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Abstract

Multiple Imputation for Handling Missing Data of Covariates in Meta-Regression

Karina Diaz Yanez

The term meta-analysis refers to the quantitative process of statistically combining results
of studies in order to draw overall trends found in a research literature. This technique has
become the preferred form of systematic review in fields such as social science and education.
As the method has become more standard, the number of large meta-analyses has expanded in
these fields as well. Accordingly, the purpose of meta-analysis has expanded to explaining the
variation of effect sizes across studies using meta-regression. Unfortunately, missing data is a
common problem in meta-analysis. Particularly in meta-regression, missing data problems are

frequently related to missing covariates.

When not handled properly, missing covariates in meta-regression can impact the
precision of statistical inferences and thus the precision of systematic reviews. Ad hoc methods
such as complete-case analysis and shifting units of analysis are the most common approaches to
address missing data in meta-analysis. These techniques, to some extent, ignore missing values
which in turn can lead to biased estimates. The use of model-based methods for missing data are
more justifiable than ad hoc approaches. However, its application in meta-analysis is very
limited. Multiple imputation is one of these approaches. Its precision relies mainly on how
missing values are imputed. Standard multiple imputation approaches do not consider

imputations that are compatible with meta-regression and thus can still yield biased estimates.



This dissertation addresses these issues by firstly assessing the performance of standard
multiple imputation methods in the meta-regression context through a simulation study. To later
develop compatible multiple imputations that accommodate features of meta-regression

assuming dependent effect sizes.

Results show that even though multiple imputation methods can accurately estimate
missing data in meta-regression, its accuracy decreases with larger missingness rates and when
missingness is strongly related to effect sizes. This study also revealed that, in general, the
developed compatible multiple imputation method outperforms standard multiple imputations.
These findings also hold for cases in which missingness in a covariate is highly related to the
effect size estimates. Finally, an algorithm that allows practitioners to apply compatible

imputations in meta-regression was implemented using the R software language.
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Introduction
Meta-Analysis

Meta-analysis refers to the quantitative process of statistically combining results of
studies in order to determine overall trends found in a research literature (Glass, 1976; Cooper et
al., 2009). For instance, researchers might be interested in the usefulness of a particular
intervention. The meta-analysis process would involve gathering all available previous studies
that assess the impact of this intervention, pulling out treatment effect estimates from these
studies, transforming them into a common effect size measure (e.g. standardized mean
difference, log odds ratio or risk difference) and calculating a summary effect size estimate. In
doing so, factors such as between studies heterogeneity and within studies variance are also
taken into account. A random effects meta-analysis model incorporates both of these sources of
variability.

Suppose a meta-analytic data set with k independent studies. Each ith study details a T;
effect estimate of the population effect parameter 8; and these 6; have an overall mean of p,

Ti:9i+ei:‘u+ui+ei, (1)

Here e; is the study-specific sampling error with known variance v;, and u; is the random
effect related to the deviation of the study’s true effect from the distribution mean, assumed to
have V[u;] = 2. Therefore, the effect size estimate total variability comprises the variation v; of
the effect size around the population 8; and a between-studies variance 72, and can be written

v; =v; + 1%



Under this model, the average effect size u can be estimated by the weigthed average of

these study-specific effect size estimates:

Laow T 2)

ﬁ = k 4

where w; is a weight assigned to the ith study and are commonly proportional to the inverse of
the variance v* in each estimate. In the standard random effects model these weights are

estimated by:

1 ©)

where the random effects variance 72 can be estimated using different approaches depending on
the context and parameters of the studies incorporated in the meta-analysis (see Veroniki et al.,
2016).

The approach developed above is now standard in meta-analysis. Meta-analysis is now
the dominant form of systematic review in many fields, including social science and education
(Ahn et al., 2012; Polanin et al., 2016). As the method has become more standard — and as
research areas have grown — the number of large meta-analyses has expanded in these fields as
well; the inclusion of 100 or more studies is becoming progressively common (Tipton et al.,
2019b). With this growth in scope, the purposes of meta-analysis have switch from centering
mainly on estimating the average effect sizes and their variation to aiming to understand and

explain this variation using meta-regression.



Dependent effect sizes

In social science research it is very common for primary studies to report not only one but
several effect sizes (Van den Noortgate et al., 2015). For instance, a study could use multiple
outcome measures for a given intervention or be interested in more than one intervention, and
report effect sizes that contrast each type of intervention to a no-intervention group. Under these
scenarios, effect sizes are nested within studies and thus applying methods that assume
independence might not be accurate.

There are a number of approaches that take into account the dependencies among effect
size estimates. Ad hoc methods including selecting one effect size estimate per study or
averaging the estimates within a study were, until recently, fairly common in the literature
(Becker, 2000). More refined methods including multilevel meta-analysis (Konstantopoulos,
2011; Van den Noortgate et al., 2015, 2013) and robust variance estimation (Hedges et al., 2010)
have become increasingly common in practice. Instead of ignoring the nested nature of these
effect sizes, these methods, to different degrees, model this structure.

In the multi-level modelling approach there are now three sources of variation: sampling
variation for each effect size (level one, v;), variation of effect estimates within a study (level

two, 1(22)), and between-studies variation (level three, 1(23)). Suppose now that in our previous

case of k studies, each ith study reports j effect sizes. Then, the three-level meta-analysis model
is as follows:

Tji = u+u; +1; + ey, 4)
where u is the average effect size, e;; represents level one estimation error of effect j in study i
and Vej;] = v;;. Level two within study variation is noted by 7;; and V[ry;] = 1(22). Level three

between-study variance is represented by u; and V[u;] = 1(23).



Multi-level meta-analysis is one of many types of variance structures that might be found
among dependent effect sizes. The model in (4) assumes that the residual errors (e;;) are
independent and that dependence only arises through the random effects. However, it is also
possible that the residual errors are correlated, as occurs when two or more effect sizes are

estimated based on the same units.

Meta-Regression

As the previous section showed, in a meta-analysis, both the average effect size (u) and
the variation in effect sizes (e.g., 72) provide a summary of the data. If effect sizes vary — which
they commonly do in education and the social sciences — then meta-regression provides a means
to explore this variation. Meta-regression, like simple regression, aims to predict outcomes of
response variables — here effect sizes — based on the values of one or more independent
variables. In meta-analysis, these effect size estimates include the standardized mean difference,
correlation, or log odds ratio or risk difference, as well as others. The independent variables,
often known as covariates, represent features of studies that might impact the magnitude of the
effect size. In meta-regression, as in meta-analysis, effect size estimates are weighted based on
the precision of their estimates. Thus, larger studies are weighted higher than smaller studies.
Consequently, in meta-regression, larger studies have more impact on the relationship than
smaller studies (Stanley & Jarrell, 1989, 2005).

Suppose now that for each ith study there are j effect size estimates and p study-level

relevant covariates. Let the X; = [1, X;4,..., X;;,] be the vector of intercept and covariates related

to the effect estimate T;. Then, the standard multi-level random effects meta-regression model is:

Tji = XiB +w; + 15 + e, ®)

4



where £ is the vector of regression coefficients, e; represents the estimation error of effect j in
study i and V[e;] = v;. The within study variations is noted by r;; and V[r;;] = 1(22). The
between-study variance is represented by u; and V[u;] = r(23). Note that if the covariates have
exploratory power, then 7(23) < T2

An example of the meta-regression approach can be seen in Tanner-Smith et al. (2016),
who studied the effect of substance abuse interventions for youths on later substance use. Along
with effect size estimates from 61 studies, they registered characteristics of the interventions
being compared. For instance, they recorded different types of interventions (e.g., Assertive
Continuing Care, Behavioral Therapy, group/mixed counseling and community services) and
treatment frequencies (e.g., treatment hours per week). Further, they collected participants’
demographic information, such as percentage of racial minorities and percentage of female
participants, along with attrition rate and type of substance use.

In order to study how the effectiveness of the interventions varied giving different types
of treatment and participants characteristics, Tanner-Smith et al. performed meta-regression
analyses. They concluded that Motivational Enhancement Therapy (MET), Cognitive Behavioral
Therapy (CBT), Assertive Continuing Care (ACC) and family therapy were more effective than
generic interventions such as standard community services. On the other hand, they found no
evidence of strong relationships between participants characteristics and treatment effects.

