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across all 100 studies. Frequency distributions were performed on categorical variables,
namely the intervention program. Measures of central tendency (i.e., means, standard
deviations, medians, minimum values, maximum values, range, skewness, kurtosis, and
standard errors) were computed for continuous variables in the analysis: Interpersonal
skills, cognitive ability, beliefs, and youth violence. In addition to frequency distributions
and measures of central tendency, scatterplots and histograms were plotted to assess
normality. All descriptive statistics and plotting show evidence of variable normality.

In addition to plotting raw data, the global effect sizes were plotted to visualize
data distributions. As expected, based on population parameters set during data
simulation, the global effect size for the first type of mediator, interpersonal skills,
showed the lowest global effect size while the third mediator type, beliefs, showed the
highest. The second mediator type, cognitive ability, had an effect size between the two.

Figure 5 shows a boxplot of these plotted global effect sizes. This pattern is expected to

Figure 5. Global effect sizes by mediator type.
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appear in the final mediation meta-analysis with regards to predicting which mediator
type is associated with the largest effect size.

Effect Size Weighting, Averaging, and
Testing

Because the simulated data were based on the same sample size of 200
participants from each of the respective 100 studies, it is not necessary to weight each of
the calculated effect sizes prior to final analyses. This is a crucial step for meta-analysts
with varying sample sizes, however, because results from studies with larger sample sizes
may be influenced by sampling error and should be given more emphasis in the analysis

to increase the precision and accuracy for estimating effect sizes (Card, 2012).

Evaluating Publication Bias

This step was also not needed due to the nature of the simulated data. However,
this does not mitigate the importance of this step in the quantitative and theoretical
framework of this approach. Meta-analysts should take multiple steps to reduce the
potential for publication bias, as discussed in the quantitative foundations of this article,
including methods suggested by Light and Pillemer (1984) and Duval and Tweedie

(2000), for example.

Final Mediation Meta-Analysis
To determine what types of program mediators are associated with the largest
effect sizes, a univariate mixed effects model was estimated in RStudio using the

“metaphor” package (Viechtbauer, 2010). This package provides functions for
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performing univariate and multivariate meta-analyses for fixed-, random-, and mixed-
effects models. Within each study (i.e., replication), each mediator was dummy-coded
according to mediator type (0 = interpersonal skills, 1 = cognitive abilities, or 2 =
beliefs). The interpersonal skills mediator was selected as the reference group because it
was expected to have the lowest effect sizes of the three types of mediators (see Figure
5). Mediator type was then used to predict the global mediated effect size.

To determine the amount of heterogeneity in the true beta estimates, the 12 statistic
was analyzed as recommended by Higgins and Thompson (2002). The 12 indicates that,
with mediator type as a moderator in the mixed effects model, only 10% of the total
variation in the effect sizes is due to between-study differences. R? is used to measure the
degree of prediction of the moderators. In this model, mediator type explained 99.58% of
the variance in the global effect sizes according to the R? statistic. The model coefficients
indicate that the third mediator, beliefs, predicted the highest global effect size, followed
by the second mediator, cognitive ability. The reference mediator, interpersonal skills,
predicted the lowest global effect size, as expected based on the simulated parameters.
The (unstandardized) regression coefficients, standard errors, z-values, 95% confidence
intervals for the estimates, and p-values for the univariate mixed effects model are found

in Table 1.



Table 1

Univariate Mixed Effects Model

B Standard Cl Cl
Predictor Estimate error (SE) z-value (Lower) (Upper) p-value
Intercept .026 .003 9.936 .020 .033 <.0001
Cogpnitive ability 227 .008 29.114 211 242 <.0001
Beliefs 470 011 44,829 450 491 <.0001

Note. Reference mediator (intercept) is interpersonal skills. 95% confidence intervals.
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moderators) predict Action Theory Success and Conceptual Theory Success because it

reveals for whom interventions work and why.

Broader Impacts and Implications

Mediation models are often studied in individual-sample tests of program effects
whereas the proposed framework contributes to program evaluation theory by offering an
approach to meta-analytically investigating these mediation models. This approach
summarizes mediated effects by introducing a process-based, theoretical model into the
meta-analytic evidence base. This framework has the potential to advance not only
prevention science and program evaluation theory but other areas of health research and
prevention because it specifies a meta-analytic framework applicable to program
evaluation studies that test mediating pathways.

