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DEPENDENT EFFECT SIZES IN MASEM  

Abstract  

The objective of the present study was to examine whether different methods for dealing with 

dependency in meta-analytic structural equation modelling (MASEM) lead to different 

results. Four different methods for dealing with dependent effect sizes in MASEM were 

applied to empirical data, including: (1) ignoring dependency; (2) aggregation; (3) 

elimination; and (4) a multilevel approach. Random-effects two-stage structural equation 

modelling was conducted for each method separately, and potential moderators were 

examined using subgroup analysis. Results demonstrated that the different methods of dealing 

with dependency in MASEM lead to different results. Thus, the decision on which approach 

should be used in MASEM-analysis should be one that is carefully considered. Given that the 

multilevel approach is the only approach that includes all available information while 

explicitly modelling dependency, it is currently the theoretically preferred approach for 

dealing with dependency in MASEM. Future research should evaluate the multilevel 

approach with simulated data. 

Keywords: meta-analytic structural equation modelling, dependent effect sizes, meta-

analysis, structural equation modelling, subgroup analysis.    
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Meta-analytic structural equation modelling (MASEM) is an increasingly popular 

technique for summarizing findings from multivariate correlational research (Becker, 1992; 

Cheung & Chan, 2005; Viswesvaran & Ones, 1995). The goal of MASEM is to fit and 

interpret structural equation models in order to explain the (synthesized) correlations between 

variables. For most MASEM methods, the first step involves estimation of a synthesized 

correlation matrix based on the studies’ observed correlation matrices.  

An important assumption related to synthesizing effect sizes, is that each effect size is 

independent from each other (e.g., Cheung, 2019). In MASEM, this implicates that each study 

may only provide one correlation coefficient for each cell (each relationship between 

variables) in the correlation matrix. This assumption often does not hold as dependence 

among effect sizes can occur for a variety of reasons (e.g., Ahn et al., 2012). For instance, 

multiple informants (e.g., mother- and father-report on parenting practices) or multiple 

measurement occasions (e.g., pre- and post-test measures), will lead to multiple correlation 

coefficients for the same relationship in a study. Failure to properly deal with dependency can 

lead to over- or underestimation of the available information, which has important 

implications for the statistical inferences (Cheung, 2019; Moeyaert et al., 2017; Wilson et al., 

2016).  

Dependency of effect sizes is a very common issue in meta-analytic research (Cheung, 

2019; Moeyaert et al., 2017). There have been several (methodological) reviews on the 

occurrence of dependent effect sizes. A recent review of 28 meta-analyses from educational 

research found that 57% of the studies reported dependent effect sizes (Rios et al., 2020). This 

is similar to the findings of Ahn et al. (2012) whom found that of the 56 meta-analyses on 

educational research they reviewed, 62% reported multiple (dependent) effect sizes, and a 

review of 44 meta-analyses on randomized controlled trials reported that 70% of the studies 

included dependent effect sizes (Page et al., 2015).  
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Over time, several (ad hoc) solutions have arisen to overcome the issue of dependency 

in MASEM which have not always been justified or well-examined for their statistical 

properties (Wilson et al., 2016). The objective of the present study was to examine whether 

applying different methods for dealing with dependent effect sizes to empirical data leads to 

different results when conducting MASEM analysis. Four methods were compared, including:  

(1) ignoring dependency; (2) aggregation; (3) elimination; and (4) a recently developed 

multilevel approach by Wilson, Polanin and Lipsey (2016), further referred to as the WPL-

approach.  

The next section describes the concept of MASEM in more detail. The section 

thereafter further elaborates on the issue of dependency, and provides descriptions of the four 

methods for dealing with dependency, including a discussion of their (dis)advantages. The 

final section describes the application of the different methods for dealing with dependency to 

empirical data, including a comparison of the results.  

Meta-Analytic Structural Equation Modelling 

MASEM combines meta-analysis (MA) and structural equation modelling (SEM) and 

thereby overcomes some of the disadvantages of the separate techniques. SEM allows for 

testing of more complex research questions, and MA provides sufficiently large samples to 

test these complex theories in SEM with sufficient statistical accuracy. There are many 

different ways to combine MA and SEM, but most consist of two stages: (1) effect sizes from 

primary studies are synthesized to obtain a pooled correlation matrix; and (2) a structural 

equation model is fitted to the pooled correlation matrix from Stage 1 (e.g., Cheung & Chan, 

2005; Jak, 2015; Viswesvaran & Ones, 1995). MASEM can be conducted using two-stage 

structural equation modelling (TSSEM). TSSEM was first developed for fixed-effects models 

(Cheung & Chan, 2005) and later extended to fit random-effects models by including study-

specific random-effects (Cheung, 2014a), which is very similar to the GLS-approach by 
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Becker (1992, 1995). Nowadays, random-effects models are preferred, because fixed-effects 

models assume homogeneity of effect sizes which is often unrealistic (e.g., Cheung, 2014a; 

Yuan, 2016).  

In Stage 1 of TSSEM, the correlation coefficients are weighed by their sampling 

variance (vi) and study-level variance (τ2). The random-effects model for the correlation 

vectors 𝒓𝒓𝒊𝒊  = vechs(Ri) in the ith correlation matrix Ri is 

   𝒓𝒓𝒊𝒊 = 𝛒𝛒𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹 + 𝐮𝐮𝒊𝒊 + 𝛆𝛆𝒊𝒊     (1) 

with 𝛒𝛒𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹 as a vector of the means of the correlation coefficients over studies, 𝐮𝐮𝒊𝒊 

describing the study-specific random effects in study i, and 𝛆𝛆𝒊𝒊 the sampling deviation study i 

from its study-specific population coefficients, with Cov(𝐮𝐮𝒊𝒊) = T2 representing the estimated 

between-study variance and Cov(𝛆𝛆𝒊𝒊) = Vi representing the sampling covariance matrix in the 

ith study (Cheung, 2014a). The model is fitted using maximum likelihood (ML) estimation. 

In Stage 2, the structural equation model is fitted to the pooled correlation matrix R 

(consisting of the estimates of 𝛒𝛒𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹) of Stage 1 using weighted least squares (WLS) 

estimation. The weight matrix used in WLS-estimation is the inverse asymptotic covariance 

matrix of the Stage 1 estimates (Cheung & Chan, 2005). These weights ensure that correlation 

coefficients that are based on more information (on more studies and/or studies with larger 

sample sizes) get more weight in the estimation of the Stage 2 parameters. Since the between-

studies variance is filtered out at Stage 1, it does not play a direct role at Stage 2 (Cheung, 

2014a).  

Different Methods for Dealing with Dependent Effect Sizes in MASEM 

There are different ways for dealing with dependency of effect sizes in MASEM. 

When not properly dealt with, dependent effect sizes may lead to under- or overestimation of 

standard errors (SEs) of the average effect sizes, which could result in inflation of Type I 

errors or reduced statistical power (Cheung, 2019; López-López et al., 2017). In the following 
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section, the (potential) advantages and disadvantages of four different approaches for dealing 

with dependent effect sizes are described, including: (1) ignoring dependency; (2) 

aggregation; (3) elimination; and (4) the WPL-approach.  

Ignoring Dependency of Effect Sizes 

Ignoring dependency is a known-to-be incorrect strategy which is likely to bias results, 

to the extent that it threatens the validity of the inferences (Moeyaert et al., 2017; López-

López et al., 2018). For one, studies with just one effect size will have a smaller influence in 

the resulting average effect size than studies with multiple effect sizes, which may result in 

biased estimates (Cheung, 2014b; Van den Noortgate et al., 2013). Second, simulation studies 

showed that the estimated SEs of the average effect sizes are underestimated, resulting in an 

increased likelihood of significant results (i.e., inflation of Type I errors; López-López et al., 

2017; Moeyaert et al., 2017). One might incorrectly assume that the estimates are very precise 

and statistical inferences are more likely to be wrong (Cheung, 2019). The approach of 

ignoring dependency is a non-acceptable practice in meta-analysis and is merely presented in 

current study to emphasize its inappropriateness and underline its (negative) implications.   