The promise of meta-regression is that it allows analysts to not only indicate that there is
variation in effect sizes, but to explain this variation, helping tease apart “why” effect sizes might
vary. This involves including multiple independent variables in the model. However, missing
data is a frequent issue in meta-regression. Primary studies regularly fail to gather and report all

the necessary information to perform a meta-regression (Pigott, 2019). Even though there has



been a large push from the meta-analysis general community for better reporting guidelines in
primary studies, it is improbable that superior reporting will completely resolve the issue, mainly
because systematic review relies heavily on studies done a while ago (Tipton et al., 2019a).

Missingness in meta-analysis arises from at least three different situations. Primary
studies could be missing data on individual participants, such as predictors or outcome variables
(Quartagno & Carpenter, 2016). Meta-analytic datasets might be missing effect sizes or full
studies due to lack of reporting or publication (Rosenthal, 1979). Researchers could also
encounter problems when retrieving relevant information from a study (Pigott, 2001a).

Missing data can bias any statistical analysis, regression software commonly drop cases
missing any variable included in the model (Pigott, 1994). Particularly in meta-regression,
missingness in effect size predictors is a typical issue that can constraint the accuracy of
statistical inferences and thus the robustness of systematic review results (Pigott, 2019, 20014;
Tipton et al., 2019b).

Currently, there is a large number of methods for handling missing data in primary
studies and some work on related problems in meta-analysis (Rubin, 1976; Pigott, 2019, 2001b;
Schafer & Graham, 2002; Little & Rubin, 2002; van Buuren, 2018). In practice, researchers are
handling missing data in meta-regression mainly based on two approaches (Pigott, 2019; Tipton
et al., 2019b). One approach is to analyze complete cases only by excluding any effects for
which a covariate of interest is missing. This technique is known as complete-case analysis.
Alternatively, researchers can choose to fit several meta-regression models on subgroups of
covariates of interest, which in some cases implies regressing only one covariate at a time. This

approach is kwon as shifting units of analysis (Cooper, 2017).



A problem with ad hoc approaches, such as complete-case and shifting units of analysis,
is that their robustness relies heavily on the assumption that the covariate missingness
mechanism is completely random and thus not related to the data, which is not always the case in
meta-regression. Moreover, ignoring missing data can yield biased estimates (Little & Rubin,
2002; Graham, 2012) and using one covariate at a time limits the potential of meta-regression
and thus the accuracy of meta-analysis estimates.

Model-based methods such as maximum likelihood approach using the EM algorithm
and multiple imputation are broadly used in primary studies, and because they require
researchers to make clear assumptions about their data, they are viewed as more sophisticated
strategies for missing data in meta-analysis. However, further methodological research that

addresses missing data under the meta-regression context is still required.

This dissertation

Even though model-based methods for missing data are more justifiable than ad hoc
methods usually used in meta-analysis (Pigott, 2019), its application is still very scarce (Wiebe et
al., 2006). In a recent review of meta-regression current practices, Tipton et al. (2019b) found
that when missing data problems occurred, 86% of the systematic reviews reported
implementing an ad hoc method to account for missingness and only one of them used multiple
imputation. This corresponds mostly to the lack of translational work into the meta-analysis
context, limited software implementation and the insufficiency of applicational guidelines. This
dissertation aims to fill this literature gap by assessing the performance of multiple imputation in
the meta-regression framework and by developing methods more attuned to the meta-analysis

context.



The first paper of this work evaluates the application of standard multiple imputation
methods (not developed particularly for meta-analysis) to deal with missing covariates in a meta-
regression context. | develop two simulation studies in order to assess the performance of this
approach under a number of conditions: missingness mechanism, type of missing values,
percentage of missing values and imputation strategy. The first simulation focuses in meta-
regression of independent effect sizes, whereas the second involves dependent effect sizes.
Robustness of the multiple imputation procedure is later compared to the frequently used
complete-case analysis.

Specifying the correct imputation model is essential in multiple imputation. When this is
not the case, multiple imputation can yield inconsistent estimations (Schafer, 1999). One strategy
to overcome this problem is to incorporate the analysis model in the imputation model (Bartlett
et al., 2015). While standard multiple imputation models can be very flexible and thus less
vulnerable to model misspecification, current implementations do not incorporate imputations
that are compatible with the meta-regression analysis model and thus can lead to biased estimates
(Meng, 1994; Liu et al., 2014; Schauer, 2019).

The second paper of this work addresses this issue by extending the recently developed
work of compatible imputation in meta-regression (Schauer, 2019). In his work, Schauer
develops imputation models that are compatible to meta-regression of independent effect sizes.
Here, | develop compatible imputations that accommaodate particular features of meta-regression
assuming dependent effect sizes. I first study this for a single binary covariate and later for a
continuous covariate case. Finally, via a simulation study, I assess the performance of these new
methods in estimating missing values under different conditions; and compare them to standard

multiple imputation analyses.



The third paper of this dissertation aims to provide practical recommendations on the use
of multiple imputation in meta-regression. A meta-analysis data set from social sciences, where
effect sizes are nested within studies, will be used to develop a tutorial which will provide step
by step guidelines on how and when to implement multiple imputation using the standard
algorithms with the mice package in R (Buuren & Groothuis-Oudshoorn, 2011) and the methods

developed in the second paper.



Chapter 1: Assessing Standard Multiple Imputation Methods for Handling Missing
Covariates in Meta-Regression.

1.1 Introduction

Meta-regression has become the most common method for research syntheses in medical
and social sciences (Stanley & Jarrell, 1989; Higgins et al., 2008; Chaudhary et al., 2010). Its
framework allows the variation in effect sizes to not only be quantified but also explained.
Similar to statistical analyses in primary studies, meta-regression faces technical and practical
challenges, such as software availability and missing data (Tipton et al., 2019a). For instance,
primary studies do not always comprehensively report data or in the same way, which leads to
missing data problems in statistical analyses and consequently in systematic reviews (Pigott,
2019). The loss of information directly impacts statistical power and can cause bias in parameter
estimates which, in turn, can produce misleading inferences.

There are four different sources of missing data in meta-analysis. First, some individual
participant’s data could be missing from primary studies, such as participants’ features or
outcomes (Quartagno & Carpenter, 2016). Second, effects or complete studies could be missing
from a systematic review data set. This usually responds to publication bias or lack of
accessibility; both issues have been addressed in the literature (Hedges, 1984; Rothstein et al.,
2005). Third, studies can fail to provide sufficient information for a meta-analyst to extract effect
size estimates, their corresponding standard errors or effect and study features (Pigott, 2001c).
Fourth, studies can be missing covariates that could be used to explain variation in effect-sizes
across studies. This paper focuses on this last type of missing data, which is widespread in meta-
analyses across fields (Pigott, 2019; Tipton et al., 2019b).

The development of methodological approaches to missing data in meta-regression relies

on the ample research work on missingness of primary studies. This literature underlines the
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importance of considering the missingness mechanism of the data when selecting a strategy to
deal with missing data (Rubin, 1976; Schafer & Graham, 2002; Little & Rubin, 2002; van
Buuren, 2018). In practice, ad-hoc methods such as complete-case analysis and shifting units of
analysis are still the preferred methods to deal with missing covariates in meta-regression (Pigott,
2019; Tipton et al., 2019a). Although practical and accessible, these approaches do not take into
account the missingness mechanism of the data, which can lead to biased results in cases where
the probability for a data point to be missing is not completely random (Little & Rubin, 2002;
Raghunathan, 2004). On the other hand, model-based approaches require assumptions about the
data and the reasons behind missing values. Maximum likelihood method using the EM
algorithm and multiple imputation have being suggested as promising strategies to handle
missing data in meta-regression (Ellington et al., 2015; Pigott, 2019). However, translational
work into the meta-regression framework is still lacking (Wiebe et al., 2006; Tipton et al.,
2019a).

The multiple imputation approach aims to estimate missing values from the observed data
set, and it is based on three primary stages (Rubin, 1987; Little & Rubin, 2002). First, it
generates several possible values for each missing observation of the data and then uses them to
generate a complete (imputed) data set. This process is repeated several times. Second, each
completed data set is analyzed using the corresponding statistical analysis. Finally, the estimated
parameters are combined from each analysis of the completed data sets (Schafer, 1997; Enders,
2010). This technique has been broadly adopted in primary studies for managing missing data
and there are a number of available packages that can generate multiple imputations (Enders,
2010; Honaker et al., 2011; van Buuren, 2018), nevertheless multiple imputation has rarely been

employed in the meta-regression context (Tipton et al., 2019a). Further, in cases where its
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applied, its use remains inconsistent. Applications of this approach vary in the specification of
the imputation model and thus the selection of variables to include in the model, the number of
imputed datasets to generate and the overall method to draw imputations (Wiebe et al., 2006;
Ellington et al., 2015).

