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Abstract In this article, we propose an approach to test me-
diation effects in cross-classified multilevel data in which the
initial cause is associated with one crossed factor, the mediator
is associated with the other crossed factor, and the outcome is
associated with Level-1 units (i.e., the 2(A)➔2(B)➔1 design).
Multiple-membership models and cross-classified random ef-
fects models are used to estimate the indirect effects. The
method is illustrated using real data from the Early
Childhood Longitudinal Study–Kindergarten Cohort (1998).
The results from the simulation study show that the proposed
method can produce a consistent estimate of the indirect effect
and reliable statistical inferences, given an adequate sample
size.

Keywords Mediation analysis . Cross-classifiedmultilevel
data . Multiple membershipmodels . Cross-classified random
effects models

Testing mediation effects has an important role in social and
behavioral research because researchers are often interested in
knowing the pathways through which the effect of the initial
cause is transferred to the outcome. In recent years, with the
development of multilevel modeling techniques such as mul-
tilevel linear regression and multilevel structural equation
modeling (MSEM), mediation analysis has been extended
from single-level to multilevel data.

In two-level nested data, Krull and MacKinnon (2001) first
examined three types of multilevel mediation designs using
hierarchical linear models (HLMs): the 1➔1➔1 design, in
which the initial predictor, the mediator, and the outcome are
all measured at Level 1 (or the lowest level); the 2➔1➔1
design, in which the initial predictor is at Level 2 (or the
cluster level), and the mediator and outcome are at Level 1;
and the 2➔2➔1 design, in which the initial predictor and the
mediator are at Level 2 and the outcome is at Level 1. Because
the effect of a Level-1 predictor could be randomly varying
across Level-2 clusters, researchers have further developed
procedures for testing random indirect effects in the 1➔1➔1
design (e.g., Bauer, Preacher, & Gil, 2006; Kenny,
Korchmaros, & Bolger, 2003).

Zhang, Zyphur, and Preacher (2009) pointed out that Krull
and MacKinnon’s (2001) simple reformulations of single-
level techniques may produce biased estimates of the multi-
level mediation effects, due to the conflated between-cluster
and within-cluster effects in typical HLMmodels. Zhang et al.
recommended the use of the group-mean centering approach
(or centering within a context) to decompose some multilevel
mediation effects into Level-1 and Level-2 effects for clearer
interpretation. However, it has been shown that the estimate of
the between-level effect may be biased when using the cluster
mean as the Level-2 predictor, due to insufficient reliability in
the observed cluster means (Asparouhov & Muthen, 2006).

More recently, Preacher, Zyphur, and Zhang (2010) inte-
grated the existing methods into a unified MSEM framework.
Unlike the HLM framework, the MSEM framework has two
advantages for assessing multilevel mediation effects. First,
Level-2 outcomes are easily accommodated. Mediation
models that cannot be analyzed in the multilevel linear regres-
sion framework, such as 1➔1➔2 and 1➔2➔2, can be accom-
modated in the MSEM framework. Second, the between- and
within-level components of indirect effects can be estimated
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separately without using the group-mean centering approach.
MSEM uses the latent-variable approach to provide a less
biased estimate of the between-level effects.

So far, the extant literature onmultilevel mediation analysis
has dealt exclusively with data with strictly nested structures.
In reality, however, multilevel data may not always be strictly
nested. For example, students may be cross-classified by
schools and neighborhoods, because students attending the
same school may live in different neighborhoods, and students
living in the same neighborhood may attend different schools.
A variety of mediation designs can be used with cross-
classified multilevel data. We first review three common de-
signs that are direct extensions of their counterparts in strictly
nested data. First, the 1➔ 1➔1 design can be extended to the
situation in which Level-1 units are cross-classified by two
Level-2 random factors. For example, the indirect effect of
students’ cognitive ability on their academic achievement
through parental expectations may be investigated using data
in which the students are cross-classified by schools and
neighborhoods. Second, the 2➔1➔1 design can be extended
to the 2(A)➔1➔1 design, where 2(A) represents one of the
crossed factors at Level 2. For example, controlling for school
random effects, neighborhood social distress may affect stu-
dents’ hopefulness, which subsequently affects their involve-
ment in violence. Third, the 2➔2➔1 design can be extended
to the 2(A)➔ 2(A)➔1 design, in which the initial predictor and
the mediator are both associated with one of the crossed fac-
tors. For example, controlling for neighborhood random ef-
fects, school ethnic and academic composition may have in-
direct effects on students’ achievement via the school’s edu-
cational climate (Brault, Janosz, & Archambault, 2014).

In addition to the three common designs directly borrowed
from nested data, a fourth design is unique to cross-classified
data—that is, the 2(A)➔ 2(B)➔1 design. In this design, the
initial cause is associated with one of the crossed factors,
and the mediator is associated with the other. An example of
such a design is that neighborhood characteristics such as
high-status residents and residential stability can influence
school characteristics such as the school atmosphere, which
subsequently affect students’ achievement (Ainsworth, 2002).
Another example of such a design can be found in the medical
setting, where doctors’ respect for nurses affects the nurses’
job satisfaction, which subsequently affects patients’
wellbeing. Patients are often cross-classified by doctors and
nurses, because patients under the same doctor may be cared
for by different nurses and patients cared by the same nurse
may belong to different doctors. In this case, doctors and
nurses are two crossed random factors.