This framework serves as a building block to answer the first of many important
questions when it comes to synthesizing and summarizing mediated effects across
program evaluation studies. This article gives researchers a structured guide for
uncovering the types of program mediators associated with the largest effect sizes and
bolsters suggestions for advancing the novel mediation meta-analytic evidence base.
Future research recommendations will lead to answering critical meta-analytic research
questions, such as, when do mediators matter most or under what conditions do mediators
matter most? These types of questions are imperative to fully understanding what truly
occurs in the so called “black box” of program evaluation research.

Determining what types of program mediators are associated with the largest
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effect sizes has the power to expose the most critical actions that practitioners and
policymakers can make to prevent specific youth risk behaviors or outcomes. By creating
more effective programs, risky outcomes can be properly targeted and confronted. This is
substantively important because this framework can be applied in multiple contexts of
research and program evaluation, which aids in decisions centered around supporting
youths’ well-being and informs programs on what works for preventing or intervening

youth risk outcomes.
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Appendix A

Monte Carlo Simulation Syntax
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TITLE: Mediation Meta-Analysis Data Generation
Model with 3 mediators, 1 independent, 1dependent

MONTECARLDO:

NAMES ARE X M1-M3;
CUTPOINTS = x(0);
NOBSERVATIONS = 200;
NREPS = 100;

SEED = 84321;

REPSAVE = ALL,;

SAVE = rep*.dat;

MODEL POPULATION:
[X @ 0];

X @ .25;

[M1-M3 @ 0];

M1 @ .98;

M2 @ .87;

M3 @ .74,

[Y @ 0];

y @ .915;

M1 ON X @ .283 (al);
M2 ON X @ .721 (a2);
M3 ON X @ 1.02 (a3);
Y ON M1 @ .14 (bl);
Y ON M2 @ .36 (b2);
Y ON M3 @ .51 (b3);
Y ON X @ .283 (cpri);

MODEL.:

M1 ON X * .283 (al);
M2 ON X *.721 (a2);
M3 ON X * 1.02 (a3);
Y ON M1 * .14 (bl);
Y ON M2 * .36 (b2);
Y ON M3 * .51 (b3);
Y ON X *.283 (cpri);

MODEL INDIRECT:
Y IND X;

Output:tech9;

36



Appendix B

R Code
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|. LOAD PACKAGES

library(tidyverse)
library(pander)
library(magrittr)
library(purrr)
library(broom)
library(haven)
library(lavaan)
library(MBESS)
library(1tm)
library(stargazer)
library(furniture)
library(psych)
library(ggm)
library(semTools)
library(metafor)
library(ggplot2)
library(readbulk)

Il. LOAD DATA

Import, Save, and Combine Data from MPlus

data_raw_nest <- data.frame(REP = paste@("rep", 1:100)) %>%
dplyr::mutate(file = paste@("mplus_datasets/", REP, ".dat")) %>%
dplyr::mutate(data = map(file,
read.table,
header = FALSE,
col.names = c("M1", "M2", "M3", "Y", "X")))
%>%
dplyr::select(-file)

Unnest data

data_full <- data_raw_nest %>%
unnest(data) %>%
dplyr::select(REP, X, M1, M2, M3, Y)

Open/View Data

head(data_full) %>% pander::pander(caption = "First Few Lines of Full D
ataset")



First Few Lines of Full Dataset

REP X M1 M2 M3 Y
repl 0 0.9735 0.4718 -0.4761 -0.3251
repl 1 -0.618 2.373 1.303 0.9478
repl 1 0.4091 2.046 0.4823 1.41
repl 0 0.2071 -1.97 -1.404 -2.529
reopl 1 0.7757 0.9363 0.1537 1.163
repl 1 0.9474 2.211 1.773 2.403

lIl. MEDIATION MODEL

Full Mediation Model All 100 replications combined

a) Defining the Mediation Model
mediation_model <- '