Previous work on imputation under the meta-analytic framework has focused mainly on
simple imputation strategies and limited scenarios (Thiessen Philbrook et al., 2007; Idris &
Robertson, 2009; Idris & Sarudin, 2011). Ellington et al. (2015), advanced this work by studying
the performance of standard multiple imputation methods in a meta-regression context but found
inconsistent results. Even though their analysis included a number of different conditions of
missing and imputed data, the simulation study comprised only 100 replications and analyzed a
single method of multiple imputation. The need for comprehensive evaluations of multiple
imputation strategies under diverse scenarios in a meta-regression context still remains.

The goal of this paper is to evaluate and study the performance of multiple imputation in
meta-regression, for both independent and dependent effect sizes, using two different “off the
shelf” imputation models. Additionally, these methods are also compared to the commonly used
ad-hoc approaches of complete-case analysis and shifting units of analysis. | first introduce the
analytical framework for both ad-hoc and standard multiple imputation methods (not developed
specifically for meta-analysis). Subsequently, I conduct simulation studies to assess the
performance of the multiple imputation procedure under different scenarios including:
missingness mechanism, type of missing values, proportion of missing values and imputation
method. Finally, this paper concludes with a discussion of the results and provides general

recommendations for handling missing covariates in meta-regression.
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1.2 General Framework and Notation

1.2.1 Notation

Let T be the vector of k effect sizes of the meta-analytic data set, V the vector of the k
effect size error variances and X the k X p matrix of the p covariates collected for each effect.
Thus, T would comprise the T; effect estimates of the population effect parameter ;. Vector V
would comprise the corresponding error variance denoted by v;. Effect-level covariates would be

included in X and denoted by X;;.

T, 121 [X11 X1,p]
T = ’1:2 V= V2 X = |X21 . X?,pl
Tk Vg Xkl cas Xk,pJ

Let X; = [X;1,..., X;p] be the vector of covariates in the meta-regression model. Then, the
standard random effects meta-regression model can be expressed as:

Ti| X, v = Bo+ Xif +u; +ey, (6)
where, B, is the intercept vector and § € RP~2 is the vector of regression coefficients. The
estimation error of effect i is represented by e; and V[e;] = v;. The random effect is represented
by u;, u; L e; and V[u;] = 72. The vector n = [B,, 5, T%] represents the parameters of the model.
| assume that the random effects u; are independent and normally distributed with mean zero and
variance 72 (Hedges, 1983; Hedges & Vevea, 1998). In this model, X; is a vector of covariates
for each effect in T;, thus assuming independent effect sizes.

Alternatively, suppose that each ith study reports j effect sizes noted as Tj; and p study
level covariates of interest. Then, the three-level mixed effects meta-regression model can be
expressed as:

TjilXi, vji,m = Bo + XiB +u; +15; + €, (7)
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where S, is the intercept vector and f is the vector of regression coefficients, e;; represents level
one estimation error of effect j in study i and V[e;;] = v;;. Level two within study variation is
noted by 7;; and V[rj;] = 1(22). Level three between-study variance is represented by u; and
V[u;] = té). The vector n = [Bo, B, (5, (s ] represents the parameters of the model.

Note that T, V and matrix X can also contain missing values. This study centers on
missing covariates, therefore | assume that effect (T;) and variance (v;) estimates are observed.
When missing values are represented as NA, R can be defined to be the missingness matrix with
R;; indicators of whether the corresponding values in X are observed or missing. Each indicator
would take a value R;; = 1 if the value i, j in the data set X is observed, and R;; = 0 if it is

missing. Thus, NA values in matrix X are represented with a 0 in matrix R.

X11 - Xl,p—Z 1 ... 1
X = ). CYR NA R = 1 ... 0
NA ... Xip—2 0o ... 1

To reflect the missing values in covariates the X; vector can be divided into two parts:
X?, the sub-vector of observed covariates for that effect size, and XM, the sub-vector of missing

covariates.

1.2.2 Missingness Mechanisms

Rubin (1976) developed the foundations of missing data theory. A fundamental idea of
his theory is the process that explains the relationship between values and the probability of
missing data, usually called missing data mechanism. Let i denote the parameters that describe
why the data are missing. Analyses concerning the parameters of interest n = [B,, 8, 72] will

have to contend with 1. In what ways analysis of 7 integrates i differs on the mechanism. Rubin
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introduced three different classifications of missing data mechanisms: (1) missing completely at
random (MCAR), (2) missing at random (MAR) and (3) missing not at random (MNAR). Under
the presented notation, data are defined to be MCAR if the probability of being missing is the
same for all cases, which implies that its totally unrelated to both the observed and unobserved
values. This can be written as p(R|T, v, X%, X™,9) = p(R).

Data are said to be MAR if the probability of being missing is related to the observed
values and totally unrelated to unobserved values on that unit. This can be written as
p(R|T,v, X%, X" y) = p(R|T,v, X%, ).

Finally, data are defined to be MNAR if neither MCAR nor MAR assumptions hold. This
implies that the probability of being missing is related to both the observed values and the
completely unobserved values. This can be express as p(R|T, v, X%, XM, ) =
p(R|T,v, X% XM, ).

Rubin’s categories of missing data mechanisms stipulate the conditions under which a
missing data procedure can yield valid statistical inferences. It helps to understand why some
statistical approaches work and others do not. Determining the mechanism that created the
missing data is complex and, in many cases, impossible to test, thus it its usually assumed in
order to estimate n. When data is MCAR or MAR and 7 is independent of ¢, i.e., P(n, ) =
P(n)P(y) the missingness mechanism is ignorable, which implies that n can be determined
without knowing ¥ (Little & Rubin, 2002). In practice, ad-hoc procedures mostly work under the

strict MCAR assumption and produce biased estimates otherwise (van Buuren, 2018).

1.3  Standard Methods for Missing Data in Meta-regression

As previously discussed in this chapter, there are a series of strategies to deal with

missing data. Both ad-hoc and model-based methods have advantages and issues to be
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considered when selecting an approach (Graham, 2012; Little & Rubin, 2002; van Buuren,
2018). Ad-hoc methods continue to be the standard approach in meta-regression with missing
covariates. Here, | introduce the two most common methods: (1) complete-case analysis and (2)

shifting units of analysis.

1.3.1 Complete-case Analysis

Complete-case analysis, also known as listwise deletion, has been the most popular
method to handle missing data in statistical analysis and is still the default setting in many
statistical packages (e.g. SAS, Stata and SPSS). Similarly, under the meta-regression framework,
this approach continues to be one of the most common ones (Pigott, 2019, 2001a; Tipton et al.,
2019a, 2019b). This technique eliminates from the analysis all effect sizes with one or more
missing covariate of interest, which can be express as R; = [1, ...,1] for all effects included in the
meta-regression analysis (van Buuren, 2018).

The simplicity of this procedure is one of its principal advantages. However, if the data
are not MCAR, complete-case analysis can severely bias estimates (Little & Rubin, 2002;
Schafer & Graham, 2002). Recently, Schauer et al. (under review) found that the bias of
coefficient estimates can be considerable, greater than d = 0.2 or even reach d = 0.5,
particularly if the probability of a complete case is strongly related to the effect size estimate.
Eliminating effect sizes from a meta-analytical data set can also reduce the statistical power of
the meta-regression, especially if the number of studies included in the analysis is small

(Graham, 2009).

1.3.2 Shifting Units of Analysis

Instead of eliminating all effect sizes where missingness is present, which can be a
considerable proportion of a meta-analytic data set when there are several relevant covariates,
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researchers could use as much data as possible in a meta-analysis. This approach is known as
available-case analysis (Pigott, 2019). Frequently, an available-case meta-regression is
equivalent to shifting-case analysis, also known as shifting units of analysis (Cooper, 2017;
Tipton et al., 2019a). In a meta-regression, shifting units of analysis implies fitting different
models to the data, using a subgroup of the relevant covariates at a time. In some cases, this can
involve including only one covariate in an effect estimates regression (Pigott, 2019).

