citizenship behavior? Does the relative

standing of individuals on organizational identification mediate the relationship between

the group-mean-centered transformational leadership perception on group-mean-centered

citizenship behavior? Do the above two mediation effects differ in magnitude and, if so,

which is stronger?

In 1-1-1 models, it might be inappropriate to label an effect at one level as a source of

confounding, because researchers may be interested in both group-level and within-

group-level effects. In either case, simply ignoring the two different sources of variation and

estimating a ‘‘combined’’ 1-1-1 mediation effect will always be less informative than an

examination that separately estimates both effects (i.e., using CWC(M)). To illustrate, com-

pare Equations (16–18) with Equations (26–28) (see Table 1). In this first step, the total

effect of Xij on Yij (i.e., gð1Þ10 ) is a combination of between-group (gð4Þ01 , from Equation

[27]) and within-group effects (gð4Þ10 , from Equation [28]). In addition, the overall relation-

ships between Mij and Yij and between Xij and Mij can also be decomposed into between-

group and within-group parts. Consequently, it is critical to look at the between-group

mediation effect and within-group mediation effect separately in 1-1-1 models. This

differentiation—possibly using CWC(M)—can provide a clearer view of the mediation

mechanism at each level of analysis, including the possibility of completely equivalent

effects across both levels. Combining the between-group and within-group parts into a

single effect may lead to misrepresentations of mediation at Level 1, Level 2, or both.

Kenny, Korchmaros, and Bolger (2003) and Bauer et al. (2006) have discussed the

complications in the 1-1-1 multilevel model. These authors offered methods to calculate the

indirect effect, and its standard error, to account for the covariance between the Level-2 ran-

dom effects. More recently, Pituch, Tate, and Murphy (in press) have discussed three-level
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mediation models. However, none of these studies have explicitly partitioned within- and

between-unit mediation effects at each level. Extending these prior studies, we propose

partitioning and simultaneously examining the two mediation effects in 1-1-1 models, and

recommend the use of CWC(M) as a technique for partitioning these two independent

mediation effects.

Recommendations for Testing Multilevel Mediation Using CWC(M)

The central argument of this study is that some multilevel mediation effects need to be

decomposed into Level-1 and Level-2 effects. This decomposition could provide clearer

answers to research questions that focus on either Level-1 or Level-2 mediation relation-

ships or both. Based on the results of our simulation study, we put forth a set of recommen-

dations intended to assist researchers in choosing between various mediation methods,

improving the accuracy of multilevel mediation testing, and increasing the consistency

of result reporting.

First, it is important to note that strong multilevel theory is the basis for strong multilevel

research design and mediation testing. As researchers often contend, mediation inference

rests on the tripod of strong theory, sound research design and measurement, and appropri-

ate statistical analysis (Mathieu & Taylor, 2007; Stone-Romero & Rosopa, 2008). Because

mediation effects may not be distinguishable statistically from confounding and suppres-

sion effects (MacKinnon, Krull, & Lockwood, 2000), before choosing an analytical method

to test mediation, researchers are urged to develop their mediation models based on solid

multilevel theory and use valid multilevel research design and measurements to assess the

multilevel phenomenon of interest.

After questions are developed based on sound theory, researchers must choose a model

(e.g., a 2-1-1 model, a 1-1-1 model, or a 2-2-1 model) that can best answer the research

questions and then design their studies accordingly. The potential confounding we discuss

may not be relevant if researchers choose a 2-2-1 model. However, if a 2-1-1 or 1-1-1 model

is used, researchers need to pay special attention to the differentiation of mediation effects

at different levels.

Next, if using 2-1-1 or 1-1-1 models, researchers need to decide whether they are interested

in only the between-group relationship, the within-group relationship, or both—although it

is our belief that in the 2-1-1 model the focus may only be between groups. In each of the

three situations, it is useful to differentiate the relationships at the two levels rather than

combining them into a single estimate. In all cases, CWC(M) is recommended for formu-

lating a multilevel mediation model. Table 1 provides the recommended procedures for

conducting multilevel mediation testing for 2-1-1 and 1-1-1 models. In 1-1-1 models, the

antecedent, the mediator, and the outcome variables are all group-mean centered, with

group means entered at Level 2.