To test indirect effects in the first three designs, researchers
can use the cross-classified structural equation models (CC-
SEMs) in the MSEM framework (Asparouhov & Muthén,
2012). However, the analysis is more challenging for the fourth
design (2(A)➔ 2(B)➔1), especially for the estimation of the

2(A)➔ 2(B) path, which represents the effect of one crossed
factor on the other. This is because when factor A and factor
B are crossed, a unit in factor B may be influenced by multiple
units in factor A simultaneously. For example, when schools
and neighborhoods are crossed, a school may be affected by
multiple neighborhoods simultaneously. In this case, a school is
a member of multiple neighborhoods. When modeling the ef-
fect of neighborhoods on schools, in this case, it is necessary to
estimate the overall effect of multiple neighborhoods on a
school while taking into consideration the variation in neigh-
borhood random effects. Such a design cannot be handled by
cross-classified SEMs, because the variables associated with
one crossed factor cannot be used in the structural equations
specified for the other crossed factor.

To solve this problem, we propose a method that uses the
multiple-membership (MM) model and the cross-classified
random effects (CC) model to estimate and test the indirect
effects in the 2(A)➔2(B)➔1 design. It should be noted that in a
rare situation, in observational studies where the data are
completely balanced (i.e., equal numbers of Level-1 units in
each cell), the 2(A)➔2(B) path cannot be assessed because in
this case the two factors are orthogonal. Therefore, the pro-
posed method is only applicable for unbalanced cross-
classified multilevel data.

In the following sections, we briefly show how the first
three common designs are analyzed in the MSEM framework.
Then we describe the proposed method to estimate indirect
effects in the fourth design (i.e., 2(A)➔2(B)➔1) and demon-
strate the method using data from the Early Childhood
Longitudinal Study. In addition, we conducted a simulation
study to assess the performance of the method in terms of the
biases in the parameter estimates and the statistical inferences.

Estimating indirect effects in the 1➔1➔1, 2(A)➔1➔1,
and 2(A)➔2(A)➔1 designs

To test indirect effects in the first three designs, researchers
can use cross-classified SEMs in the MSEM framework. In a
cross-classified SEM, the Level-1 observed variables are im-
plicitly decomposed into latent components at the individual
level (e.g., students), the classification A level (e.g., neighbor-
hoods), and the classification B level (e.g., schools). Separate
structural equations are defined for the three levels and esti-
mated simultaneously. The cross-classified SEM can be fitted
with Mplus version 7 (Muthén & Muthén, 1998–2012) using
the Bayesian estimation method. Exemplary Mplus syntax is
provided in Appendix A for each of the three designs.

In the 1➔1➔1 design, the indirect effect can be
decomposed into the within-level, school-level, and
neighborhood-level components. In the current version of
Mplus (i.e., Mplus 7.0), a Level-1 predictor cannot be auto-
matically decomposed into latent components in cross-
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classified SEMs, because Mplus does not allow us to use a
Level-1 predictor in equations at higher crossed levels.
Therefore, to obtain the latent component of a Level-1 predic-
tor at a specific level, we have to specify a latent variable at the
corresponding level, using the observed predictor as the sole
indicator whose factor loading is constrained to 1 and residual
variance is constrained to 0. For example, in the syntax for the
1➔1➔1 design, predictor x is decomposed to the within-level
(fx_w), school-level (fx_s), and neighborhood-level (fx_n)
latent components. The same decomposition is also applied
to the mediator m. Then, in the within-level model, the latent
component of m (fm_w) is regressed on the latent component
of x (fx_w) to obtain the within-level estimate of the a path
(aw). The outcome y is then regressed on the within-level
latent components of x (fx_w) and m (fm_w) to obtain the
within-level estimate of the b path (bw). Finally, the within-
level indirect effect is obtained by multiplying aw and bw. In
the same vein, the school-level and neighborhood-level indi-
rect effects are specified in the models.

On the other hand, in the 2(A)➔1➔1 design, because the
initial predictor is associated with neighborhood, the indirect
effect is only defined at the neighborhood level. Therefore, we
only need to obtain the neighborhood-level latent component
of the mediator m and specify the indirect effect at the neigh-
borhood level. Similarly, in the 2(A)➔2(A)➔1 design, both the
initial predictor and the mediator are at the neighborhood lev-
el; therefore, the indirect effect exists only at the neighborhood
level, and no decomposition of the initial predictor or the
mediator is needed.

Note that CC-SEM can also accommodate designs in
which the initial predictor is at the individual level, whereas
the mediator and/or the outcome are associated with one of the
upper levels (e.g., 1➔2(A)➔ 2(A), 1➔1➔ 2(A), 1➔2(A)➔ 1). To
save space, we will not elaborate on these designs, because
such designs are less common in real applications, and the
same approach to latent component decomposition can be
used in Mplus.