In a shifting-case analysis a regression can include effects i for which excluded
covariates may be observed. To exemplify this, let us think of a case with two relevant covariates
X;; and X;,. Under this approach, T; can be regressed on observed values of X;;. This regression
incorporates values for which X;, is observed but X;, is missing (i.e. R; = [1,0]) as well as
values for which X;; and X;, are both observed (i.e. R; = [1,1]). Ignoring missing data can cause
biased estimates (Little & Rubin, 2002; Graham, 2012). In fact, Schauer et al. (under review)
argue that this method has two sources of bias: omitted variable bias, related to the coefficients
for the excluded covariates, and the missingness bias is due to ignoring missing observations.
The estimator will have greater omitted variable bias if the coefficients for the omitted variables
are larger and the omitted covariates are correlated with the included covariates. The second
source of bias should be similar in magnitude to the complete-case analysis bias. Thus, under
certain conditions, shifting-case estimators can be even more biased than complete-case
estimators. Moreover, this method could easily lead to comparisons between models that use

different samples to fit effect-sizes (Cooper, 2017; Pigott, 2019).

1.4 Multiple Imputation

Replacing missing values with a reasonable value is an alternative technique in statistical

analysis. This strategy is known as single-value imputation and it usually implies using the mean
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of observed values to create a complete data set (Rubin, 1987). In the meta-analysis context,
researchers can replace the complete case mean for a missing covariate value. Other single-value
imputation approaches include regression imputation, hot-and cold-deck, and last and next
observation carried forward, among others (McKnight et al., 2007; Enders, 2010). In general,
single imputation will understate the level of uncertainty by ignoring the fact that imputed values
are guesses. These strategies often yield severe bias parameter estimates, particularly when
missing data are not MCAR (Rubin, 1987; Schafer & Graham, 2002).

A convenient solution to these single-value imputation issues is the multiple imputation
method, established by Rubin (1987). This approach generates m complete data sets instead of
one. These m data sets represent the distribution of missing given the observed data under the
assumption of MAR or MCAR data. Each of these data sets is then analyzed with standard
statistical procedures. Later, the m results are combined into a final point estimate.

Multiple imputation generates a mechanism to account for the inherent uncertainty of the
imputation themselves and it is broadly recommended (Rubin, 1996; Schafer, 1999; Schafer &
Graham, 2002; Graham, 2009; Enders, 2010; van Buuren, 2018). There are three main steps
under this strategy. The first step creates several (m > 1) complete versions of the data by
imputing the missing values with plausible values obtained from a specified model for each
missing record. These imputations rely on Bayesian approaches to generate random extractions
from the posterior predictive distribution of the missing values conditional on the observed
values. Note that in order to model posterior distributions from the observed data only,
imputation models assume that the missingness is ignorable. The generation of random
extractions is completed over a series of iterations and is usually performed using simulation

procedures such as Markov Chain Monte Carlo.
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The second step estimates the m parameters of interest from each complete data set using
the selected analytical method. The third step combines the m parameter estimates into one
following Rubin’s pooling rules (Rubin, 1987). To exemplify Rubin’s rules, let us consider a
single parameter 3, the estimated coefficient of one of the covariates in our meta-regression

model. The point estimate of the m different §; is their average and can be express as:
m
5 1 A
IBMI - EZ ﬁi : (8)
1=

Denote 67 as the estimated variance of ;. Then, the variance of 3, is estimated based

on the within and between imputations variance:

m
1
W _ 52
Vmr = mz 0i, 9)
i=1
m
VB — 1 5 _ P 2
ML= 1Z(Bi Bun)® (10)
i=1
T ~2 w 1 B
Vi = 63y = Vagr + (1 + E)VMIJ (11)

where V¥ is the within-imputation variance calculated from the standard error associated with

B, V5, is the between-imputation variance estimates, and 62, is the total variance.

1.4.1 Joint Modeling and Full Conditional Specification
There are two types of multiple imputation approaches. Both of them are based on the

assumption of having missing data in more than one variable, or in multiple covariates in the
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meta-regression case. As its name suggest, joint modeling (JM) imputation defines a joint
multivariate distribution from which to draw imputed values (Rubin, 1987; Schafer, 1997).
Whereas, fully conditional specification (FCS) imputation divides the problem into multiple
conditional univariate models (Raghunathan et al., 2001; Buuren et al., 2006; van Buuren, 2018).
Joint models generate imputations based on a fitted multivariate distribution, commonly a
multivariate normal distribution. Traditionally this method follows the Data Augmentation (DA)
algorithm (Tanner & Wong, 1987). This stochastic process iterates imputation and parameter
estimation conditional on the preceding value in two steps: (1) draws imputed values from a
multivariate distribution conditional on the observed data and the parameter values at iteration t-
1, (2) generates parameters values from the posterior distribution conditional on the observed
values and the imputed data at iteration t. This iterative procedure can be represented by the

following equations at step t of the iteration:

XM ~ P(XM|XO,T,v,0,_,), (12)
6, ~ P(61X°,T, v, XM). (13)
The parameter distribution in (13) are produced based on the method of Schafer (1997).
The noted steps are repeated until the model converges.
Fully conditional models use a variable-by-variable approach to impute multivariate
missing data (Buuren et al., 2006; van Buuren, 2007). Each incomplete variable requires a
specific imputation model conditional on all other variables in the data set. The multivariate

distribution is defined by setting a conditional density P(X]M|X-0,X_j, T, v, 0;) for each variable.

Here, X — j represents the set of variables excluding only X;. Thus, X}"’ is imputed based on this
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conditional density and given X — j, T, v and R. The missing values are imputed by iteratively
drawing from these conditional specified imputation models.

Overall, FCS models have useful advantages over JM. FCS are convenient to implement
and broadly available in software. They also allow flexibility in creating multivariate models
(van Buuren, 2018). In terms of performance, FCS does about equally well for continuous and
binary variables and outperforms JM when the variable of interest is categorical. Further, FCS is

more robust under misspecification (Seaman & Hughes, 2018; van Buuren, 2018).

1.4.2 Predictive Mean Matching and Random Forest

Specifying the correct imputation model is an important challenge faced by researchers.
If the imputation model is not specified correctly, Rubin’s rules can produce inconsistent
parameter estimation (Schafer, 1999). Predictive mean matching (Rubin, 1986; Little, 1988) is a
method for drawing imputations that loosens some of the assumptions of parametric imputation.
It does not require to specify an explicit model for the distribution of the missing values, instead
the model is implicit (Little & Rubin, 2002). This makes predictive mean matching less
vulnerable to model misspecification. Moreover, with predictive mean matching, FCS
outperforms JM for every variable type (Kropko et al., 2014).

This semiparametric technique generates predicted values for cases with complete and
missing data, based on a regression model of observed covariates. For each missing value, it
identifies a set of k nearby observed cases (donors) that have predicted values closest to the
predicted value of the missing case. Finally, one donor is randomly selected to impute the
missing case with its observed value. Further, predictive mean matching can be generalized for

imputation of multilevel data using linear mixed models (Vink et al., 2015; van Buuren, 2018).
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Random forest is an extension of classification and regression trees (Liaw & Wiener,
2002). This machine learning approach does not require a particular regression model to be
specified and can incorporate nonlinearities and interactions. Similar to predictive mean
matching, this model calculates predicted values from the observed data, but using bootstrap
aggregation of multiple regression trees instead of a regression model of the complete cases
(Doove et al., 2014).

Using the analysis model as part of the imputation model can help to produce valid
inferences (Bartlett et al., 2015). Even though the discussed methods present practical
advantages, current multiple imputation implementations do not allow to draw imputations from
a model that is compatible with the meta-regression model specified for the analysis, which
includes study weights. This can yield inaccurate posterior distributions and in turn result in
biased estimates (Meng, 1994; Liu et al., 2014; Schauer, 2019).

Exactly how much bias is introduced and under which scenarios it is more likely to arise
is still an open question. Intuition suggests that complete-case analysis and standard multiple
imputation approaches should perform reasonably well when there is a small amount of missing
data. In cases with larger amount of missing data however, complete-case analysis will be biased
and that could also be the case for multiple imputation methods. For instance, there is some
evidence that random forest could outperform predictive mean matching (Shah et al., 2014).