Aggregation of Effect Sizes 

Aggregation is a commonly used approach which involves averaging dependent effect 

sizes within a study before pooling effect sizes across studies (Cheung & Chan, 2004; 

Cheung, 2014b; Marín-Martínez & Sánchez-Meca, 1999). There are different ways to 

aggregate effect sizes. One option is simple aggregation, which involves calculating the 

arithmetic mean. Simple aggregation may be appropriate when sample sizes are (close to 

being) equal and when it is likely that population effect sizes are the same (Marín-Martínez & 

Sánchez-Meca, 1999; Moeyaert et al., 2017). However, in practice, this is often unrealistic. 

Another option involves weighted aggregation. Here, effect sizes are averaged using 

some weighting scheme (e.g., by the inverse of the sampling variance; Marín-Martínez & 
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Sánchez-Meca, 1999; Moeyaert et al., 2017). Weighted aggregation essentially involves cell-

by-cell sub-meta-analyses. For each study that contributes multiple (dependent) effect sizes 

per cell, a pooled correlation matrix is estimated with a single pooled estimate within each 

cell (Wilson et al., 2016). An advantage of weighted aggregation – over simple aggregation – 

is that more weight is assigned to more precise estimates and less weight to less precise 

estimates.  

An advantage of aggregation – both simple and weighted – is that it is a relatively 

intuitive and simple procedure. Disadvantages of aggregation are that it ignores within-study 

variability (López-López et al., 2018), and the loss of information limits the possibility to 

examine characteristics that can be used to evaluate effect size variability (Wilson et al., 

2016). Also, a recent simulation study showed that the aggregation approach is too 

conservative, especially when the level of dependency is relatively low (Moeyaert et al., 

2017). Their results showed that SEs are overestimated, which could lead to an inflation of 

Type II errors.  

Thus, even though the aggregation approach is appealing and intuitive, given its 

disadvantages it is not considered a state-of-the-art approach for dealing with dependent effect 

sizes (López-López et al., 2018; Moeyaert et al., 2017; Wilson et al., 2016). 

Elimination of Effect Sizes 

With elimination, one effect size per study is randomly picked or chosen based on 

some a priori decision rule, resulting in independent effect sizes (Cheung, 2014b; Cheung, 

2019; Wilson et al., 2016). Randomly picking one effect size could be appropriate when effect 

sizes are assumed to be truly equivalent. However, this is a very strong assumption that rarely 

holds in practice. To test the assumption, one could conduct sensitivity analyses to compare 

results from the initial randomly picked effect sizes to another set of effect sizes (López-

López et al., 2018).  
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Elimination based on an a priori decision rule may be appropriate when there are 

substantive (or validity) considerations for preferring one effect size over the other. For 

example, if a study includes multiple measurements of child delinquency, if reliability is 

higher for self-reported delinquency than for parent-reported child delinquency, the effect-size 

pertaining to the self-report measure may be preferred. The disadvantages of elimination are 

similar to those of aggregation in that it affects statistical power and excludes the possibility 

to examine study characteristics that can be used to evaluate effect size variability.  

Additionally, if the effect size is chosen based on some a priori decision rule, the 

fixed-effect estimates will likely show some bias towards the characteristics of the decision 

rule (Cheung, 2019). For example, by choosing only the first measurement from longitudinal 

studies, one may bias the results to samples of younger ages. This may – depending on the 

specific association of interest – lead to systematically larger or smaller effects for the specific 

associations. Still, both with randomly picking or choosing an effect size, the resulting effect 

sizes will be less efficient, because information is lost. Thus, elimination may be appropriate 

when relevant to the research question, but it is an inappropriate method for solving 

dependency issues (Cheung, 2014b).  

WPL-approach 

Wilson et al. (2016) developed an approach to deal with dependency in MASEM 

which combines three-level meta-analysis and TSSEM. A three-level random effects meta-

analysis is used to account for dependency in which participants (Level 1) are nested within 

effect sizes (Level 2), and effect sizes within clusters (Level 3; Van den Noortgate et al., 

2013). Information from all available (dependent) effect sizes per study is incorporated in the 

pooled correlation matrix and dependency is explicitly modelled. 

The most important advantage of the WPL-approach is that all available information is 

incorporated, thus it does not reduce statistical power. Additionally, both within- and between 
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cluster variance are taken into account, allowing for examination of heterogeneity at different 

levels (Cheung, 2014b; Cheung, 2019). One potential disadvantage is that the approach is 

somewhat more complex and not yet widely used, thus may pose more of a challenge for 

researchers. However, examples of studies that incorporated the WPL-approach are available 

(e.g., Graf-Drasch et al., 2019; Loignon & Woehr, 2018).  

Empirical Application 

The empirical application examined whether using the four different methods for 

dealing with dependency in MASEM would lead to different results. In case no (or minor) 

differences are found, one could conclude that the differences are mainly theoretical with no 

important practical implications. Then, deciding on how to deal with dependency may be 

based on personal preferences. However, if (large) differences are found that affect statistical 

inferences, the decision on which method to use for dealing with dependency in MASEM is 

an important one and should be carefully considered.  

The next section describes the empirical application in further detail. To start, some 

background information is provided on the empirical data consisting of a meta-analysis on the 

intergenerational continuity of criminal behaviour.  

Background  

The intergenerational continuity of criminal behaviour has been well established. For 

instance, a meta-analysis found that children of criminal parents are at a two times higher risk 

for criminal behaviour themselves, than children of non-criminal parents (Besemer et al., 

2017). Explanatory mechanisms are not yet well studied, but from the literature potential 

explanations can be derived. A potential mechanism through which criminal parents affect 

their children may be that criminal parents use less efficient (or even problematic) parenting 

practices. Evidence for this comes from a longitudinal study that found that mothers with a 

history of antisocial behaviour show increased odds for problematic parenting behaviours, 
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when compared to mothers without a history of antisocial behaviour (Johnson et al., 2004). 

Finally, these problematic parenting practices are associated with child delinquency, with 

moderate associations between both behavioural control and parental support and child 

delinquency (Hoeve et al., 2009).  

The empirical application examined the underlying mechanisms through which 

parental crime is associated with child delinquency. It was hypothesized that the effect of 

parental crime on child delinquency was fully mediated by parental support and behavioural 

control. The hypothesized full mediation model was compared to a partial mediation model in 

which a direct effect of parental crime on child delinquency was added. Given that the 

hypothesized model involved a path model, MASEM was necessary for the analyses. 

Procedure 

Sample of Studies and Selection Criteria 

The selection of studies were derived from a meta-analysis on the relation between 

parenting practices and child delinquency (Hoeve et al., 2009), and an additional selection of 

studies (Silva Pinho, 2018; Van den Berg, 2018), which are part of a larger project ‘The 

potential mediating role of parenting on the intergenerational continuity of criminal 

behaviour’. The coding of studies and the manual search are still in progress, therefore a 

subset of studies was included in this study.  

Studies were selected using the following criteria: studies had to (1) focus on child 

delinquency, parental crime, and parenting behaviour; (2) involve Western samples; and (3) 

report on bivariate associations. Child delinquency and parental crime were operationalized as 

all behaviour prohibited by law. Broadly, parenting behaviours were defined such that all 

behaviours had to be directed at the child. Parental support includes all behaviour of the 

parent towards the child that makes the child feel comfortable and accepted. Behavioural 

control includes supervision, regulation and active monitoring (excluding child disclosure and 
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parental knowledge). Note that studies including negative support (e.g., rejection), and 

negative behavioural control (e.g., low supervision) were also included.  