Estimating the indirect effect in the 2(A)➔2(B)➔1
design

Although CC-SEM is flexible and offers many modeling
possibilities, it cannot handle the 2(A)➔ 2(B)➔1 design.
Therefore, we propose a method to estimate indirect
effects in such a design. The proposed method consists
of three steps. First, an MM model is used to estimate
the 2(A)➔2(B) path. Second, a CC model is used to
estimate the 2(B)➔1 path. Finally, the indirect effect is
computed as the product of the two path coefficients and
its confidence interval is obtained. Below, we describe
how the MM and CC models are specified to estimate
the 2(A)➔2(B) and the 2(B)➔1 paths, respectively.

MM model to estimate the 2(A)➔2(B) path

As an extension of standard HLMs, MMmodels deal with the
case in which a lower-level unit is a member of more than one
higher-level unit (Browne & Goldstein, 2001). For example,
individuals may change residency over time, so they are often
members of multiple neighborhoods (e.g., Chandola, Clarke,
Wiggins, & Bartley, 2005). In cross-classified data, the two
random factors A and B also have an MM relationship. For
example, when schools and neighborhoods are crossed, a
school draws students from multiple neighborhoods; there-
fore, the school can be viewed as a member of multiple neigh-
borhoods, and each neighborhood has an impact on the
school.

An MM model allows us to estimate the overall effect of
neighborhoods on schools (i.e., the 2(A)➔2(B) path) while tak-
ing into consideration the random neighborhood effects. In
addition, MMmodels allow us to take the relative importance
of the neighborhoods into consideration. For example, neigh-
borhoods sending more students to the school may have a
greater impact than neighborhoods sending fewer students to
the school. To incorporate this information into the model, a
weighting scheme is used, so that the total impact of the mul-
tiple neighborhoods is a weighted sum of the individual neigh-
borhoods’ effects. One way of choosing the weights is to use
the proportion of a school’s students living in each neighbor-
hood. Below we present the detailed formulation of the MM
model used to estimate the 2(A)➔2(B) path.

LetM be the mediator associated with schools and X be the
initial predictor associated with neighborhoods. The model is
specified as follows:

M j ¼ β0 þ β1

X
k∈Neighborhood jð ÞwjkX k

þ
X

k∈Neighborhood jð Þwjkμk þ r j; ð1Þ

where j is the index of schools, k is the index of neighbor-
hoods, Neighborhood(j) represents the set of neighborhoods
from which school j draws students, wjk represents the weight
of neighborhood k associated with school j, μk represents the
random effect of neighborhood k [μk ~N(0, σ2

μ )], and r j
represents the error associated with school j [r j ~N(0, σ2

r )].
The regression coefficient β1 is the effect of X onM—that is,
the coefficient of the 2(A)➔2(B) path.

CC models to estimate the 2(B)➔1 path

To estimate the direct effect of the mediator on the outcome,
controlling for the initial predictor (i.e., the 2(B)➔1 path), we
can use a CC model (Browne & Goldstein, 2001; Rasbash &
Goldstein, 1994). As an extension to the standard HLMs, CC
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models allow the random effects of multiple crossed factors
(e.g., schools and neighborhoods) to be estimated
simultaneously.

Let Y be the outcome variable at the student level. The CC
model is specified as follows:

Y i jkð Þ ¼ β0 þ β2M j þ β3X k þ δ j þ τ k þ ei jkð Þ; ð2Þ

where i is the index of students, j is the index of schools, k is
the index of neighborhoods. δ j represents the random effect of

schools [δ j ~N(0, σ2
δ )], τk represents the random effect of

neighborhood [τk ~N(0, σ2
τ )], and ei jkð Þ represents the error

associated with students [ei jkð Þ ~N(0, σ2
e )]. The regression

coefficient β2 represents the direct effect ofM on Y controlling
for X—that is, the coefficient for the 2(B)➔1 path.

Both the MM and CC models can be estimated using the
maximum likelihood estimation method. Many computer pro-
grams, such as SAS PROC MIXED, Stata xtmixed, and R
lme4, can fit these models.

Confidence intervals of the indirect effect

On the basis of the estimates from Eqs. 1 and 2, the indirect
effect is computed as the product of β1 and β2 (i.e., β1β2 ).
The confidence intervals of the indirect effect can be comput-
ed with the standard methods. In this study, we focus on the
analytical approach and the Monte Carlo approach. Using the
analytical approach, the standard error of the indirect effect
can be computed using the following formula, given multivar-
iate normality (Baron & Kenny, 1986):

Sβ1β2
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
β2
1S

2
β2
þ β2

2S
2
β1
þ S2β1

S2β2

q
; ð3Þ

where S2β1
and S2β2

are the variance of β1 and β2, respectively.