Y ~bl *M1 + b2 *M2 + b3 *M3 +c * X

M1 ~ a1 * X
M2 ~ a2 * X
M3 ~ a3 * X
indirectl :
indirect2 :
indirect3 :
total

M1 ~~ M2

M2 ~~ M3

M1 ~~ M3

al * bl
a2 * b2
a3 * b3

b) Fitting the Model

To all data at once - To Check Simulated Parameters

fit <- sem(model = mediation_model, data
summary (fit, rsquare=TRUE, fit.measures

## lavaan 0.6-2 ended normally after 24 iterations

#it

## Optimization method

##  Number of free parameters
#it

##  Number of observations
#i

##  Estimator

c + (al * bl) + (a2 * b2) + (a3 * b3)

= data_full)

TRUE)

NLMINB
14

20000

ML
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##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

Model Fit Test Statistic
Degrees of freedom
Minimum Function Value

Model test baseline model:
Minimum Function Test Statistic
Degrees of freedom
P-value

User model versus baseline model:

Comparative Fit Index (CFI)
Tucker-Lewis Index (TLI)

Loglikelihood and Information Criteria:

Loglikelihood user model (H®@)
Loglikelihood unrestricted model (H1)

Number of free parameters
Akaike (AIC)

0.000
0
0.0000000000000

19858.249
10
0.000

1.000
1.000

-108335.732
-108335.732

14
216699.465
216810.114
216765.622

0.000
0.000 0.000
NA

0.000

Expected
Structured
Standard

-value P(>]|z]|)
20.146 0.000

50.273 0.000
64.753 0.000

Bayesian (BIC)
Sample-size adjusted Bayesian (BIC)
Root Mean Square Error of Approximation:
RMSEA
90 Percent Confidence Interval
P-value RMSEA <= 0.05
Standardized Root Mean Square Residual:
SRMR
Parameter Estimates:
Information
Information saturated (hl) model
Standard Errors
Regressions:
Estimate Std.Err z
Y ~
M1 (b1) 0.139 0.007
M2 (b2) 0.368 0.007
M3 (b3) 0.512 0.008
X (c) 0.288 0.017

17.107 0.000
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##
##

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

M1l ~
X (a1) 0.290
M2 ~
X (a2) 0.746
M3 ~
X (a3) 1.010
Covariances:
Estimate
M1 ~~
M2 0.013
M2 ~~
M3 0.009
M1 ~~
M3 0.002
Variances:
Estimate
Y 0.932
M1 0.983
M2 0.871
M3 0.746
R-Square:
Estimate
Y 0.411
M1 0.021
M2 0.138
M3 0.255
Defined Parameters:
Estimate
indirectl 0.040
indirect2 0.274
indirect3 0.517
total 1.119

Std.

Std.

OO0

Std.

(OISR ]

.014

.013

.012

Err

. 007

.006

.006

Err

.009
.010
.009
.007

Err

.003
.007
.010
.016

20.690

56.535

82.672

z-value

2.051

1.505

0.325

z-value
100.000
100.000
100.000
100.000

z-value
14.434
37.568
50.977
70.245

0.000

0.000

0.000

P(>|z])
0.040
0.132

0.745

P(>|z])
0.000
0.000
0.000
0.000

P(>|z])
0.000
0.000
0.000
0.000
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IV. CREATING FUNCTIONS

a) Fit Statistics
fit mediation <- function(tb){
sem(model = mediation_model, data = as.data.frame(tb))

}

c) Path Estimates
extract_paths <- function(mod){
mod %>% coef %>% as.matrix %>% t() %>% as.tibble()

}

d) Global Effect Size

global ES <- function(mod){

mod@Fit@x %>%
as.matrix %>%

t() %>%
as.data.frame %>%

dplyr:

dplyr:
dplyr:
dplyr:
dplyr:
dplyr:
dplyr:

}

:rename("b1l" =

"b2" =
"b3" =
e _
"al" =
"a2" =
"a3" =
"Ml~~M2" =
"M2~~M3" =
"M1~~M3" =
"YanY" =
"M1~~M1" =
"M2~~M2" =
"M3~~M3" =