Finally, after analyzing data based on CWC(M), we believe researchers should report

results at both levels of analysis, regardless of the level at which the effect should theoretically

exist. Reporting both the Level-1 and Level-2 coefficients and mediation effects would facil-

itate the comparison between levels. This makes it easier for future meta-analytic research to

accumulate and synthesize study results, as well as provide useful information for researchers

curious about differences in effects across levels of analysis.
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Study Limitations

This study has several limitations. This study, as with all simulation studies, offers results

that are subject to the influence of the parameter starting values, model assumptions, and

estimation methods. Using an alternative set of assumptions, starting values, and estimation

methods may change the results accordingly. In addition to these general limitations, there

are several limitations more specific to this study. First, the total sample size was fixed at

600 in the simulation and thus the independent effects of group size and the number of

groups were not examined. However, given the practical limitations involved in multilevel

data collection, we believe this total sample size and the trade-off between group size and

the number of groups reflect the real-life situation that researchers often face in field

studies.

Related to this limitation, only four group sizes were investigated here. Although more

group size categories would better illustrate the influence of group size, we believe the

current four sizes already show a clear pattern of influence by group size, and this pattern

may not change as a function of more group sizes.

Next, the between- and within-group coefficients were set in a way that has absolute val-

ues of 0, .14, .39, and .59. Although larger coefficients could have been used (e.g., .90 and

1.20) in addition to these values, again, we believe that adding coefficients of large magni-

tude to the current list would show a similar pattern of results to those illustrated above.

Third, it is noteworthy that we did not include a random slope in our multilevel models.

We made this choice for two reasons. First, our interest was not in estimating random

slopes—although we foresee no difficulty in generalizing our findings to models containing

random slopes. Second, adding random slopes to our models has the potential to increase

rates of nonconvergence, so we excluded them.

Finally, because of its focus on multilevel mediation, this study does not explicitly dis-

cuss moderation or moderated mediation in multilevel settings. Whereas mediation analysis

involves determining the extent to which an intervening variable transmits the effect of a

predictor to a criterion, moderation analysis involves determining the extent to which a mod-

erator variable affects the relationship between a predictor and a criterion. These two kinds of

effect are often confused (Baron & Kenny, 1986), but are conceptually distinct. In the multi-

level setting that was the focus of this article, we recommend estimating separate between-

group and within-group effects to avoid confounding, but this idea is conceptually distinct

from claiming that any of the effects involved (direct or indirect) are moderated. The

between- and within-effects are distinct effects linking constructs with different interpreta-

tions at the between- and within-levels. That said, there do exist ways to combine mediation

and moderation (e.g., Bauer et al., 2006; Edwards & Lambert, 2007), but extending those

methods to accommodate separation of between- and within-effects lies outside the scope

of this study. Although the lack of discussion of moderated multilevel mediation models is a

limitation of this study, we believe that the general principle of separating between-group

and within-group mediation effects and the specific treatment using CWC(M) in theory can

be readily extended to the more complicated moderated mediation models. For example, in

models such as 2 � (2-1-1) and 2 � (1-1-1), the Level-2 moderator can be allowed to have

different moderating effects at the between-group level versus the within-group level using
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CWC(M). Exploring the complications and specific decision points in moderated multilevel

mediation models would be a fruitful avenue for future research.

Future research may also investigate longer and/or multiple mediation chains in multi-

level settings. As Taylor, MacKinnon, and Tein (2008) show, bias-corrected bootstrapping

may be the most accurate method to estimate three-path mediation effects in a single-level

setting. There remain questions with regard to how multiple or longer chained multilevel

mediation hypotheses could be tested, but regardless of the length of mediation chains and

the presence or absence of moderators, it is important to consider the possibility of different

effects within versus between groups.

In conclusion, we have shown that tests of multilevel mediation can be problematic when

between-group variation in a Level-1 variable is not explicitly separated in a test of 2-1-1

mediation—the same would be true for 1-1-1 mediation tests. By adhering to traditional

recommendations for testing mediation with multilevel data, researchers may be making

one hypothesis (i.e., group-level mediation) while testing another (i.e., mediation that

conflates between-group and within-group effects). By keeping an eye on the within-group

effect in a multilevel mediation model, researchers not only may gain insight into differences

in effect across levels of analysis, but also may increase the precision of their tests of multi-

level mediation.
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