The confidence interval of the indirect effect is then computed
as

CI1−α ¼ β1β2 � zα=2Sβ1β2
: ð4Þ

In addition to the analytical approach, there is also the
Monte Carlo approach for computing the confidence intervals
of indirect effects (MacKinnon, Lockwood, & Williams,
2004). This method assumes that β1 and β2 have a bivariate
normal distribution. The bivariate normal distribution is sim-
ulated using the parameter estimates as the means and their

asymptotic variances and covariance (i.e.,
β1

β2

� �eN β̂1

β̂2

� �
Ŝ
2
β1

Ŝβ1; β2
Ŝ
2
β2

" #
). Note that in the 2(A)➔ 2(B)➔1 design,

the asymptotic covariance between β1 and β2 ( Sβ1; β2
) is 0,

because the mediator and the outcome are at different levels

and their residuals (i.e., r j and ei jkð Þ ) are uncorrelated.
Thousands of random draws of β1 and β2 are simulated, and
the product β1β2 is computed. The resulting distribution of β1

β2 is then used to estimate the lower and upper boundaries of
the confidence interval for β1β2. Computer software is avail-
able to compute the Monte Carlo confidence interval (e.g.,
Selig & Preacher, 2008).

Sequential versus simultaneous estimation

The proposed method sequentially estimates the 2(A)➔2(B)

and the 2(B)➔1 paths in two separate models, rather than si-
multaneously estimating them in one model. It is possible to
use the simultaneous estimation approach (e.g., Bauer et al.,
2006), which employs selection (or dummy) variables to com-
bine the two separate models into a single equation. The si-
multaneous estimation approach allows us to obtain the as-
ymptotic covariance between β1 and β2, which is important
for the computation of the confidence intervals of the indirect
effect. In the 2(A)➔2(B)➔1 design, however, the asymptotic
covariance between β1 and β2 is always 0; therefore, there is
no additional benefit of using the simultaneous estimation
approach. To verify this, we analyzed empirical data and sim-
ulated data using both the sequential and the simultaneous
estimation approaches, finding that the results were identical.

Demonstration

To demonstrate the proposed method, we used data from
the Early Childhood Longitudinal Study–Kindergarten
Cohort (1998). Student, school, and neighborhood data
from the spring of 1999 were extracted. The indirect
effect of neighborhood high-status residents on student
achievement via school academic atmosphere was exam-
ined. The analysis was conducted using SAS 9.4, and the
syntax for the data preparation and model fitting is in-
cluded in Appendix B.

Description of the sample of analysis

The sample data have a cross-classified multilevel structure in
which students are jointly nested within schools and neighbor-
hoods (defined by zip code tabulation areas, or ZCTAs). In
addition, schools and neighborhoods are crossed. After delet-
ing missing data and schools with fewer than 20 students, to
avoid nonconvergence in the estimation, the final sample of
analysis consisted of 2,771 students, cross-classified by 130
schools and 128 neighborhoods.
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Measures

The outcome variable was students’ math scores, computed
on the basis of item response theory in the spring of 1999. The
initial predictor was neighborhood high-status residents
(NHSR), and the mediator was school academic atmosphere.
Below we describe how the NHSR and school atmosphere
variables were created.

Neighborhood high-status residents Following Ainsworth
(2002), we created standardized composite scores based on
(1) proportions of college graduates among persons over
25 years of age and (2) proportions of employed persons with
professional or managerial occupations among people over
16 years of age. This variable was used as the predictor (X)
in the mediation model.

School academic atmosphere In the administrator question-
naire of the ECLS-K study, 11 items measure how much em-
phasis the administrator places on certain goals and objectives
for kindergarten teachers, such as facilitating children’s prog-
ress in language and number skills, maintaining a quiet and
orderly class environment, and so forth. We computed the
total scores and used them as mediators (M) in the model.
Because the distribution of school climate scores was skewed,
we applied the square root transformation to make the distri-
bution better approximate normality.

Analysis

To estimate the 2(A)➔2(B) path, we first restructure the data
and compute the weight of each neighborhood associated with
each school. To illustrate the process, we use a small hypo-
thetical dataset with 11 students cross-classified by two
schools and three neighborhoods. In Table 1, columns 1, 2,
and 3 are the student, school, and neighborhood IDs, respec-
tively. The next three columns are the variables associated
with neighborhoods (X), schools (M), and students (Y),
respectively. The data are first aggregated to obtain the
frequency of students in each school–neighborhood combina-
tion (or cell). The aggregated data are presented in Table 2. On
the basis of the frequency in column 3, the weight of each
neighborhood associated with each school is computed
(see column 4). For example, the weight of Neighborhood 1
associated with School 1 in the first row is 0, because no
student in School 1 comes from Neighborhood 1. The weight
of Neighborhood 2 associated with School 1 is 2/5 = .4, be-
cause two out of the five students in School 1 come from
Neighborhood 2. The weight of Neighborhood 3 associated
with School 1 is 3/5 = .6, because three out of the five students
in School 1 come from Neighborhood 3. These three weights
add up to 1.

Multiplying Weight and X (i.e., wjkX k ) and adding up
across the set of neighborhoods associated with a school
(i.e., ∑k∈Neighborhood jð ÞwjkX k ), we obtain the weighted X.
For example, the weighted X corresponding to School 1 is
8.6 ( 0*7 + .4*8 + .6*9). This weighted X represents the
composite characteristic of the set of neighborhoods that have
impacts on School 1.

Finally, the data are restructured to wide form, as is shown
in Table 3. The weights of the three neighborhoods become
three weight variables (W1, W2, and W3). Using the
restructured data, the MM model is fitted with M as the out-
come variable and the weighted X as the predictor. The weight
variables have random effects with a common variance.