:mutate(al*bl) %>%
:mutate(a2*b2) %>%
:mutate(a3*b3) %>%
:rename("global_1"
:rename("global_2"
:rename("global 3" =

e) Covariance Matrix

extract_cov <- function(mod){
mod %>% vcov %>% as.matrix %>%
as.data.frame %>%
tidyr::gather(key = first,

value = cov) %>%

dplyr::mutate(second = rep(c("bl", "b2", "b3",

Vi1,
V2,
V3,
Va4,
V5,
V6,
V7,
V8,
Vo,
V1o,
V11,
V12,
V13,
V14) %%

= 'al * bl') %%
= 'a2 * b2') %%
‘a3 * b3')
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dplyr:
tidyr:

dplyr:
tidyr:

}

43
wen,
"al", "a2", "a3",
"M1~aM2", "M2~~M3", "M1~~M3",
YY",
"M1~aM1", "M2~~M2", "M3~~M3"), 14)) %>%

:mutate(text = "cov") %>%
:unite(vars,

text, first, second) %>%

:filter(cov < 1) %>%
:spread(key = vars,

value = cov)

f) Sampling Variance of Global Effect Sizes
sampling var_global ES <- function(mod){

VCov = mod %>% lavaan::vcov()
X = mod@Fit@x
JAC = lavaan:::lavJacobianD(func = mod@Model@def.function, x = Xx
)
VCOV.def = JAC %*% VCOV %*% t(JAC) %>%
diag() %>%
t() %>%
data.frame() %>%
dplyr::rename("var_ES global 1" = "X1",
"var_ES global 2" = "X2",
"var_ES_global 3" = "X3",
"var_ES_total" = "X4")

return(VCOV.def)

}

g) MCMAM

MCmam <- function(mod, path){ # path is a number (eg. 1, 2, 3) & mod i
s the column storing the SEM models

med <- paste@("a", path, "*", "b", path)

med_name <- paste@("a", path, "_", "b", path)

namel <- paste(med_name, "MCmam_est", sep = "_")
name2 <- paste(med_name, "MCmam_lo95", sep
name3 <- paste(med_name, "MCmam_up95", sep

mod %>%
monteCarloMed(expression = med,

%>% quo_name ()
%>% quo_name()
%>% quo_name ()

_")
)

object = .,
rep = 10000,
CI = 95,
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outputValues = FALSE,
plot = FALSE) %>%

unlist() %>%
as.matrix() %>%
t() %%
data.frame() %>%

dplyr::rename(!!namel :

}

Point.Estimate,
X95. .Confidence.Intervall,
X95. .Confidence.Interval2)

I'Thame2 :
I''name3 :

V. Preparing Dataset For Analysis

Fiting Model to All Simulated Replications Nesting data into replications (based on the
functions created above)

data_nest <- data_full %>%

dplyr:
tidyr:
dplyr::
dplyr:
dplyr:
dplyr:
dplyr:
dplyr:
dplyr:
dplyr:
dplyr:

:group_by(REP) %>%

tnest() %>%

mutate(model = map(data, fit_mediation)) %>%
:mutate(fit = map(model, glance)) %>%
:mutate(paths = map(model, extract_paths)) %>%
:mutate(cov = map(model, extract_cov)) %>%
:mutate(MCmaml = map(model, MCmam, path = 1))%>%
:mutate(MCmam2 = map(model, MCmam, path = 2))%>%
:mutate(MCmam3 = map(model, MCmam, path = 3)) %>%

:mutate(global_ES = map(model, global ES)) %>%
:mutate(varESg = map(model, sampling var_global ES)) %>%

unnest(fit, paths, MCmaml, MCmam2, MCmam3, global ES, varESg)

ANALYSIS PLAN

VI. CALCULATE EFFECT SIZE
a) MCMAM

MacKinnon, Lockwood, & Williams (2004)

Created in a function above

Unnested in the full dataset

b) Completely Standardized Indirect Effect

Preacher & Kelley (2011)

Calculated in the full model above



Labeled as global_1, global 2, & global 3

VII. DESCRIPTIVE STATISTICS

a) Frequency Distribution
All Categorical Variables

PREDICTOR (X) function

freq_x <- function(tb){
data_nest$datal[] %>%
data.frame %>%
group_by(X) %>%
summarise(freq=n())