The articles were screened and coded for effect sizes on: (1) parental crime and 

parenting behaviours; (2) parental crime and child delinquency; and (3) parenting behaviours. 

A more elaborate description of the search strategy, selection criteria, and the coding 

procedure can be found in the original meta-analysis of Hoeve et al. (2009), and the PRISMA 

flow diagram included in the Electronic Supplementary Material (ESM 1, Figure E3).  

Classification and Computation of Effect Sizes  

The Pearson product-moment correlation coefficient (r), further referred to as the 

correlation (coefficient), was used as the input effect size for the analyses, because this is the 

only effect size suitable for conducting MASEM. Primary studies often report on a variety of 

effect sizes, be it due to different reporting standards across disciplines, or differing nature of 

the variable included in the study (e.g., continuous versus categorical). The raw (non-

correlation) effect sizes were converted to correlation coefficients using methods and 

formulae provided by Lipsey & Wilson (2001) and Borenstein et al. (2009). A total of 18 

effect sizes were converted. 

The directions of effect sizes were coded such that a positive effect indicated higher 

levels (e.g., more occurrences, increased severity) of child delinquency or parental crime. In 

case primary studies reported effect sizes that were not in line with the hypothesis of current 

study, the effect sizes were reversed. For example, when support and behavioural control 

were negatively formulated, the effect sizes were reversed to indicate a negative association 

between the parenting behaviour and child delinquency.  

Statistical Analyses 

Evaluation of Publication Bias 
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 Publication bias was evaluated using three-level funnel plots (Fernández-Castilla et al., 

2020). The three-level funnel plot provides two graphs from which to evaluate publication 

bias: (1) a graph in which all effect sizes are plotted; and (2) a graph which plots the study-

specific effects (i.e., amount of effect sizes reported per study, including their variability) 

against their meta-analytic standard errors.  

Dealing with Dependent Effect Sizes 

The procedures of the four approaches for dealing with dependency are described in 

the following section.    

Ignoring Dependency. With ignoring dependency, no additional adjustments of the 

data or calculations were required. All effect sizes were included and treated as independent. 

Aggregation. With simple aggregation, the arithmetic mean was calculated (i.e., the 

average of all effect sizes within a study). With weighted aggregation, the dependent effect 

sizes within a study were weighed using the inverse of the sampling variance (Cheung, 

2014b). The sampling variance (𝑣𝑣𝑖𝑖) was estimated using  

𝑣𝑣𝑖𝑖 = (1 − 𝑟𝑟𝑖𝑖2)2/𝑛𝑛𝑖𝑖     (2) 

with 𝑟𝑟𝑖𝑖 representing the observed correlation coefficient of study i, and 𝑛𝑛𝑖𝑖 representing the 

sample size of study i (Olkin & Siotani, 1976). Using the effect sizes and sampling variances, 

sub meta-analyses were performed resulting in one (weighted) effect size per study.  

Elimination. With the elimination approach, one effect size per study was chosen 

based on a set of a priori decision rules. In case of multiple measurement occasions, only the 

effect size from the first measurement of child delinquency was included. In case of both a 

boy and a girl sample, the girl sample was chosen, because boys were overrepresented in the 

current sample of studies. In case of multiple samples or multiple informants, the sample or 

informant with the highest reliability was chosen. If no distinction could be made based on the 

described criteria, the first effect size that was reported was chosen.  
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WPL-approach. With the WPL-approach, the synthesized correlation matrix was 

estimated using a three-level hierarchical model, thereby accounting for the statistical 

dependencies (Van den Noortgate et al., 2013; Wilson et al., 2016). Each unique effect size is 

coded with a unique effect size ID, and the effect sizes are nested within studies. Wilson et al. 

(2016) provide a nice illustration of how a dataset with such structure may be organized.  

A random-effects no-intercept model was estimated using maximum likelihood (ML) 

estimation to synthesize correlations in each of the cells. Input required for the random-effects 

no-intercept model were the unique effect sizes and the variances of the effect sizes, which 

were calculated using simple sample size weighing (Schmidt & Hunter, 2014). Using a no-

intercept model allows for interpreting the regression coefficients as synthesized correlation 

coefficients, which are necessary for Stage 2 of the analysis. Also, the asymptotic covariance 

matrix of the pooled correlation matrix is available, which provides information on the 

precision of the pooled correlations (Wilson et al., 2016).  

Random-effect TSSEM Analysis 

The hypothesized model was tested using random-effects TSSEM (Cheung, 2014a), 

and was overidentified with 1 df. For the WPL-approach, Stage 1 involved estimation of a 

random-effects no-intercept model using ML estimation in which the effect sizes were nested 

within studies (Wilson et al., 2016). For the remaining approaches, a pooled correlation 

matrix was estimated in Stage 1 using ML estimation (Cheung, 2014a). The hypothesized 

model includes four variables, resulting in a pooled correlation matrix with six cells. Each cell 

contains a pooled estimate representing one of the associations of interest. In case the model 

did not reach convergence, the between-studies variance (τ2) was fixed at 0 for the 

associations that seemed to lack heterogeneity.  

The degree of heterogeneity was qualified using I2, which typically estimates how 

much of the total variance of effect sizes is due to between-study heterogeneity. Due to its 
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three-level nature, the WPL-approach has the additional benefit of evaluating heterogeneity 

on both the within- and between-study level. The following rules of thumbs are used, with an 

I2 of .25, .50, and .75 indicating low, medium, and high levels of heterogeneity, respectively 

(Higgins et al., 2003).  

At Stage 2, the hypothesized model was fitted on the pooled correlation matrix 

obtained at Stage 1 using weighted least squares (WLS) estimation (Cheung, 2014a). Model 

fit was evaluated using the chi-squared difference (Δχ2) test, using an α = .05 criterion for 

indicating significant discrepancy between the (saturated) partial mediation model and the 

(more parsimonious) full mediation model. Note that with the evaluation of model fit in SEM 

it is common to report  alternative fit indices (e.g., RMSEA, CFI), because the Δχ2-tests are 

known to be very sensitive to small discrepancies when working with large sample sizes (e.g., 

Barret, 2007). Therefore, the RMSEAs (including their 95% CIs) are reported, using the 

following guidelines for adequate- to good fit, respectively: RMSEA ≤ .08 and ≤ .05 (Hu & 

Bentler, 1998).    

Finally, the parameter estimates of the retained model were interpreted. Criteria used 

to evaluate the size of the effects were based on the guidelines provided by Funder and Ozer 

(2019, p. 166), with an r of .05 indicating a very small effect, r of .10 a small effect, r of .20 a 

medium effect, r of .30 a large effect, and r of .40 a very large effect. These guidelines were 

originally developed for interpreting the size of correlations coefficients, but are deemed 

appropriate for the interpretation of standardized parameter estimates.  

Moderator Analysis 

The (hypothesized) moderator involved the type of sample on which the effect size 

was based, being either a sample from the general community or a high-risk sample (e.g., a 

sample coming from high-crime neighbourhoods, an offender sample). The moderator 
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analyses were conducted using subgroup-analysis (Jak & Cheung, 2018), which tests whether 

the parameter estimates are equal across groups.  

The retained model was fitted to the pooled correlation matrices of each group 

separately. To test for subgroup differences, a model in which the parameter estimates were 

constrained to equality across groups was compared to a model without equality constraints. 

In case of a significant Δχ2-test, the constrained model fits significantly worse than the model 

without the equality constraints, which indicates that there are significant subgroup 

differences.  