Next, using the original data shown in Table 1, the 2(B)➔1
path is estimated using the CC model with Y as the outcome
and X and M as the predictors. Finally, the two path coeffi-
cients and their standard errors are used to compute the indi-
rect effect and the analytical and Monte Carlo confidence
intervals.

Results

Table 4 shows the parameter estimates of the MM model.
Because all of the variables were standardized, the estimates
can be viewed as standardized coefficients. The estimated
2(A)➔2(B) path (β1 ) is .450 with a standard error of .089.

Table 1 A small, hypothetical cross-classified dataset

Stu_ID Sch_ID Nei_ID X M Y

1 1 2 8 4 5

2 1 2 8 4 7

3 1 3 9 4 4

4 1 3 9 4 2

5 1 3 9 4 8

6 2 1 7 5 9

7 2 1 7 5 1

8 2 1 7 5 3

9 2 1 7 5 4

10 2 2 8 5 7

11 2 2 8 5 10

Table 2 Hypothetical school and neighborhood data with weights

Sch_ID Nei_ID Frequency Weight X M Weighted X

1 1 0 0 7 4 8.6

1 2 2 .4 8 4 8.6

1 3 3 .6 9 4 8.6

2 1 4 .67 7 5 7.33

2 2 2 .33 8 5 7.33

2 3 0 0 9 5 7.33
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Table 5 shows the standardized parameter estimates of the CC
model. The estimated 2(B)➔1 path (β2 ) is .079with a standard
error of .038. Multiplying β1 by β2, we obtain the standard-
ized indirect effect estimate as .036. On the basis of Eqs. 3 and
4, the analytical 95 % confidence interval is [–.001, .072],
indicating a nonsignificant indirect effect. On the other hand,
the Monte Carlo 95 % confidence interval is [.002, .076],
indicating a significant indirect effect. It is not surprising that
the two approaches yield different results, because the analyt-
ical approach assumes a normal sampling distribution of the
indirect effects, whereas the sampling distribution obtained
using the Monte Carlo approach was slightly positively
skewed.

Simulation study

We conducted a simulation study to examine whether the pro-
posed method can produce consistent estimates of indirect
effects and reliable confidence intervals under various data
conditions. We chose three major design factors: sample size,
degree of cross-classification, and effect size.

Design factors

Sample size The extant literature has demonstrated that sam-
ple size has a significant impact on multilevel model estima-
tion (e.g.,Maas&Hox, 2005). To examine the performance of
the proposed method under small, moderate, and large sample
sizes, we selected three conditions: (1) 200 students cross-
classified by 20 schools and 20 neighborhoods, (2) 500 stu-
dents cross-classified by 50 schools and 50 neighborhoods,
and (3) 2,000 students cross-classified by 100 schools and
100 neighborhoods.

Degree of cross-classification Researchers have shown
that the degree of cross-classification may have an im-
pact on the parameter estimates in CC models (Luo,
Cappaert, & Ning, 2015). In addition, because the
2(A)➔2(B) path cannot be assessed when the data are
completely balanced, it was important to evaluate the
performance of the method when the degree of cross-
classification was high. Hence, we considered two con-
ditions: (1) the fully cross-classified condition (or high
degree of cross-classification), and (2) the partially cross-
classified condition (or low degree of cross-classifica-
tion). In the fully cross-classified condition, the students
in a neighborhood had equal probabilities to be assigned
to any of the schools, and vice versa. In the partially
cross-classified condition, 20 % of the neighborhoods
were selected, and the students in each selected neigh-
borhood were randomly assigned to only two schools.
For the remaining neighborhoods, there was a one-to-
one match between schools and neighborhoods.

Effect size We selected two levels for the effect size of the
indirect effect. The small effect was based on the parameter
estimates from the empirical data analysis (β1 = .5 and β2 =
.1). For the large effect, we set β1 = β2 = .6, which are iden-
tical to the values in the large-effect conditions used by Kenny
et al. (2003) and Bauer et al. (2006).

Data generation

We mimicked the example of students cross-classified
by schools and neighborhoods for data generation. The
initial predictor X associated with neighborhoods was
drawn from a standard normal distribution. The media-
tor M associated with schools was generated on the
basis of the MM model, as shown in Eq. 1. The param-
eter values were chosen to be close to the estimates
from the empirical demonstration (σ2

μ = .2, and σ2
r =

.7). The outcome Y associated with students was gener-
ated using the CC model, as shown in Eq. 2 (σ2

δ = .1,

σ2
τ = .1, and σ2

e = .8).

Table 3 Restructured school and neighborhood data with weights

Sch_ID W1 W2 W3 Weighted X M

1 0 .4 .6 8.6 4

2 .67 .33 0 7.33 5

Table 4 Multiple-membership model estimates

Parameters Estimates SE df t p

Fixed Effects

Weighted X (β1) .45 .089 121 5.07 <.001

Variance Components

Neighborhoods (σμ
2) .174 .131

Residual (σr
2) .670 .136

Table 5 Cross-classified random effects model estimates

Parameters Estimates SE df t p

Fixed Effects

M (β2) .079 .038 126 2.07 .040

X (β3) .207 .038 114 5.39 <.001

Variance Components

Schools (σδ
2) .105 .021

Neighborhoods (στ
2) .014 .025

Residual (σe
2) .819 .023
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In summary, the simulation design employed a 3 × 2 × 2
factorial design. In all, 1,000 data sets were generated under
each condition. On the basis of the generated data, the indirect
effect was computed using the proposed method, and the con-
fidence intervals were calculated using both the analytical and
the Monte Carlo approaches.