Here, I will focus on multiple imputation using two “off the shelf” methods: predictive
mean matching (PMM) and random forest (RF), to handle missingness in covariates under the
meta-regression context. Complete-case analysis will serve as a baseline, giving its common use

in practice.
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15 Simulation Studies

To evaluate the performance of multiple imputation in a meta-regression framework | use
the implementation of PMM and RF in the mice R library (Buuren & Groothuis-Oudshoorn,
2011). van Buuren (2018) implemented Markov chain Monte Carlo (MCMC) procedures using
multivariate imputation by chained equations (MICE), a fully conditional specification. The
number of Monte Carlo simulations was set to 10,000 for each scenario.

Missing data approaches performance can vary depending on variable characteristics
(Lee & Carlin, 2010; Kropko et al., 2014). In order to investigate the performance of multiple
imputation in a representative social science meta-regression context, | review three different
covariates categories: (1) Predictor type (Continuous, Binary), (2) Continuous distribution
(Normal, skewed), and (3) Correlation between predictors. I first study imputation when
missingness is present in only one covariate of the completed data set. Although in practice
missingness can occur simultaneously in more than one predictor, this exploratory analysis
allows to identify unique settings under which multiple imputation is accurate. Later, | generate
missingness in two covariates at a time to investigate the effect of missingness patterns and the
relationship of covariates.

This work develops two simulations studies with realistic data. Simulation study 1,
incorporates missingness within an existing meta-analysis of independent effect sizes data set.
Simulation study 2 is similar but focuses on a meta-analytic data frame with dependent effect

sizes.
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1.5.1 Simulation Study 1: Data generation

1.5.1.1 Simulation Study 1 - Complete data set

First, I use published data from Bangert-Drowns et al. (2004), a meta-analysis on the
impact of school-based writing-to-learn interventions on academic achievement. For the purpose
of this analysis, | consider this data to be complete (i.e. do not have missing data). This complete
data serves as a baseline to which imputed and incomplete versions are compared.

The Bangert-Drowns data set contains 43 studies, where a treatment group of students
was compared to a control group with respect to an achievement measure. The meta-analysis
uses the standardized mean difference as the effect size measure. Corresponding sampling
variances along with six relevant covariates, one continuous and five binary, are also available
from the data set. Table 1 describes the existing meta-analytic data set.

Note that the sample size of studies included in this meta-analysis range from 16 to 542
with a mean of 123 students. In this way, the precision of effect size estimates also differs with a
minimum variance of 0.007 to a maximum of 0.265. These differences can be useful to later

illustrate missingness related to the accuracy of effect sizes estimates.
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Table 1

Data set Descriptive Statistics

Variable

Effect Size Mean(SD) 0.26(0.36)
Sampling Variance Mean(SD) 0.07(0.05)
Study Sample Size Mean(SD)  123.0 (122.0)
Treatment Length (weeks)  Mean(SD) 10.0(7.0)
Feedback Yes 26

No 17
Imaginative Component Yes 2

No 41
Informational Component Yes 41

No 2
Personal Component Yes 20

No 23
Metacognitive Reflection Yes 16

No 27

1.5.1.2 Simulation Study 1 - Incomplete data sets
1.5.1.21 First set of conditions: MCAR, MAR & MNAR

For each complete data set, | create 15 distinctive conditions of missing and imputed
data. First, | remove 10-50% of the values from particular covariates at intervals of 10%. Second,
I modify the missingness mechanism to generate incomplete data sets. Following Rubin (1976)
framework and using the mice package function ampute, | create data sets with data missing
completely at random (MCAR), missing at random (MAR) and missing not at random (MNAR).
The ampute function generates MCAR by assigning to candidates an equal probability of having
missing values. MAR data is created by weighted sum scores of all the observed variables
(i.e. variables that remain complete) and assigning each candidate a probability of being missing

based on these weights. The allocation of these probabilities is determined using a continuous
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logistic distribution function. Similarly, MNAR data is generated using these weighted sum
scores, but in this case variables that will be made incomplete (i.e. unobserved variables) are also
included in the weighting process. For each one of these conditions (missing data and
missingness proportion), | generate 10,000 incomplete data sets. Figure 1 illustrates the

incomplete data generation process.

Figure 1

This diagram illustrates the generation of incomplete data sets using the ampute
function.

MCAR

10,000 40% M
10,000 50% M

Ampute MAR

Complete data

MNAR
Y
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15122 Second set of conditions: MAR, MAR High & MAR Low

The first set of simulations uses the original MAR setting, which assigns equal weights to
all the observed variables included in the amputation procedure. These weights can be adjusted
so that the probability of missingness is more or less related to the effect size estimates or their

corresponding variance. Two additional missing at random (MAR) scenarios are later included
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into this set of simulations. The relationship between missingness, effect size estimates and their
variances, is varied by assigning greater and lower weight to the effect size and its variance. In

this way, this set of simulations will evaluate three different MAR conditions:

1. Equal weights MAR: Assigns equal weights to all observed variables. This is the

same condition explored in the first set of simulations.

2. High weights MAR: Effect size and variance are weighted twice as large as other

observed variables (i.e. 0.8 vs. 0.2).

3. Low weights MAR: Effect size and variance are weighted twice as low as other

observed variables (i.e. 0.2 vs. 0.8).

15.1.2.3 Third set of conditions: two covariates

Next, missingness in two covariates at a time is generated to investigate the effect of the
relationship between covariates and missing data approaches performance. Particularly, two
binary covariates: (1) feedback provided and (2) informational component, are selected to
introduce missingness. Both variables have a correlation of » = 0.27 suggesting a moderate
association. Analogous to the first set of simulations, data sets with data MCAR, MAR and

MNAR in both covariates are generated here.

1.5.2 Simulation Study 1: Imputation and analysis procedures

For each incomplete data frame in each set of simulations, | generate twenty imputed data
sets using the multiple imputation R package mice. Selecting the number of imputed data sets is
an essential issue in multiple imputation. It has been argued in the literature that a minimum of
five to ten can improve the power of the analysis (Little & Rubin, 1987; Schafer, 1997; Graham

et al., 2007). However, a more recent recommendation suggests using a minimum of twenty
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(Enders, 2010). As discussed above, the mice algorithm uses a multivariate imputation by
chained equations. To estimate how imputation strategy impacts performance, | specified both
predictive mean matching and random forest methods. Following general recommendations, all
available predictors are included in the imputation model. Likewise, effect sizes and
corresponding standard errors, which are assumed to be completely observed, are also included
(Schafer, 1997; Collins et al., 2001; Pigott, 2019).

After imputation and for each specified condition (missingness mechanism; missingness
proportion and covariate type) there is one complete data set, 10,000 incomplete data sets and
10,000 sets of 20 imputed data sets. The imputed data sets are then analyzed by estimating a
random effects meta-regression incorporating all predictors. This model was fitted using the
metafor package function rma (Viechtbauer, 2010). The estimates are then pooled from each
model into a single set of estimates and standard errors using the pool function in mice. This
function combines the estimates from the 20 repeated complete data analyses using previously
described Rubin’s pooling rules (Rubin, 1987) and the small sample degrees of freedom
approximation (Little & Rubin, 2002). As a result, 10,000 set of estimates are generated for each
stated setting.

Using the same specified random effects meta-regression model, each 10,000 incomplete
data set is later analyzed with a complete-case analysis; and shifting units of analysis approach,
when missingness is present simultaneously in two predictors. Figure 2 illustrates the imputation
and analysis process when data is MCAR and there is 10% missingness. Finally, to serve as a

benchmark, the same meta-regression model is fitted to the original complete data set.
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Figure 2

This diagram illustrates the multiple imputation and analysis process when data is
MCAR and there is 10% missingness.
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1.5.3 Simulation Study 2: Data generation
1.5.3.1 Simulation Study 2 - Complete data set

The second simulation study uses data from Tanner-Smith et al. (2016). This meta-
analysis examined the effect of substance abuse interventions for youths on later substance use.
Their raw data set included 328 effect size estimates obtained from 61 studies. Several of these
reported effects compared a given intervention with some control condition and others compared
two alternative interventions. Additionally, Tanner-Smith et al. extracted 43 covariates of
interest related to participants demographics and interventions’ characteristics. Tanner et.
al. performed meta-regression analyses to study how treatment impacts differed according to
therapies and individuals’ characteristics. In doing so, they relied on a final analytic data set

involving 95 effect size estimates obtained from these 61 studies. For the purpose of this study,
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and to ensure a complete data set, a subset of this data was selected. The simulations involve a

total of 70 effect size estimates from 42 studies and 4 covariates. Table 2 describes this subset.