Software 

Analyses were performed using R (version 3.5.1.; R Core Team, 2020) with the 

metafor package (version 2.4.0.; Viechtbauer, 2010) for Stage 1 of the WPL-approach, and 

the metaSEM package (version 1.2.4.; Cheung, 2015) for the MASEM and the subgroup 

analyses.  

Results 

Study Descriptives 

 The current sample of studies consisted of 140 manuscripts, with 114 unique samples 

and a total sample size of N = 163,709. Of the studies, 72.1% (k = 101) reported multiple 

(dependent) effect sizes. The studies contained a total of 764 effect sizes, see Table 1 for the 

number of effect sizes and the total sample sizes per association. There was an almost equal 

number of longitudinal (k = 68) and cross-sectional (k = 72) studies. Most studies were 

conducted with samples from North America (75%), with less studies conducted with 

European (22.9%) and Australian/New Zealand (2.1%) samples. With regard to sample type, 

70.7% were general community samples, 22.9% were high-risk or delinquent samples, and 

6.4% were other types of samples (e.g., combined samples of delinquents and non-
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delinquents). The studies included in the meta-analysis are listed in Table E1 (ESM 1), 

including some of their characteristics.   

Comparison of Results from the Different Approaches for Dealing with Dependency 

TSSEM Analysis 

Stage 1 analyses were conducted to allow for evaluation of heterogeneity of effect 

sizes and to obtain the pooled correlation matrices needed for Stage 2. With the simple- and 

weighted aggregation approaches, running the Stage 1 model led to some convergence issues 

which were likely due to the lack of heterogeneity in the associations between parental crime 

and support, and parental crime and behavioural control. Thus, with the aggregation 

approaches it seemed that the loss of information contributed to a lack of heterogeneity 

leading to convergence issues, which was not the case with the other approaches. 

Evaluation of I2 indicated large levels of heterogeneity (I2 = .94 to I2 = .97) for all 

approaches, with only small differences of .01 to .03. A benefit of the WPL-approach is the 

possibility to divide the overall heterogeneity into within- and between-cluster (i.e., studies) 

heterogeneity. Under the WPL-approach, 15% of the total variance was estimated to be due to 

between-study heterogeneity, and 81% due to within-study heterogeneity (with the remaining 

4% due to random sampling variance). Note that under the other approaches, one may 

incorrectly infer that variability of effect sizes is mainly due to differences between studies 

whereas the WPL-approach shows that most variability of effect sizes is due to differences 

within studies.  

Next, the pooled correlation matrices for all approaches were compared, which are 

presented in Table E2 (ESM 1). Some differences were found in the size of the estimated 

pooled correlations. For example, with the simple aggregation approach there is a large to 

very large association between support and behavioural control (r = .37), which is small to 

moderate with the WPL-approach (r =.15). Also, there were differences regarding the 
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significance of the associations. For example, the association between parental crime and 

behavioural control was non-significant with the WPL-approach, but significant for the other 

approaches. Figure 1 presents the pooled correlation estimates including their 95% confidence 

intervals (CIs) per approach. The width of the CIs of the ignoring dependency approach seem 

to be consistently smaller than the width of the CIs of the other approaches. In line with 

expectations, the ignoring dependency approach seems to overestimate the precision of the 

estimates, whereas the aggregation- and elimination approaches seem to underestimate their 

precision. Note that with the WPL-approach, the CIs of the associations coming from a larger 

number of effect sizes are also quite narrow, and wider in association coming from less effect 

sizes. This is to be expected, since a larger number of effect sizes should contribute to the 

precision of the estimates.  

In Stage 2, both the hypothesized full mediation model and the partial mediation 

model were fitted to the pooled correlation matrices obtained at Stage 1. Inferences regarding 

model comparison were similar for all approaches. Model comparison showed significant 

differences between the full mediation model and the partial mediation model, indicating that 

the (more parsimonious) full mediation model fit significantly worse than the (saturated) 

partial mediation model, with Δχ2 = 47.33, Δdf = 1, p < .001, for the ignoring dependency 

approach, Δχ2 = 25.17, Δdf = 1, p < .001, for the simple aggregation approach, Δχ2 = 28.23, 

Δdf = 1, p < .001, for the weighted aggregation approach, Δχ2 = 19.56, Δdf = 1, p < .001, for 

the elimination approach, and, lastly, Δχ2 = 156.01, Δdf = 1, p < .001, for the WPL-approach. 

Each approach of dealing with dependency showed good fit of the full mediation model with 

RMSEAs ranging from .01 to .03, with RMSEA = .01, 95% CI [.01, .01] for the ignoring 

dependency approach, RMSEA = .01, 95% CI [.01, .02], for the simple aggregation approach, 

RMSEA = .01, 95% CI [.01, .01] for the weighted aggregation approach, RMSEA = .01, 95% 

CI [.01, .02], for the elimination approach, and RMSEA = .03, 95% CI [.03, .03] for the 
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WPL-approach. Note that even though conclusions regarding model comparison are the same 

across approaches, the values of Δχ2-tests show seemingly large differences across 

approaches. Given the statistical power of the Δχ2-test, it may be that studies with smaller 

sample sizes would lead to different conclusions across the different approaches.  

Next, the parameter estimates of the partial mediation model were compared, which 

are presented in Table E3 (ESM 1). Overall, the parameter estimates were quite similar in size 

across the approaches. Small differences in the point estimates were found, ranging from 

0.003 to 0.071 For example, the effect of parental crime on child delinquency was small to 

moderate with the ignoring dependency approach (β = 0.16) and moderate with the weighted 

aggregation approach (β = 0.21). Also, differences were found regarding the statistical 

significance of effects. For example, the effect of parental crime on support was non-

significant with the weighted aggregation- and the WPL-approach, but significant with the 

other approaches. This may be explained by this effect coming from the least amount of 

information (i.e., coming from the smallest number of effect sizes) and because of the 

relatively large amount of within-study heterogeneity, which is only accounted for by the 

WPL-approach. Thereby, the precision of the estimates may be smaller than portrayed by the 

other approaches.  

Figure 2 presents plots of the parameter estimates including their 95% CIs. It seems 

that with ignoring dependency, the CIs of the parameter estimates are consistently smaller, 

which is in line with expectations. The CIs of the simple- and weighted aggregation-, and 

elimination approaches seem consistently larger than, except for the confidence intervals of 

the effects of the parenting behaviours on child delinquency (which come from the largest 

amount of effect sizes and largest sample sizes). Similar to the comparison of the pooled 

correlations, these results are somewhat in line with expectations. Again, it seems that the 

differences between the approaches are larger for effects coming from a smaller amount of 
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information, than for effects coming from a larger amount of information. This suggests that 

using the aggregation and/or elimination approach does not affect results as much if there is 

sufficiently large dataset, because then there will still be enough power.  

The differences found in the parameter estimates across methods are also reflected in 

the residual variances. The residual (co)variances of the partial mediation model are presented 

in Table E4 (ESM 1). The variance in child delinquency explained by the partial mediation 

model was 6.7%, 10.1%, 9.3%, 7.7%, and 8% across the ignoring dependency-, simple 

aggregation-, weighted aggregation-, elimination-, and the WPL approach, respectively. 

Figure 3 presents the final model estimated under the WPL-approach.  

Comparison of Results from the Moderator Analyses 

 Moderator analyses were conducted using subgroup analysis with sample type (i.e., 

general community versus high-risk) as the moderator. With the simple aggregation approach, 

it was not possible to conduct moderator analyses due to the lack of information for the 

association between parental crime and behavioural control for the general community 

subgroup. There were convergence issues when using the ignoring dependency approach for 

the high-risk subgroup. Additionally, with the weighted aggregation approach there were 

convergence issues for both subgroups. In both cases, the between-studies variances (τ2) for 

the associations between parental crime and support, and parental crime and behavioural 

control were fixed to 0.  