Analysis

To examine the bias in the estimated indirect effect, we com-
puted the standardized bias by

B θ̂
� �

¼ θ̂−θ

S θ̂
� � ; ð5Þ

where θ̂ is the mean of the indirect effect estimate, θ the true

indirect effect value, and S θ̂
� �

the standard deviation of the

estimates based on the 1,000 replications. The standardized
bias is analogous to Cohen’s d, because it measures the stan-
dardized distance between the estimates and the parameters.
We consider standardized biases less than .14 to be negligible,
because when Cohen’s d is less than .14, more than 90 % of
the area covered by the two sampling distributions is over-
lapped (or less than 10 % is not overlapped; Cohen, 1988,
pp. 22–23).

To examine the accuracy of the statistical inferences,
we computed the coverage rate of the 95 % confidence
intervals. The coverage rate of the confidence intervals is
the proportion of the obtained confidence intervals that
includes the true parameter value. The coverage rate of a
95 % confidence interval should be approximately equal

to .95, with a margin of error of .0135.1 In other words,
between 93.65 % and 96.35 % of the obtained confi-
dence intervals should contain the true parameter value.
A coverage rate that is higher than 96.35 % indicates
decreased power or an inflated Type II error rate, as
more replications will fail to find significant results. A
coverage rate that is lower than 93.65 % indicates an
inflated Type I error rate, as more replications will incor-
rectly find significant results.

Results

The results in Table 6 show that the mean standardized
biases under all conditions were small, indicating that the
indirect effects can be estimated consistently with little
bias. The coverage rates of the 95 % confidence intervals
were acceptable under all the conditions except for the
conditions in which small sample size (e.g., 200) was
combined with a high degree of cross-classification and
a small effect size. Under such a condition, the coverage
rates of both the analytical and Monte Carlo confidence
intervals were above 99 %, indicating that the Type II
error rate was inflated. When the sample size increased
to 500, the coverage rate of the analytical confidence
interval was still unacceptably high (99.4 %), but the
Monte Carlo confidence interval dropped to 97 %, which
was only slightly above the upper boundary of the ac-
ceptable level (i.e., 96.35 %).

Table 6 Standardized bias and coverage rates

Sample Size Degree of CC Indirect Effect Mean of Estimates SD of Estimates Standardized Bias Coverage Rate

Analytic Monte Carlo

200 Full .05 .046 .117 –.034 99.9 % 99.4 %

.36 .365 .442 .011 95.8 % 94.5 %

Partial .05 .051 .076 .013 97.6 % 95.2 %

.36 .358 .163 –.012 92.7 % 93.1 %

500 Full .05 .044 .057 –.105 99.4 % 97.0 %

.36 .363 .249 .012 94.4 % 93.5 %

Partial .05 .049 .042 –.024 95.0 % 94.5 %

.36 .359 .102 –.002 92.9 % 93.1 %

2,000 Full .05 .044 .043 –.139 94.8 % 95.0 %

.36 .348 .233 .052 95.0 % 94.6 %

Partial .05 .048 .027 –.074 93.7 % 93.6 %

.36 .359 .064 –.016 96.2 % 96.2 %

CC, cross-classification

1 Using the formula provided by Burton, Altman, Royston, and Holder
(2006), margin of error ¼ 1:96

ffiffiffi
p

p
1−pð Þ =B, where p is the nominal

coverage rate (p = .95) and B is the number of replications (B = 1,000).
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Discussions and conclusions

Individuals live in multiple social contexts, and the factors in
one context may influence factors in other contexts and sub-
sequently impact human development. Therefore, it is impor-
tant to consider social contexts in combination rather than
separately, as in traditional neighborhood or school or work-
site research (Cook, 2003). However, a big challenge to em-
pirical researchers is that the data structure is often complex
when considering multiple contexts simultaneously. In this
study, we reviewed existing methods for three common me-
diation designs in cross-classified data (i.e., 1➔1➔1,
2(A)➔1➔1, and 2(A)➔2(A)➔1) and proposed a new method
for estimating indirect effects with the more challenging
2(A)➔2(B)➔1 design. The proposed method uses both MM
models and CC models to analyze mediation effects.

Through a simulation study, we showed that the proposed
method can provide a consistent estimate of the true popula-
tion indirect effect and that its statistical inferences were reli-
able with a reasonably adequate sample size (i.e., 500 Level-1
units and 50 clusters in each of the crossed factors). The meth-
od may not work well when the sample size is small (i.e., 200
Level-1 units and 20 clusters) and the degree of classification
is high. This is because the 2(A)➔2(B) path cannot be assessed
in the completely balanced condition. As the degree of cross-
classification increases, the data become more and more bal-
anced, causing the estimation of the 2(A)➔2(B) path to become
more and more unstable. In addition, researchers need to have
caution when using analytic confidence intervals, because
they may have less power than Monte Carlo confidence inter-
vals when the sample size is small.