}

looped to all replications

fregx <- data_full %>%
dplyr::group_by(REP) %>%
tidyr::nest() %>%
dplyr::mutate(freq_x = map(data, freq_x)) %>%
unnest(freqg_x)

fregx

## # A tibble: 200 x 3

#i REP X freq
#i# <fct> <dbl> <int>
## 1 repl 0 163
## 2 repl 1 97
## 3 rep2 0 1e3
## 4 rep2 1 97
## 5 rep3 0 1e3
## 6 rep3 1 97
## 7 repd %] 103
## 8 repd 1 97
## 9 rep5 0 163
## 10 rep5 1 97

## # ... with 190 more rows



b) Measures of Central Tendency

All Continuous Variables

REMAINDER OF VARIABLES (M1, M2, M3, & Y) function

cent_tend <- function(tb){
data_nest$data[] %>%

}

data.frame %>%
dplyr::select(M1, M2, M3, Y) %>%

psych: :describe()

looped to all replications

centtend <- data_full %>%
dplyr::group_by(REP) %>%

tidyr::nest() %>%
dplyr::mutate(cent_tend = map(data,
unnest(cent_tend)

centtend

## # A tibble: 400 x 14

##
nge
##
bl>
##
.05
##
.17
##
.21
##
.05
##
.05
##
.17
##
.21
##
.05
##
.05

9

## 10

.17

REP

vars

n

<fct> <int> <dbl>

repl
repl
repl
repl
rep2
rep2
rep2
rep2
rep3

rep3

1

2

200

200

200

200

200

200

200

200

200

200

mean

<dbl>

0.158

0.434

0.416

0.512

0.158

0.434

0.416

0.512

0.158

0.434

cent_tend)) %>%

sd median trimmed

<dbl>

1.

1.

04

03

.01

.23

.04

.03

.01

.23

.04

.03

<dbl>

0.

0.

145

441

.429

.467

.145

.441

.429

.467

.145

.441

<dbl>

0.

155

.441

.432

.496

.155

.441

.432

.496

.155

.441

<d

1.

1.

mad

bl>

09

10

.03

.35

.09

.10

.03

.35

.09

.10

<d

-2

min

bl>

.45

.51

.53

.53

.45

.51

.53

.53

.45

.51

46

max ra

<dbl> <«d

2.

2.

60

66

.68

.52

.60

.66

.68

.52

.60

.66

5



## # ... with 390 more rows, and 3 more variables:

## #  kurtosis <dbl>, se <dbl>
c) Descriptive Plots (Raw Data)

Scatterplots/Histograms (Raw Data)

Categorical Variables (X)

data_full %>%
ggplot(aes(x

y
geom_count()

25- n
. 100
® 125
>
00~ ® 150

@ s
@ 2

X,
Y)) +

0.00 0.25 0.50 0.75 1.00

Continuous Variables (M1, M2, M3,Y)

data_full %>%
ggplot(aes(x = M1,
y =Y)) +
geom_point()

gplot(data_full$Ml, geom="histogram")

## “stat _bin()" using “bins = 30 . Pick better value with “binwidth".

skew <dbl>,

47



2000~

1500 -

1000+

500~

2 i

dal;_fullsw
data_full %>%
gegplot(aes(x = M2,
y =Y)) +

geom_point()

25"

0.0-

2.5-

2.5 0.0 2.5

gplot(data_full$mM2, geom="histogram")

## “stat _bin() using “bins = 30 . Pick better value with “binwidth".
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2000+

1500 -

1000 -

500~

2.5 0.0 25

data_full$m2
data_full %>%
gegplot(aes(x = M3,
y=Y)) +

geom_point()

25"

0.0~

2.5-

M3

gplot(data_full$M3, geom="histogram")

## “stat _bin()" using “bins = 30 . Pick better value with “binwidth".
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2000~

1000+

-2 0 2

data_full$M3

d) Plots (Global Effect Sizes)

Boxplot

data_nest %>%
tidyr::gather(key = path,
value = global,
global 1,
global_2,
global 3) %>%
ggplot(aes(x = path,
y = global)) +
geom_boxplot() +
theme_bw() +

scale x discrete(labels=c("global 1"
"global_2"
"global 3" =

"Interpersonal Skills",
"Cognitive Ability",
"Beliefs")) +

labs(x = "Mediator Type", y = "Global Effect Size")
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Global Effect Sizes by Mediator Type
ggsave("MedType_GlobEffects.png",

width = 6,
height = 4,
unit = "in")