Subgroup analyses showed similar results across approaches, except for the ignoring 

dependency approach, Δχ2 = 15.37, Δdf = 5, p = .009. With the weighted aggregation-, Δχ2 = 

4.12, Δdf = 5, p = .532, elimination-, Δχ2 = 9.20, Δdf = 5, p = .101, and the WPL-approach 

Δχ2 = 2.10, Δdf = 5, p = .836, results showed no significant differences between the regression 

coefficients from the general community versus the high-risk subgroup.  

Evaluation of Publication Bias with the WPL-approach 
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Evaluation of publication bias was conducted using three-level funnel plots, which are 

presented Appendix C (ESM 1). Figure E1 (ESM 1) shows the graph in which all effect sizes 

are plotted. Visual inspection of the effect size plot shows one effect size in the lower-right 

part of the graph, whereas there is no result with similar precision at the lower-left part of the 

graph, which  may be a sign of publication bias. Figure E2 (ESM 1) shows the plot in which 

the study-specific effects are plotted against their meta-analytic standard errors. The study-

funnel plot shows some signs of asymmetry, especially in the bottom of the graph. 

Concluding from both graphs, there may be some signs of publication bias, which should be 

taken into account when interpreting the meta-analytic results.  

Discussion 

The aim of this study was to examine whether applying different methods for dealing 

with dependency to empirical data leads to different results when conducting MASEM 

analysis. The empirical application demonstrated that the different approaches for dealing 

with dependency in MASEM are not only theoretically different, but also lead to different 

results with important practical implications. An overview of the (dis)advantages of the four 

approaches is presented in Table 2.  

The most important differences lie in the SEs of the parameter estimates. The SEs of 

the parameter estimates with the ignoring dependency approach seemed consistently smaller, 

and the SEs of the aggregation- and elimination approaches seemed consistently larger. The 

SEs of the WPL-approach did not seem consistently higher or lower across the different 

associations, but, as one would expect, seemed to depend on both the amount of information 

available and the level of within- and between-study variability. Under- or overestimation of 

the SEs has important implications for statistical inferences. For instance, in present study, 

with the WPL-approach the effect of parental crime on parent support is not significant and 
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therefore may be removed from the model, whereas this effect was significant with the other 

approaches.  

Results from the subgroup analysis were also affected by the use of the different 

approaches for dealing with dependency. For one, with the simple aggregation approach it 

was not possible to conduct subgroup analyses due to the lack of information available on the 

variable of interest. Second, with the ignoring dependency approach, significant differences 

were found between the subgroups. Given that this was the only approach showing significant 

differences, this may have been the result of overestimated precision of the estimates. Thus, 

using different methods for dealing with dependency in MASEM also has important practical 

implications with regard to evaluation of (potential) moderators.  

These findings are in line with previous research. By ignoring dependency the 

available information was overestimated, thereby increasing the likelihood of Type I errors 

(Cheung, 2019; López-López et al., 2017; Moeyaert et al., 2017). Hereby, one may 

incorrectly infer that the estimates are very precise and that there are important subgroup 

differences. Therefore, ignoring dependency is deemed non-acceptable in meta-analytic 

research.  

With aggregation- and elimination of effect sizes, a lot of information was lost by 

reducing the available information to one effect size per study. Even though the parameter 

estimates seemed to show no specific bias, the standard errors were consistently larger, in 

comparison to the other approaches. Overestimation of the standard errors is problematic 

because it affects statistical power, thereby increasing the likelihood of Type II errors 

(Cheung, 2014b; Moeyaert et al., 2017). Given that most parameter estimates were significant 

in the current study, the loss of information did not seem to affect statistical inferences. 

However, this study had a relatively large dataset to work with. It may be the case that in 

meta-analyses with a smaller number of studies the lack of statistical power does affect results 
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and fails to identify a potential effect. Thus, using aggregation- and elimination of effect sizes 

may not be problematic if there is a sufficient amount of studies and the level of dependency 

is relatively low (Moeyaert et al., 2017). Still, aggregation- and elimination of effect sizes, 

even though simple and intuitive, is deemed suboptimal for dealing with dependency in 

MASEM because these are less efficient approaches.  

The WPL-approach showed no consistently higher or lower SEs across associations. 

One explanation for this may be the amount of within-study variability of effect sizes, which 

is not accounted for by the other approaches. The ability to account for within-study 

variability is another important benefit of the WPL-approach, as it gives a more accurate 

representation of the data. Accounting for both within- and between-study variability of effect 

sizes can lead to different inferences than when one can only examine between-study 

variability. In this study, with the ignoring dependency-, aggregation-, and elimination 

approaches, one would infer that there is large significant variability in effect sizes that is due 

to between-studies differences. However, the WPL-approach paints a very different picture 

and shows that most of the heterogeneity is due to within-study differences, with a moderate 

amount due to between-study differences.  

The WPL-approach is the only approach where all available information is included 

while also explicitly modelling dependency by nesting the effect sizes within studies (Van den 

Noortgate et al., 2013; Wilson et al., 2016). Because all the available information is used, 

statistical power is not affected. By nesting effect sizes within studies, the dependency is 

properly accounted for and therefore the precision of the estimates is not overestimated. 

Limitations of the WPL-approach are that is has not been evaluated in a simulation study, and 

that it is not yet frequently used in practice. However, the paper by Wilson et al. (2016) 

describes the procedure extensively and provides the syntax in the supplementary materials. 

Also, some examples are available (e.g., Graf-Drasch et al., 2019; Loignon & Woehr, 2018). 
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Based on the findings of the current study, the WPL-approach is the theoretically preferred 

approach for dealing with dependency in MASEM analysis. 

Strengths, Limitations, and Future Directions 

A strength of the current study is that – to the author’s knowledge – this study is the 

first to compare frequently used (ad hoc) methods for dealing with dependency in MASEM to 

the relatively new WPL-approach using empirical data. Additionally, this study aspires to 

facilitate reproducibility of the analyses. Given that the WPL-approach may be viewed as 

somewhat more complex, the authors have provided the data (incl. the code book; Stolwijk et 

al., 2021a) and the R-script (Stolwijk et al., 2021b) for the WPL-approach in PsychArchives. 

Combined with the extensive description of the procedure by Wilson et al. (2016), this should 

aid interested researchers in conducting MASEM-analysis using the WPL-approach to handle 

dependency. Lastly, this study gives a comprehensive overview of commonly used 

approaches for dealing with dependency and shows its pitfalls. Providing an overview of the 

(dis)advantages hopefully aids researchers to decide on an appropriate method.  

The current study is limited in that it offers a comparison based solely on empirical 

data and inferences can stretch not much further than to the specifics of the current dataset. 

However, from this practical application there is a basis from which to conduct a simulation 

study in order to examine the robustness of the WPL-approach under ideal and non-ideal 

conditions (e.g., Hallgren, 2013). For instance, it would be interesting to examine the effects 

of differences in the amount of overall heterogeneity that can be attributed to within- versus 

between-studies differences. Additionally, the level of dependency may be altered to evaluate 

the impact on the performance of the WPL-approach, relative to other approaches. Also, the 

minimum amount of studies necessary to conduct the WPL-approach should be examined.  