When applying the proposed method, researchers should
be thoughtful about how to choose the weights in the MM
model. In this study, we constructed the weights of neighbor-
hoods on the basis of the proportions of students in a school
from each neighborhood. This approach is based on the as-
sumption that a neighborhood’s impact is proportionate to its
size. This assumption may not always be tenable. For exam-
ple, some small but highly influential neighborhoods may
change a school’s climate dramatically. In this case, a different
weighting system should be considered to better represent the
differential impacts of clusters in one factor on a cluster in the
other factor.

Limitations and future directions

The ultimate goal of mediation analysis is to uncover causal
pathways through which the cause produces effects. The pro-
posed approach follows the parametric tradition in mediation
analysis, in which the path coefficients are estimated on the
basis of parametric models (Baron & Kenny, 1986). As was
pointed out by Pearl (2014), this approach has two major
drawbacks when it is used to estimate causal mediation.

First, the validity of such estimation methods depends on the
assumption of no unmeasured confounders. Although the con-
founders of the X–Yand X–M relationships can be removed by
randomized treatment assignment, such randomization does
not remove confounders of theM–Y relationship. Second, this
method assumes that the effect of the mediator on the outcome
is constant, regardless of the level at which we hold the pre-
dictor (i.e., no interaction).

To address the limitations of this approach for estimat-
ing causal mediation, we propose three directions for fu-
ture research. First, this approach could be combined with
other methods that are designed for making causal infer-
ences in observational studies, such as propensity score
methods. Second, the present model could be extended
to incorporate an interaction effect between the predictor
and the mediator. Third, mediation with cross-classified
multilevel data should be investigated in the framework
of nonparametric counterfactual analysis (Imai, Keele, &
Yamamoto, 2010; Pearl, 2014).

Appendix A: Mplus syntax

1. The 1➔ 1 ➔1 design

DATA: FILE = data111.csv;
VARIABLE: NAMES =nei_id sch_id x m y ;
CLUSTER = sch_id nei_id;
ANALYSIS: TYPE = CROSSCLASSIFIED;
ESTIMATOR = BAYES;
PROCESSORS = 2;
MODEL: %WITHIN%
fx_w by x @1; x@0;
fm_w by m @1; m@0;
fm_w on fx_w (aw);
y on fx_w; y on fm_w (bw);
y;
%BETWEEN sch_id%
fx_s by x @1; x@0;
fm_s by m @1; m@0;
y on fx_s; y on fm_s (bs);
fm_s on fx_s (as);
y;
%BETWEEN nei_id%
fx_n by x @1; x@0;
fm_n by m @1; m@0;
y on fx_n; y on fm_n (bn);
fm_n on fx_n (an);
y;
MODEL CONSTRAINT:
new (indw inds indn);
indw=aw*bw;
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inds=as*bs;
indn=an*bn;

2. The 2(A)➔1➔1 design

DATA: FILE = data211.dat;
VARIABLE: NAMES =nei_id sch_id x m y ;
CLUSTER = sch_id nei_id;
BETWEEN= (nei_id) x;
ANALYSIS: TYPE = CROSSCLASSIFIED;
ESTIMATOR = BAYES; PROCESSORS = 2;
MODEL: %WITHIN%
y; m;
%BETWEEN Sch_ID%
y; m;
%BETWEEN Nei_ID%
fm_n by m@1; m@0;
y on x; y on fm_n (bn);
fm_n on x (an);
MODEL CONSTRAINT:
new (indn);
indn=an*bn;

3. The 2(A)➔ 2(A)➔1 design

DATA: FILE = data221.dat;
VARIABLE: NAMES =nei_id sch_id x m y ;
CLUSTER = sch_id nei_id;
BETWEEN= (nei_id) x m;
ANALYSIS: TYPE = CROSSCLASSIFIED;
ESTIMATOR = BAYES; PROCESSORS = 2;
MODEL: %WITHIN%
y;
%BETWEEN Sch_ID%
y;
%BETWEEN Nei_ID%
y on x; y on m (bn);
m on x (an);
MODEL CONSTRAINT:
new (indn);
indn=an*bn;

Appendix B: SAS syntax

/**************************************/
/*Section 1: Transformation of the origi-

nal data: CC*/
/*Sch_ID is the ID for schools, consecu-

tively numbered*/
/*Nei_ID is the ID for neighborhoods, con-

secutively numbered*/

/*X is the initial predictor associated
with neighborhood*/

/************************************/
proc sql;
create table sch as
select Sch_ID, mean(M) as M
from CC
group by Sch_ID;
run;
quit;
proc sql;
create table nei as
select Nei_ID, mean(X) as X
from CC
group by Nei_ID;
quit;
proc sql;
create table sch_nei as
select Sch_ID, Nei_ID, count(X) as freq
from CC
group by Sch_ID, Nei_ID;
quit;
proc sql;
create table sch_nei_total as
select Sch_ID, Nei_ID, freq, sum(freq) as

total
from sch_nei
group by Sch_ID;
quit;
data sch_nei_weight;
set sch_nei_total;
weight=freq/total;
run;
/*130 is the total number of schools*/
/ * 1 2 8 i s t h e t o t a l n u m b e r o f

neighborhoods*/
data sch_nei_all;
do Sch_ID=1 to 130;
do Nei_ID=1 to 128;
output;
end;
end;
run;
proc sort data=sch_nei_weight;
by Sch_ID Nei_ID;
run;
data sch_nei_all;
merge sch_nei_weight sch_nei_all;
by Sch_ID Nei_ID;
run;
data sch_nei_all;
set sch_nei_all;
if freq=. then freq=0;