Table 2

Data set Descriptive Statistics

Variable

Effect Size Mean(SD)  0.15(0.36)
Sampling Variance Mean(SD)  0.07(0.06)
ES per Study Mean(SD) 1.6 (1.4)
Percentage non-white Mean(SD)  0.48(0.26)
Treatment Age Mean(SD)  16.0(0.89)
Treatment Outpatient Yes 53

No 17
Multidrug Yes 36

No 34

The four covariates in this subset represent overall characteristics of the treatment and of
individuals in this group. These include two continuous covariates: participant’s average age and
percentage of non-white participants. As well as two binary covariates: whether participants
received outpatient treatment or not and whether individuals declared using multiple drugs, such
as marijuana, alcohol, and/or opioids instead of a single drug. Note that the precision of effect
size estimates varies with a minimum variance of 0.006 to a maximum of 0.365. Further, some
studies reported up to six effect estimates, while others reported just one. Figure 3 presents a

visualization of this variation.

30



Figure 3

This plot illustrates the number of effect sizes per study in Simulation Study 2.
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1.5.3.2 Simulation Study 2 - Incomplete data sets

To generate incomplete data sets in simulation study 2, the same procedures of simulation
study 1 are followed. Three different set of conditions are explored here: (1) missingness in one
covariate with data missing data missing completely at random (MCAR), missing at random
(MAR) and missing nor at random (MNAR); (2) missingness in one covariate with data missing
at random equal weights (same as MAR in first set of conditions), missing at random high
weights (MAR high) and missing at random low weights (MAR low) and (3) missingness
present in two covariates at a time. In this case, two binary covariates: (1) Treatment Outpatient
and (2) Multidrug, with a low association (r = 0.182) are modified so that can include
observations MCAR, MAR, and MNAR. Similar to simulation study 1, 10 to 50 percent of the

values are removed to generate incomplete data frames.
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1.5.4 Simulation Study 2: Imputation and analysis procedures

Analogous to simulation 1, for each incomplete data set twenty imputed data frames are
generated using multiple imputation approach in R. Both, predictive mean matching and random
forest methods are specified using the mice package. Particularly, the 21. pmm method in
miceadds package was implemented. This approach is a generalization of the default predictive
mean matching method to multilevel data. The imputed data sets are then analyzed by estimating
a multilevel random effects meta-regression using all predictors. The rma.mv function from the
metafor package was used to fit this model. Next, the estimates are pooled from each model into
a single set of estimates and standard errors implementing the pool function in mice. Thus,
10,000 set of estimates are generated for each of the settings.

Later, each 10,000 incomplete data set is analyzed with a complete-case analysis
approach using the same multilevel random effects meta-regression model. Under the third set of
simulations, with two missing covariates, shifting units of analysis method is also implemented
to analyze these incomplete data frames. Lastly, the same specified model is fitted to the original
complete data set. The resulting estimates will serve as a standard to which missing methods

implementation results are compared to.

1.5.5 Performance metrics

Consequently, for each set of described settings in simulations 1 and 2, | assess the
performance of each imputation procedure, the complete-case analysis approach and the shifting
units of analysis method, using the complete data sets estimates as a baseline. Two different

metrics are determined: (1) bias and (2) standard error ratio.

1. Bias: Defined as the average difference between the parameter estimate and the full data

estimated value from the original complete data set.
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2. Standard error ratio: Defines as the ratio of the model estimated standard error to the full

data standard error (empirical standard error).

1.6 Results

1.6.1 Missingness in one covariate - Independent Effect Sizes

Using the metrics described below, the first set of simulations examined the performance
of the three proposed methods to handle missingness in one covariate. Both, slope and intercept

estimates are evaluated.

1.6.1.1 Continuous Covariate

The first case analyzes the performance of the three missing data methods when a
continuous covariate, representing the length of the treatment, contains missing values. All other
covariates are assumed to be completely observed. Figure 4 presents the bias of the estimated
slope for this covariate. Each panel represents a given missingness mechanism (MCAR, MAR,
MNAR). Within panels, bias is plotted as a function of the percentage of missingness. Bias is
reported for all reviewed methods: complete-case, default multiple imputation (PMM) and
random forest multiple imputation.

Overall results suggest that the estimated slope bias increases as the proportion of
missingness increases regardless of the missingness mechanism. As expected, when data is
missing completely at random, the bias of the covariate estimate is negligible across methods
when the proportion of missingness is smaller than 40 percent. As shown in Figure 4, default
multiple imputation (PMM) method has greater performance when data is missing at random and
even when missingness depends on unobserved characteristics (MNAR).

Figure 5 indicates that standard error length increases as a function of the missingness

proportion across all three methods. However, predictive mean matching multiple imputation
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produces more precise standard error estimates regardless of the missingness mechanism.
Complete-case analysis approach consistently overestimates standard errors.

Figure 4

This figure plots the bias of the estimated coefficient for length under complete-case,
default and random forest multiple imputation approaches.
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Figure 5

This figure plots the ratio of the model standard error to the empirical standard error,
under complete-case, default and random forest multiple imputation approaches.
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Figure 6 illustrates the bias of the estimated intercept for the first case. Results indicate
that missingness within a covariate can not only impact the accuracy of the slope estimator but
also the intercept estimate. Moreover, as shown in Figure 6, the magnitude of the bias is greater
in this case than it is for slope estimates. These results are consistent with was found by Schauer
et al. (under review). All three methods yield biased results as a function of the missingness
proportion. However, default multiple imputation (PMM) method continues to perform better.
Imputed standard errors of multiple imputation methods are accurate across all values of
missingness proportions studied here. Complete-case analysis approach consistently
overestimates standard errors of the intercept as a function of missingness proportion and

regardless of the missingness mechanism (see Figure 7).

Figure 6

This figure plots the bias of the estimated intercept for the first case under complete-case,
default and random forest multiple imputation approaches.
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Figure 7

This figure plots the ratio of the model standard error to the empirical standard error,
under complete-case, default and random forest multiple imputation approaches.
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1.6.1.2 Binary Covariate

Next, | analyze the accuracy of the three missing data approaches when a binary
covariate, representing feedback provided, contains missing values. Figure 8 presents the bias of
the estimated slope associated with the binary predictor feedback. Results indicate that when data
is MCAR, all three methods tend to be unbiased when the proportion of missingness is less than
20%. However, bias increases as the proportion of missingness increases when using complete-
case and default multiple imputation (PMM). As expected, when data is not MCAR, complete-
case analysis yields biased estimates. Multiple imputation on the other hand, shows better
performance when data is MAR.

Standard error accuracy is consistent with the continuous covariate case. Accuracy
decreases with missingness proportion across all approaches. Overall, random forest multiple

imputation technique provides more precise estimates of the slope standard errors.
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Figure 8

This figure plots the bias of the estimated coefficient for feedback under complete-case,
default and random forest multiple imputation approaches.
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Figure 9 illustrates the bias of the estimated intercept. Results suggest that complete-case
analysis leads to greater bias for the intercept than the slope estimate. Bias increases notably with
proportions of missingness greater than 20%. Both multiple imputation methods provide more
precise estimates. Under MCAR data, intercept estimates are unbiased and slightly biased when
data is MAR. Further, complete-cases analysis substantially overestimates the empirical standard
errors as a function of missingness proportion. Both, predictive mean matching and random
forest, multiple imputation approaches standard errors are quite accurate compared to the

commonly used complete-case analysis.
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Figure 9

This figure plots the bias of the estimated intercept for the second case under complete-
case, default and random forest multiple imputation approaches.