Conclusion 
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In summary, dependency is a non-avoidable issue in meta-analytic research. This 

study demonstrated that using different approaches for dealing with dependency in MASEM 

leads to different results, which can have important practical implications. Thus, the decision 

on which approach should be used in MASEM-analysis should be one that is carefully 

considered. Given that the WPL-approach is the only approach that includes all available 

information while explicitly modelling dependency, it is currently the theoretically preferred 

approach for dealing with dependency in MASEM. Future research should evaluate the 

multilevel approach with simulated data.  
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Table 1 

Number of Effect Sizes and Total Sample Size per Association 

 1 2 3 4 

1. Parental Crime  6,773 6,695 30,137 

2. Support 20  53,081 108,720 

3. Behavioural Control 11 171  87,275 

4. Child Delinquency 40 286 244  

Note. Number of effect sizes are shown below the diagonal, and sample sizes above the 

diagonal.  
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Table 2  

Overview of the (dis)Advantages of Different Approaches for Dealing with Dependent Effect Sizes in MASEM 

 Short description Advantages Disadvantages 

Ignoring 

Dependency 

Each effect size is treated as 

independent 

- Standard errors are underestimated 

(affecting Type I errors; López-López et al., 

2017; Moeyaert et al., 2017); 

Studies with less effect sizes contribute less 

to the resulting pooled estimate, than those 

with multiple effect sizes (Cheung, 2014b; 

Van den Noortgate et al., 2013). 

Aggregation Simple:  Calculate the 

arithmetic mean. 

Relatively simple and intuitive approach. Standard errors are overestimated (affecting 

Type II errors; Moeyaert et al., 2017); 

Weighted:  Average the effect size 

using some weighting 

scheme. 

Advantage of weighted- over simple 

aggregation is that more weight assigned 

to more precise estimates than less 

precise estimates. 

Loss of information limits the ability to 

examine effect size variability; 

Too conservative when level of dependency 

is relatively low (Moeyaert et al., 2017); 

Ignores within-study variability (López-

López et al., 2018). 
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Elimination One effect size per study is randomly 

picked or chosen based on some a 

priori decision rule. 

Elimination based on an a priori 

decision rule may be appropriate when 

there are substantive (or validity) 

considerations.  

Similar to those of aggregation; 

Elimination based on an a priori decision 

rule is likely to result in some bias towards 

the characteristics of the decision rule 

(Cheung, 2019). 

WPL-

approach 

Thee-level random-effects meta-

analysis allows for effect sizes to be 

nested within studies. 

All available information is 

incorporated; 

Approach is somewhat more complex; 

More research needed to identify the 

strengths and weaknesses of the approach. 

Moderator analysis only available for 

grouping variables 

Dependency is explicitly modelled; 

Examination of effect size variability is 

possible at both the within- and between-

study level (Cheung, 2019). 
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Figure 1 

Pooled Correlations including their 95% CIs for each Association per Approach of Dealing 

with Dependency  

 

Note. IGN = ignoring dependency; SAGG = simple aggregation; WAGG = weighted 

aggregation; ELIM = elimination; WPL = WPL-approach. 
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Figure 2 

Parameter Estimates of the Partial Mediation Model including their 95% CIs for each Effect 

per Approach of Dealing with Dependency 

 

Note. IGN = ignoring dependency; SAGG = simple aggregation; WAGG = weighted 

aggregation; ELIM = elimination; WPL = WPL-approach.   
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Figure 3 

Partial Mediation Model with Parameter Estimates including their 95% CIs 

 

Note. Standardized parameter estimates are presented, with their corresponding 95% 

confidence intervals between the brackets. 

* p < .05. ** p < .01.*** p < .001. 
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Electronic Supplementary Material for 
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Zeitschrift fur Psychologie. https://doi.org/10.1027/2151-2604/a000485 

Appendix A: Studies Included in the Meta-Analysis 

Table E1 

Characteristics of the Studies Included in the Meta-analysis 

Study Sample N Mage % 

boys 

Sample 

type 

# effect 

sizes 

Aaron & Dallaire (2010) 1 857 12.4 52 2 2 

2 670 14.4 52 2 2 

Adams (2001)  932 12.5 50 1 3 

Allen et al. (2005)  179 13 47 1 2 

Baldry & Farrington (2000)  238 12.7 53 1 1 

Banyard et al. (2006)  980 14.5 48 1 3 

Barberet et al. (2004) 1 1,836 17.5 100 1 1 

2 1,855 17.5 0 1 1 

Barnow et al. (2005)  168 14.5 48 1 4 

Bean et al. (2006)  202 13.9 54 2 2 

Bowman et al. (2007) 1 54 16.5 100 1 3 

2 81 16.4 0 1 3 

Brauer (2011)  1,919 11 50 1 4 

Brenden et al. (2001)  516 17 100 1 2 

Burton et al. (1995)  263 16.4 48 1 5 

Byrnes et al. (2011) 1 415 13.3 44 1 1 

2 372 13.9 44 1 1 

Caldwell et al. (2006)  95 15.3 100 2 2 

Campbell (1987)  64 15.5 0 1 1 

Capaldi et al. (2003) 1 49 13.5 100 2 1 

2 49 15.5 100 2 1 

https://doi.org/10.1027/2151-2604/a000485
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Cernkovich et al. (1987)  824 15.3 49 1 7 

Chapple (2003)  926 15.9 49 1 3 

Chhangur et al. (2015) 1 308 17.4 47 1 1 

2 308 16.4 47 1 1 

3 308 14.4 47 1 1 

4 308 15.4 47 1 1 

5 308 13.4 47 1 1 

Chung & Steinberg (2006)  488 15.5 100 2 3 

Conrad (2015)  766 12 50 1 1 

Cook (2009)  88 15.3 67 3 1 

Coughlin & Vuchinich (1996)  194 17 100 2 3 

Crane (2010)  688 14.9 46 1 2 

Criss (2002)  412 17 49 1 29 

Crosswhite-Gamble (2006)  736 15 50 1 87 

Dawes (1976)  619 16 50 2 1 

De Kemp et al. (2004) 1 520 12,3 50 1 2 

2 520 12,9 51 1 2 

3 520 13,5 51 1 2 

De Vries et al. (2016)  102 15.5 70 2 3 

Deutsch et al. (2012) 1 5,973 15.9 50 1 1 

2 2,277 16.1 48 1 1 

Dishion et al. (2004) 1 142 9,5 100 2 1 

2 142 23,5 100 2 1 

Dishion et al. (1991)  206 10 100 3 2 

Dodge et al. (2008) 1 754 6 50 3 2 

2 754 10 50 3 4 

Eaton et al. (2009) 1 240 15.2 100 3 2 

2 335 15.2 0 3 2 

Edens et al. (2008)  76 15.6 100 2 1 

Estevez et al. (2005)  983 13.7 47 1 6 

Evans et al. (2012) 1 381 11 0 1 1 

2 323 11 100 1 1 

3 381 13 0 1 1 
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4 323 13 100 1 1 

Farrington et al. (2001)  1,395 NA 100 1 2 

Farrington et al. (2002)  421 17.8 100 2 1 

Farrington et al. (2015)  400 21 100 1 2 

Finkenauer et al. (2005)  1,355 12.3 52 1 5 

Flannery et al. (1999) 1 608 12.7 100 1 2 

2 562 12.7 0 1 2 

Fletcher et al. (2004) 1 2,568 15.9 46 1 5 

2 2,568 16.9 46 1 3 

Gainey et al. (1997)  101 11.4 57 2 2 

Gault-Sherman (2012) 1 12,505 14.8 50 1 7 

2 12,505 15.8 50 1 13 

Giever (1996)  422 15 NA 1 1 

Gold et al. (2011)  112 15.6 80 2 1 

Gray-Ray & Ray (1990) 1 215 15 100 2 1 

2 78 15 100 2 1 

Griffin et al. (2000)  228 11.5 50 1 1 

Guimond et al. (2016) 1 163 13.5 48 1 2 

2 163 14.5 48 1 1 

Haapasalo (2000)  78 NA 100 2 2 

Hair et al. (2008)  4,671 18 51 1 6 

Halgunseth et al. (2013)  324 14 50 1 1 

Harris et al. (2017) 1 2,775 15 50 1 2 

2 2,867 15 50 1 4 

3 2,706 15 51 1 6 

4 2,150 15 51 1 8 

Hay (2001)  197 15.4 52 1 2 

Hay (2003)  182 15.4 48 1 3 

Haynie (2003)  5,477 15.1 0 1 1 

Heaven (1994) 1 136 14 100 1 4 

2 146 14 0 1 4 

Heaven et al. (2004)  276 15.3 68 1 4 

Henneberger et al. (2013)  364 15.8 68 1 1 
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Henneberger et al. (2014)  517 14 0 1 1 