682 Behav Res (2017) 49:674–684



else freq=freq;
if weight=. then weight=0;
else weight=weight;
drop total freq;
run;
proc sql;
create table temp as
select *
from sch_nei_all, nei
where sch_nei_all.Nei_ID=nei.Nei_ID;
quit;
/ * 1 2 8 i s t h e t o t a l n u m b e r o f

neighborhoods*/
data sch_nei_wide;
array wei[128] w1-w128;
array Xscore[128] X1-X128;
mean_X=0;
do i=1 to 128 until (last.Sch_ID);
set temp;
by Sch_ID;
wei[i]=weight;
Xscore[i]=X;
mean_X=mean_X+wei[i]*Xscore[i];
end;
run;
data sch_nei_wide;
set sch_nei_wide;
drop i Nei_id weight X X1-X128 ;
run;
proc sql;
create table MM as
select *
from sch_nei_wide, sch
where sch_nei_wide.Sch_ID=sch.Sch_ID;
quit;
/************************************/
/*Section 2: Model Estimation*/
/*Estimate the 2(A)–>2(B) path using

Multiple Membership model*/
/*w1-w128 are the weight variables*/
/************************************/
proc mixed data=MM asycov covtest ;
model M = mean_X /solution ddfm=kr covb;
random w1 - w128/type=toep(1);
ods output solutionF=fix_mm;
run;
/*Estimate the 2(B)–>1 path using CCREM*/
proc mixed data=CC asycov covtest ;
class Sch_ID Nei_ID;
model y = M X /solution ddfm=kr covb;
random intercept /subject=Sch_ID;
random intercept /subject=Nei_ID;
ods output solutionF=fix_CC;

run;
/************************************/
/*Section 3: Compute indirect effect and

confidence intervals*/
/************************************/
PROC IML;
/*Collecting necessary model estimates

from fixed effects and G matrix*/
USE FIX_mm;
READ ALL VAR {EFFECT} INTO PARAMSmm;
READ ALL VAR {ESTIMATE} INTO ESTmm;
READ ALL VAR {STDERR} INTO SEmm;
aMM = ESTmm[2];
SEaMM=SEmm[2];
USE FIX_cc;
READ ALL VAR {EFFECT} INTO PARAMScc;
READ ALL VAR {ESTIMATE} INTO ESTcc;
READ ALL VAR {STDERR} INTO SEcc;
bCC = ESTcc[2];
SEbCC=SEcc[2];
/*Computing analytical CI*/
Eab = aMM*bCC;
V a b = ( a M M * * 2 ) * ( S E b C C * * 2 ) +

( b C C * * 2 ) * ( S E a M M * * 2 ) +
(SEaMM**2)*(SEbCC**2);

Ind_LCL = Eab—1.96*SQRT(Vab); *95%
Confidence limits;

Ind_UCL= Eab + 1.96*SQRT(Vab);
analytic=Eab||ind_LCL||ind_UCL;
C R E A T E a n a l y t i c F R O M

analytic[COLNAME={Indirect Ind_LCL_ANA
Ind_UCL_ANA}];

APPEND FROM analytic;
/*Compute Monte Carlo CI*/
Estimates=aMM||bCC;
zero={0};
A=SEaMM||zero;
B=zero||SEbCC;
L=A/B;
Z = rannor(J(1000,2,0)); *starts with

standard normal;
Sim_Est = Z*L + J(1000,1,1)*Estimates;
Sim_Ind = Sim_Est[,1]#Sim_Est[,2];
C R E A T E S i m _ i n d F R O M

Sim_ind[COLNAME={Indirect}];
APPEND FROM Sim_ind;
QUIT;
proc sort data=Sim_ind; by Ind; run;
data rank; set Sim_ind;
if _N_ = (.05/2)*1000 then output;
if _N_ = (1—.05/2)*1000 then output;
run;
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p r o c t r a n s p o s e d a t a = r a n k
out=ind_centiles prefix=Ind_MC_CL;

var Indirect; run;
data Indirect_result;
merge analytic ind_centiles ;
drop _name_;
run;
/************************************/
/*Section 4: Print out results*/
/*Fix_MM has estimates from the Multiple

Membership model*/
/*Fix_CC has estimates from the CCREM*/
/*Indirect_result has five columns*/
/*Col 1: Indirect effect; Col 2-3:

Analytical CI; Col 4-5: Monte Carlo CI*/
/************************************/
proc print data=Fix_mm;
proc print data=Fix_cc;
proc print data=indirect_result;
run;
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