VIII. Univariate Mixed Effects Model

Combining global_1, global 2, and global_3 into 1 vector of length K

global <- data_nest %>%

dplyr: :mutate(rep = substr(REP, 4, 6) %>% as.numeric) %>%
tidyr::gather(key = "variable",

value = "global",

starts_with("global")) %>%
tidyr::separate(col = variable,

into = c("mediator", "type")) %>%

dplyr::select(rep, type, global) %>%
dplyr::arrange(rep, type)

global

## # A tibble: 300 x 3
H## rep type global
## <dbl> <chr> <dbl>
#i# 1 11 0.0601
## 2 12 0.249
## 3 13 0.499
##H 4 21 0.0627
## 5 22 0.321
## 6 2 3 0.413
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#it 7 31 0.0454
#t#t 8 32 0.208

#t 9 33 0.517

## 10 4 1 0.0180

## # ... with 290 more rows

Combining var_ES_global_1, var_ES_global_2, and var_ES_global_3 into 1 vector of
length K

var_ES _glob <- data_nest %>%

dplyr: :mutate(rep = substr(REP, 4, 6) %>% as.numeric) %>%
tidyr::gather(key = "variable",

value = "var_ES_global”,

starts_with("var_ES_global")) %>%
tidyr::separate(col = variable,

into = c("var", "ES", "mediator", "type")) %>%

dplyr::select(rep, type, var_ES_global) %>%
dplyr::arrange(rep, type)

var_ES _glob

## # A tibble: 300 x 3

H#it rep type var_ES global
## <dbl> <chr> <dbl>
#t 1 11 0.00155
#t 2 12 0.00519
#H#H 3 13 0.0104
#tt 4 21 0.00188
#t#t 5 22 0.00610
## 6 23 0.00809
it 7 31 0.000860
## 8 32 0.00405
##t 9 33 0.00965
## 10 4 1 0.000385
## # ... with 290 more rows

Joining the global effect sizes and the global variances together and dummy coding the
“types” of mediators

globall <- global %>%
dplyr::inner_join(var_ES_glob,
by = c("rep", "type")) %>%
dplyr::mutate(typel = case_when(type == 2 ~ 1,
TRUE ~ 0),
type2 = case_when(type == 3 ~ 1,
TRUE ~ 0))

Running the Mixed Effects Model
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uni_mod_mixed <- metafor::rma.uni(yi = global,
vi = var_ES_global,
mods = ~ typel + type2,
method = "ML",

data = globall)
summary (uni_mod_mixed)
#it
## Mixed-Effects Model (k = 300; tau”~2 estimator: ML)
:i loglLik deviance AIC BIC AICc

## 411.1789 327.1607 -814.3578 -799.5427 -814.2222
##

## tau~2 (estimated amount of residual heterogeneity): 0.0001 (SE =
0.0001)
## tau (square root of estimated tau”2 value): 0.0122

## I”2 (residual heterogeneity / unaccounted variability): 10.29%
## H"2 (unaccounted variability / sampling variability): 1.11
## R"2 (amount of heterogeneity accounted for): 99.58%
#it

## Test for Residual Heterogeneity:

## QE(df = 297) = 338.3385, p-val = 0.0494

#it

## Test of Moderators (coefficient(s) 2:3):

## QM(df = 2) = 2636.0590, p-val < .0001

##

## Model Results:

##

#i estimate se zval pval ci.lb ci.ub

## intrcpt 0.0263 0.0028 9.3612 <.0001 0.0208 0.0318 ***
## typel 0.2267 ©0.0078 29.1704 <.0001 0.2114 0.2419 ***
## type2 0.4700 ©0.0105 44.8763 <.0001 0.4495 0.4905 *F**
##

## ---

## Signif. codes: @ '***' 9,001 '**' 9.01 '*' @.05 '.' 0.1 ' ' 1



Funnel Plot of mixed effects model

funnel(uni_mod mixed)

Standard Error
0.062
|

0.123

Residual Value
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