Herman et al. (1997) 1 2,850 15.1 49 1 3 

2 2,850 16.1 49 1 3 

Herrenkohl et al. (2000) 1 703 18 51 1 1 

2 715 18 51 1 2 

3 720 18 51 1 2 

Herrington (2015)  213 94.4 2 1 1 

Hill & Atkinson (1988) 1 1,294 16 100 1 8 

2 1,374 16 0 1 8 

Hoeve et al. (2011) 1 330 17.2 50 1 4 

2 301 23 44 1 4 

Hoeve et al. (2007) 1 506 22.5 100 1 1 

2 394 23 100 1 1 

Intravia et al. (2012)  1,675 13.8 50 1 2 

Janssen et al. (2016) 1 580 13.9 52 1 2 

2 539 15.9 52 1 2 

Johnson (1987) 1 353 15.5 0 1 2 

2 357 15.5 100 1 2 

3 710 15.5 50 1 2 

Jones et al. (2000)  50 19.2 58 1 4 

Jug (2015)  264 17.2 41 1 4 

Juras (2004)  452 12.9 53 1 1 

Keijsers et al. (2010) 1 289 14 48 1 4 

2 289 15 48 1 8 

Keijsers et al. (2012)  497 13 57 2 2 

Kerr et al. (1999) 1 593 14 100 1 2 

2 593 14 0 1 2 

Kjellstrand & Eddy (2011) 1 655 10.2 49 2 1 

2 655 13.9 49 2 1 

3 655 15.7 49 2 2 

4 655 NA NA 2 4 

Krohn & Massey (1980)  2,053 15 NA 1 2 

Krohn et al. (1992)  947 13.5 74 2 16 
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Kupanoff (2002)  202 15.8 27 3 8 

Kwon & Wickrama (2014)  407 14.6 46 1 6 

Lahlah et al. (2013)  364 16.5 100 2 4 

Lahlah et al. (2014) 1 365 15.7 100 2 16 

2 112 16.1 100 2 16 

Laible et al. (2016)  987 15 50 1 1 

Larzelere & Patterson (1990)  180 13 100 2 4 

Loukas et al. (2007) 1 216 12 100 2 2 

2 238 13.4 0 2 2 

Luo (2000)  217 14.7 53 1 1 

Mak (1994) 1 405 15.6 100 1 2 

2 387 15.6 0 1 2 

Manders et al. (2006)  140 14.4 49 1 2 

Mann et al. (2015)  470 15.6 52 1 1 

Mason (1996) 1 148 13.4 36 1 2 

2 148 14.4 36 1 2 

Mathis (2013)  2,722 13.3 52 1 35 

McCord (1991)  232 18 100 1 1 

Mulvey et al. (2010)  1,119 NA 100 2 4 

Murray et al. (2007)  15,117 NA 51 1 1 

Nijhof et al. (2009)  577 12.5 80 2 1 

O’Connor & Dvorak (2001) 1 141 17.1 100 1 3 

2 261 17.1 0 1 3 

Park et al. (2010)  2,522 19 51 1 1 

Paschall et al. (2003) 1 2,117 15.6 100 1 3 

2 2,117 16.6 100 1 2 

Patouris et al. (2016)  199 16.4 49 1 2 

Patterson et al. (1985)  133 15.8 100 1 6 

Peterson (2002) 1 1,536 12.1 0 1 1 

2 1,536 12.1 0 1 1 

Pettit et al. (2001)  440 51 52 1 6 

Prinzie et al. (2004)  599 7.9 51 1 2 

Rankin & Kern (1994)  1,395 14.4 52 1 8 
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Ray et al. (2017)  1,216 16.3 100 2 2 

Roberts (2002)  424 20.3 45. 3 2 

Samaniego & Gonzalez (1999)  214 13.5 43 1 3 

Sampson & Laub (1994)  1,000 14.7 100 3 4 

Scholte (1999)  115 21 75 2 3 

Simon et al. (2007) 1 673 10.5 46 1 6 

2 673 12.5 46 1 3 

Simons et al. (1989) 1 307 15 50 3 3 

2 307 16 50 3 3 

Skinner (2000)  109 15 45 1 6 

Spano et al. (2009) 1 1,544 15 51 2 4 

2 1,544 16 51 2 4 

Stewart et al. (2002) 1 407 13.5 46 1 1 

2 407 15.5 46 1 2 

Svensson et al. (2013)  843 14.5 55 1 1 

Tilton-Weaver (2014) 1 874 13.7 50 1 4 

2 874 14.7 50 1 9 

Torrente & Vazsonyi (2012)  653 17 43 1 4 

Unnever et al. (2006)  2,472 12.5 50 1 3 

Van der Graaff et al. (2012) 1 323 14.3 49 1 2 

2 323 15.3 49 1 2 

Van Voorhis et al. (1988)  152 16.4 53 1 7 

Van Vugt et al. (2016)  462 7.46 100 1 3 

Vazsonyi & Flannery (1997) 1 743 12.8 50 1 3 

2 278 12,8 52 1 3 

Vazsonyi et al. (2008) 1 687 15.7 46 1 8 

2 1,812 16.5 49 1 8 

Vazsonyi et al. (2016) 1 239 14 53 1 3 

2 130 14.7 52 1 3 

Vega et al. (1993)  1,843 12.5 NA 1 1 

Vitaro et al. (2000)  567 13.5 100 1 3 

Walker-Barnes & Mason (2001)  300 14.6 55 1 3 

Walters (2014)  4,897 9 52 1 1 
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Weintraub & Gold (1991)  1,300 14.5 50 1 2 

Wells & Rankin (1988)  1,830 16 100 1 6 

Werner & Silbereisen (2003) 1 120 14.6 100 1 2 

2 120 15.6 100 1 2 

3 128 14.6 0 1 2 

4 128 15.6 0 1 2 

Williams & Steinberg (2011)  1,062 16.4 86 2 4 

Wissink et al. (2006) 1 83 14.4 47 1 1 

2 33 14.4 47 1 1 

3 106 14.4 47 1 1 

4 319 14.4 47 1 1 

Wolfe & Shoemaker (1999)  127 15.8 78 2 4 

Wolff & Crockett (2011) 1 7,748 14.9 50 1 2 

2 7,748 15.9 50 1 2 

Worthen (2011) 1 638 15.3 100 1 8 

2 678 15.3 0 1 8 

3 1316 15.3 48 1 8 

Wright & Cullen (2001)  1,526 17.5 48 2 13 

Note. N = sample size based on the juveniles; Mage = mean age of the juveniles when child 

delinquency was measured; % boys = based on number of male children in the sample; 

Sample type: 1 = sample of individuals not at-risk for delinquent behaviour, 2 = sample of 

individuals at-risk for delinquent behaviour, 3 = other (e.g., combined samples of delinquents 

and non-delinquents); # effect sizes = number of effect sizes (i.e., correlation coefficients) that 

were included in the current study.
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Appendix B: Additional Results 