MCAR MAR MNAR

/

S ——————
0.000- Em==—m—0©————

-0.050 -

10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
Proportion Missigness

DataType Complete Case E Multiple Imputation Default Multiple Imputation RF

1.6.1.3 Continuous Covariate: MAR Conditions

The second set of simulations explores the performance of the described methods under
three missing at random (MAR) conditions: equal, high and low weights. Note that the MAR
equal weights condition corresponds to the MAR condition in the first set of simulations. First,
the accuracy of the estimate of the continuous covariate (length) is evaluated. Bias follows
similar patterns to MAR equal weights conditions. Particularly, bias increases as missingness
proportion increases. However, when missingness is greatly related to the effect size and its
variance (i.e. MAR High condition), all three methods display greater bias for the slope estimate.
The opposite effect occurs when missingness is less related to the effect size estimate and its
variance. Overall, complete-case analysis performs worse than multiple imputation methods
regardless of the missing at random condition. On the other hand, default multiple imputation

approach (PMM) yield estimates with the smallest bias (see Figure 10).
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Complete-case analysis standard error estimates precision reduces with larger proportion
of missingness and it is even worst under MAR High condition. Predictive mean matching
produces more accurate standard error estimates. Figure 11 suggest multiple imputation
approaches have similar patterns for bias across MAR conditions. This is not the case for
complete-case analysis method, bias increases under MAR High weight condition. Complete-
case analysis method notably overestimates standard errors of the intercept and the precision of
these estimates worsens under MAR Hight weight condition. Imputed standard errors accuracy -
using either multiple imputation approach- increases when missingness is less related to effect
size estimates and its variances (i.e. MAR Low condition).

Although all three methods are sensitive to stronger relationships between missingness
and effect sizes, complete-case analysis performs worst when compared to multiple imputation.

Figure 10

This figure plots the bias of the estimated slope for the continuous covariate under
complete-case, default and random forest multiple imputation approaches.
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Figure 11

This figure plots the bias of the estimated intercept for the continuous covariate under
complete-case, default and random forest multiple imputation approaches.
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1.6.1.4 Binary Covariate: MAR Conditions

Next, the accuracy of the estimate of the binary covariate (feedback) is evaluated. Note
that in this case the MAR condition corresponds to the same MAR condition in the first set of
simulations. Similar to the continuous covariate case, bias of the binary estimate increases under
the MAR high condition when implementing complete case analysis procedure (see Figure 12).
Although both multiple imputation approaches yield greater biases under this MAR condition,
they are preferable to complete-case analysis. Overall, multiple imputation with random forest

approach yields smaller biases and more precise standard error estimates.
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Figure 12

This figure plots the bias of the estimated slope for the binary covariate under complete-
case, default and random forest multiple imputation approaches.
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Complete-case analysis produces even greater biases under MAR high weight condition.
This is also the case with the default multiple imputation (PMM) method for larger missingness
proportions (i.e. over 30%). However, multiple imputation approaches show greater precision
overall. Particularly, multiple imputation with random forest performs equally well under
different MAR conditions. Standard error estimates accuracy decreases when missingness its
strongly related to effect sizes and its variances. However, multiple imputation methods

produced more precise estimates than complete-case analysis.

1.6.2 Missingness in two covariates - Independent Effect Sizes

The third set of simulations studies the accuracy of the different missing data approaches
when there is missingness in two covariates at a time. Under this scenario, two binary covariates,
feedback and informational component, present missing values. As stated earlier in this paper, a

fourth missing data method, shifting units of analysis, was included here given its common use
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in meta-analysis. Missingness in a second covariate does not seem to affect greatly the amount of
bias observed in the slope estimate for feedback. This may due to a low correlation between both
covariates. Nevertheless, as presented in Figure 13, using shifting units of analysis as an
alternative method to handle missingness, leads to biased estimates when data are MAR and
MNAR. The amount of introduced bias, while smaller, is comparable to a complete-case analysis
method. Theoretically, the amount of bias introduced by a complete-case analysis approach
responds to missingness bias, due to ignoring observations missing. Whereas, shifting units of
analysis has two sources of bias, the omitted variable bias (e.g., Mela & Kopalle, 2002), which is
a function of the coefficient for the excluded covariate, and the missingness bias. Thus, the
shifting-case estimator can have greater bias than complete-case estimator if the omitted variable
and the missingness bias are in the same direction (Schauer et al., under review). Particularly, in
this case the omitted variable (informational component) and missingness bias are in opposite

directions, which reduces the bias of the shifting-case estimator.

In general, random forest multiple imputation method provides more precise estimates of
the slope. Imputed standard errors using this method have greater accuracy than shifting units of
analysis and complete-case analysis, under the different missingness mechanisms and across all
levels of missingness proportion.

Performance of the slope estimate, informational component present, was also evaluated.
As in the previous case, shifting units of analysis yields biased estimates of the slope. However,
due to the fact that the omitted variable (feedback) and the missingness bias are in the same
direction, its estimator has greater bias than the complete-case analysis estimator. In general, as
shown in Figure 13, multiple imputation predictive mean matching seems to overperform other

approaches.
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Further, missingness in a second covariate introduces greater bias for the intercept
estimate. Shifting units of analysis has notably larger bias (see Figure 15). The amount of bias is
equivalent to a small effect size (i.e. d=0.2). This responds to the exclusion of a variable that is
positively correlated and that has an estimated coefficient larger than 0.1 (see Schauer et al.,
under review). Accuracy of standard error estimates is greater when using multiple imputation
methods than when using an ad-hoc method like shifting units of analysis or complete-case

analysis. Shifting units of analysis produces biased estimates of the standard errors.

Figure 13

This figure plots the bias of the estimated slope for the binary covariate 1 under complete-
case, shifting units of analysis, default and random forest multiple imputation
approaches.
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Figure 14
This figure plots the bias of the estimated slope for the binary covariate 2 under complete-

case, shifting units of analysis, default and random forest multiple imputation
approaches.
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Figure 15

This figure plots the bias of the estimated intercept under complete-case, shifting units of
analysis, default and random forest multiple imputation approaches.
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1.6.3 Missingness in one covariate - Dependent Effect Sizes

1.6.3.1 Binary Covariate

Simulation 2 investigates the performance of all missingness methods to handle
missingness in a covariate for meta-regressions of dependent effect sizes. The first set of
conditions analyzes the performance when a binary covariate, representing whether participants
received outpatient treatment or not. Under this scenario, complete case analysis method yields
unbiased slope estimates with missingness proportion up to 40 percent, while multiple
imputation estimates are slightly biased (see Figure 16). However, complete-case analysis
produces larger standard errors. When data is missing at random or missing not at random,
multiple imputation random forest has greater performance and produces more precise standard
errors. This pattern is consistent with what was found in Simulation 1 when imputing a single
binary covariate.

Figure 17 illustrates how multiple imputation random forest and predictive mean
matching approaches yield unbiased estimates of the intercept, regardless of the missingness
mechanism. Complete-case analysis, on the other hand, produces larger biases when data is
missing at random and not at random. Even when data is missing completely at random, this
method yields non negligible biases as proportion of missingness reaches 30 percent. Further,
complete-case analysis returns larger standard errors across all missingness mechanisms. Similar
results were found in Simulation 1, however the magnitude of the biases produced by complete-

case analysis, increases when analyzing dependent effect sizes.
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Figure 16

This figure plots the bias of the estimated slope under complete-case, default and random
forest multiple imputation approaches.
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Figure 17

This figure plots the bias of the estimated intercept for the second case under complete-
case, default and random forest multiple imputation approaches.
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1.6.3.2 Binary Covariate: MAR Conditions

The second set of conditions in Simulation 2 evaluates the performance of these methods
under three missing at random (MAR) conditions: equal, high and low weights. Note that the
MAR equal weights condition corresponds to the MAR condition in the first set of conditions.
Similar to Simulation 1, the missing at random high condition deteriorates the performance of all
three methods (see Figure 18). When missingness is less related to the effect size estimate (i.e.,
MAR low condition), these biases are smaller. Overall, multiple imputation random forest yields
lower biases across MAR conditions and produces more precise standard error estimates than the
default predictive mean matching approach. Complete-case analysis, on the other hand, yields
non negligible biases, particularly when data is MAR and MAR high.