Table E2  

Pooled Correlation Matrices for all Variables per Approach of Dealing with Dependency 

 1 2 3 4 
 Approach: Ignoring Dependency 
1. Parental Crime 
 

– .008 .012 .022 

2. Support -.051*** 

[-.067, -.034] 
– .015 .007 

3. Behavioural Control -.055*** 
[-.078, -.032] 

.185*** 
[.155, .214] 

– .009 

4. Child Delinquency .169*** 
[.125, .212] 

-.157*** 
[-.171, -.144] 

-.162*** 
[-.180, -.144] 

– 

 Approach: Simple Aggregation 
1. Parental Crime 
 

– .019 .030 .040 

2. Support -.087*** 
[-.124, -.050] 

– .050 .016 

3. Behavioural Control -.059* 
[-.118, -.001] 

.365***  
[.267, .464] 

– .018 

4. Child Delinquency .224*** 
[.146, .303] 

-.193***  
[-.225, -.162] 

-.208***  
[-.244, -.173] 

– 

 Approach: Weighted Aggregation 
1. Parental Crime 
 

– .033 .021 .039 

2. Support -.064+ 
[-.129, .001] 

– .034 .013 

3. Behavioural Control -.071*** 
[-.112, -.031] 

.272*** 
[.206, .339] 

– .015 

4. Child Delinquency .227*** 
[.151, .303] 

-.169***  
[-.193, -.144] 

-.186***  
[-.216, -.156] 

– 

 Approach: Elimination 
1. Parental Crime 
 

– .021 .018 .034 

2. Support -.055** 
[-.095, -.015] 

– .034 .013 

3. Behavioural Control -.074*** 
[-.109, -.039] 

.273***  
[.206, .341] 

– .017 

4. Child Delinquency .170*** 
[.103, .236] 

-.180***  
[-.206, -.155] 

-.191***  
[-.224, -.157] 

– 

 WPL-approach 
1. Parental Crime 
 

– .037 .045 .027 

2. Support -.016 
[-.089 .057] 

– .015 .011 

3. Behavioural Control -.028 .150***  – .012 
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[-.116, .061] [.121, .178] 
4. Child Delinquency .190*** 

[.138, .243] 
-.162***  

[-.183, -.141] 
-.163***  

[-.187, -.140] 
– 

Note. The pooled correlation estimates including their 95% confidence intervals are presented 

below the diagonal, the corresponding standard errors are presented above the diagonal. 

+ p < .10. * p < .05. ** p < .01. *** p < .001.
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Table E3 

Parameter Estimates of the Partial Mediation Model including their 95% CIs per Approach of Dealing with Dependency 

Note. β = regression coefficient; CI = confidence interval. 

+ p < .10. * p < .05.  ** p < .01. *** p < .001. 

 Ignoring Dependency Simple Aggregation Weighted Aggregation Elimination WPL-approach 

 β 95% CI β 95% CI β 95% CI β 95% CI β 95% CI 

Parental Crime – 

Support 

-0.051 

*** 

[-0.067, -0.034] -0.087 

*** 

[-0.124, -0.050] -0.064 

+ 

[-0.129, 0.001] -0.055 

** 

[-0.095, -0.015] -0.016 

 

[-0.045, 0.013] 

Parental Crime – 

Behavioural Control 

-0.055 

*** 

[-0.078, -0.032] -0.059 

* 

[-0.118, -0.001] -0.071 

*** 

[-0.112, -0.031] -0.074 

*** 

[-0.109, -0.039] -0.028 

* 

[-0.049, -0.006] 

Parental Crime – 

Child Delinquency 

0.155 

*** 

[0.111, 0.199] 0.205 

*** 

[0.125, 0.285] 0.209 

*** 

[0.132, 0.286] 0.152 

*** 

[0.085, 0.219] 0.184 

*** 

[0.158, 0.210] 

Support – 

Child Delinquency 

-0.125 

*** 

[-0.140, -0.110] -0.120 

*** 

[-0.163, -0.077] -0.117 

*** 

[-0.150, -0.084] -0.133 

*** 

[-0.164, -0.102] -0.138 

** 

[-0.230, -0.047] 

Behavioural Control – 

Child Delinquency 

-0.130 

*** 

[-0.150, -0.111] -0.152 

*** 

[-0.198, -0.107] -0.139 

*** 

[-0.175, -0.103] -0.143 

*** 

[-0.181, -0.105] -0.138 

*** 

[-0.193, -0.082] 
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Table E4  

Residual (co)Variances of the Partial Mediation Model including their 95% CIs per Approach of Dealing with Dependence 

Note. ψ = residual (co)variance; CI = confidence interval.

 Ignoring Dependency  Simple Aggregation Weighted Aggregation Elimination WPL-approach 

 Residual Variances 

 ψ 95% CI ψ 95% CI ψ 95% CI ψ 95% CI ψ 95% CI 

Support 1.00 [1.00, 1.00] .99 [.99, 1.00] 1.00 [.99, 1.00] 1.00 [.99, 1.00] 1.00 [1.00, 1.00] 

Behavioural Control 1.00 [.99, 1.00] 1.00 [.99, 1.00] 1.00 [.99, 1.00] .99 [.99, 1.00] 1.00 [1.00, 1.00] 

Child Delinquency .93 [.92, .95] .90 [.86, .93] .91 [.88, .94] .92 [.90, .95] .92 [.89, .95] 

 Residual Covariances 

Support – 

Behavioural Control 

.18 [.15, .21] .36 [.26, .46] .27 [.21, .33] .27 [.20, .34] .15 [.08, .22] 
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Appendix C: Evaluation of Publication Bias 

Figure E1 

Funnel Plot of All Effect Sizes 

 
Note. Each dot represents one effect size.  
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Figure E2 

Study-Funnel Plot  

 
Note. Each dot represents a study. The size of the dots is proportional to the number of effect 

sizes reported in the study. 
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Appendix D: PRISMA Statement 

 
 
The data was collected by Hoeve et al. (2009), Silva Pinho (2017), and Van den Berg 

(2018). Four databases were searched, including: PsycINFO, ERIC, Sociological Abstracts, 

and Criminal Justice Abstracts. The following script was written for PsycINFO and adjusted 

for the other databases. 

#1 parenting  

parental involvement/ OR parenting style/ OR parenting skills/ OR transgenerational patterns/ OR 

(parenting OR child?rearing OR parent* influenc* OR parent* style* OR ((parent* OR mother* 

OR maternal OR father* OR paternal) ADJ3 (acceptance OR authorita* OR control* OR 

discipline OR disclosure OR harsh OR knowledge OR monitoring OR neglect OR permissive* 

OR rejection OR supervision OR support OR warmth)) OR intergeneration* OR second 

generation* OR transgenerat*).ti,ab,id.  

#2 child delinquency  

juvenile delinquency/ OR juvenile justice/ OR ((child* OR adolesc* OR youth* OR juvenile) 

ADJ3 (delinq* OR devian* OR crim* OR offend*)).ti,ab,id.  

#3 parental delinquency  

((parent* OR mother* OR maternal OR father* OR paternal) ADJ3 (delinq* OR devian* OR 

crim* OR offend*)).ti,ab,id.  

Combination of search scripts  

(1 AND 2) OR (1 AND 3) OR (2 AND 3)  
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Figure E3  

PRISMA flow diagram for the selection of studies for the project ‘The potential mediating 

role of parenting on the intergenerational continuity of criminal behaviour’. 

 
Note. Derived from “A Comparison of Meta-analytic Structural Equation Modeling and 

Univariate Meta-analysis: An application in forensic child and youth care services 

[Unpublished master’s thesis]”, by T. van den Berg, 2019. 

 

 