As illustrated in Figure 19, both multiple imputation methods return slightly biased
intercept estimates across all MAR conditions. Complete-case analysis approach induces greater
biases under MAR high condition, suggesting that when missingness is greatly correlated to the
effect size and its variance, using complete-case analysis would not only bias the slope estimate
of a binary covariate, but also the intercept. Moreover, results indicate that this method produces

larger standard errors, regardless of the missing at random mechanism studied in this section.
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Figure 18

This figure plots the bias of the estimated binary covariate under complete-case, default

and random forest multiple imputation approaches.
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Figure 19

This figure plots the bias of the estimated intercept for the binary covariate under

complete-case, default and random forest multiple imputation approaches.
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1.6.4 Missingness in two covariate - Dependent Effect Sizes

The third set of conditions in Simulation 2 investigated the precision of all four methods
when missingness was present in two binary covariates at a time: treatment outpatient and
multidrug. The performance of the slope estimate of the first covariate is first evaluated. The
inclusion of missingness in a second covariate yields greater complete-case analysis estimator
bias. Shifting units of analysis approach produces similar, but slightly smaller, bias than
complete-case analysis (see Figure 20). This result is consistent with what was previously
discussed in Simulation 1. The estimator of shifting units of analysis will have smaller bias if the
coefficients for the omitted variables are smaller (8 = 0.068) and the correlation between
omitted covariates and the included covariates is low as well (r = 0.182). In general, multiple
imputation random forest, seems to perform better than other methods, with smaller bias and
more precise standard error estimates. However, the estimators of default multiple imputation
method have non-negligible bias.

Secondly, the performance of the slope estimates of the second covariate: multidrug is
evaluated. As presented in Figure 21, all four methods introduce non-negligible biases when data
is missing at random. Both shifting units of analysis and complete-case analysis estimators have
similar amount of bias across all missingness mechanisms. It is suspected that this is due to an
even smaller omitted variable coefficient (8 = 0.024), which in turn reduces the omitted

variable bias in the shifting units of analysis case.
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Figure 20

This figure plots the bias of the estimated slope for the binary covariate 1 under complete-
case, shifting units of analysis, default and random forest multiple imputation
approaches.
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Figure 21

This figure plots the bias of the estimated slope for the binary covariate 2 under complete-
case, shifting units of analysis, default and random forest multiple imputation
approaches.
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1.7 Discussion

This study evaluated the application of two standard multiple imputation methods to deal
with missing covariates in meta-regression: predictive mean matching and random forest.
Different conditions of missingness mechanisms, missing values and missingness proportion
were assessed in two sets of simulations with independent and dependent effect sizes,
correspondingly. Under each condition, the robustness of both multiple imputation approaches
was compared to two common methods for conducting meta-regression with missing covariates:
complete-case and shifting case analyses.

Multiple imputation can accurately estimate missing data. Default multiple imputation,
predictive mean matching, shows greater performance imputing continuous covariates, whereas
random forest yields negligible biases with binary covariates. However, when missingness is
present in more than one covariate at a time, the precision of multiple imputation with random
forest decreases. Nevertheless, both multiple imputation methods outperform complete-cases
analysis and shifting units of analysis approaches. Multiple imputation accuracy decreases with
larger missingness rates; however, this method seems to be less vulnerable to greater proportions
of missingness than complete-case analysis. Although multiple imputation approaches assumed
data missing at random, | agree with Ellington et al. (2015) that the performance of multiple
imputation is generally unaffected by the missingness mechanism. When missingness is strongly
related to effect sizes and its variances, all methods produce greater biases. However, multiple
imputation has smaller loss in precision than complete-case analysis.

Complete-case analysis consistently underperformed multiple imputation approaches. In
line with what has been discussed in the literature, this method produces biased estimates when
data is not missing completely at random (Cooper, 2017; Schauer et al., under review). The

magnitude of the introduced biased depends on the missingness ratio and the relationship of
51



missingness with effect sizes and its variances. Particularly, the bias of a complete-case estimator
is greater under a missing at random high condition. Moreover, the bias of the intercept estimator
was found constantly greater than the bias of the slope. Shifting units of analysis methods
produces greater biases for both, the intercept and the slope, than multiple imputation and
complete-case analyses. However, and as stated by Schauer et al. (under review), in some cases
the shifting-units of analysis estimator bias was found comparable or slightly smaller than the
bias introduced by a complete-case analysis.

Results presented here rely on two realistic meta-analytic datasets. Even though these
examples provide representative characteristics of meta analyses in the fields of social science
and education, this strategy has its limitations. Particularly, the range of predictors and their
relationship with effect size estimates is restricted. None of the settings evaluated in this study
consider highly predictive covariates. As a result, the bias determined under these scenarios
represents a lower bound and thus the estimated bias could be even larger, specially under
complete-case analysis. Future studies could investigate broader scenarios of this relationship.

In view of these findings, and in agreement with previous studies on missing data in
meta-regression, this study suggests that researchers facing missing covariates in meta-regression
first investigate and describe the missingness patterns in the data set through exploratory
analyses (Ellington et al., 2015; Schauer et al., 2021, under review). Only in cases when
missingness appears to be uncorrelated with effect size estimates and when the proportion of
missingness is lower (i.e., less than 30 percent), complete-case analysis might be implemented.
Shifting-units of analysis, on the other hand, should not be used under any scenario due to

inaccurate estimates.
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Even though multiple imputation has proven here to be more accurate than common
methods like complete-case and shifting case analyses, it still has some limitations when applied
to the meta-regression context. Poor imputation models can lead to inconsistent estimations
(Schafer, 1999). Current standard multiple imputation implementations, such as the ones studied
here, do not incorporate imputations that are compatible with the meta-regression analysis model
and therefore can lead to biased estimates (Meng, 1994; Liu et al., 2014; Schauer, 2019).
Particularly, the accuracy of multiple imputation decreases under the missing at random high
condition, producing non-negligible biases. Research in this line and development of multiple
imputations compatible to meta-regression models could be of great use for meta-analysts.

The focus of this study was standard multiple imputation approaches. Alternative
methods such as EM algorithm for generalized linear models with missing covariates (Ibrahim,
1990) and full-information maximum likelihood (FIML), which is commonly used in linear
models (Graham, 2012, 2009), could prove to be reliable methods to handle missing covariates
in meta-regression. Nevertheless, further software development and empirical work is still
needed. While, FIML for meta-regression is accessible in SEM framework (Cheung, 2019), it
has not been empirically evaluated under general settings. Further, the EM algorithm for missing

covariates has not been implemented in standard meta-analytic software.
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Chapter 2: Compatible Imputation of Missing Covariates in Meta-Regression of Dependent
Effect Sizes.

2.1 Introduction

The number of large meta-analyses has increased over time (Tipton et al., 2019a).
Consequently, the focus of systematic review has expanded to explaining the variation of effect
sizes across studies through meta-regression. This method allows to investigate the association
between study level variables and effect size differences (Borenstein, 2009; Tipton et al., 2019a).
Missing data in meta-analysis is a typical issue that arises from different sources (see Pigott,
2001c). Particularly in meta-regression, missing data issues are commonly related to missing
covariates (Pigott, 2019; Tipton et al., 2019b).

Missing predictors in meta-regression can impact the accuracy of statistical inferences
and in turn the precision of research syntheses (Pigott, 2001b, 2019). Specifically, if the selected
technique to handle missingness purposely disregards the fact that values are missing from the
data, it could lead to biased estimates (Little & Rubin, 2002; Graham, 2012). When data are not
missing completely at random, this is the case of complete-case analysis and shifting units of
analysis, which are currently the two most common approaches to handle missing data in meta-
analysis (Tipton et al., 2019b).

More sophisticated procedures, such as multiple imputation, take into account the
mechanism that causes covariates to be missing (Pigott, 2001b, 2019). Multiple imputation is
broadly used in primary studies, where the goal is to estimate missing values from the observed
cases based on three main steps (Rubin, 1987; Little & Rubin 2002). The first step produces
several possible values for each missing observation and with them a set of complete data
frames. The second step uses standard statistical methods to analyze each complete data frame.

The final step combines the estimated parameters from each analysis in step two (Schafer, 1997,
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Enders, 2010). Currently, there are several available packages that can generate multiple
imputations (Honaker et al., 2011; van Buuren, 2018). Its application in meta-regression context,
however, is still incipient (Ellington et al., 2015; Tipton et al., 2019a).

Accuracy of multiple imputation depends mainly on how missing values are filled (Little
& Rubin, 1987). Therefore, specifying the correct imputation model is a key component; failing
to do so can lead to inconsistent estimations (Schafer, 1999). In order for an imputation model to
be correctly specified, it must be compatible with the chosen analytical model (Meng, 1994; Liu
et al., 2014). In the context of meta-regression, the goal is to impute values of missing covariates
conditional on effect sizes and their corresponding variances, to later model effect sizes
conditional on values of imputed covariates. Assuming that covariates and effect sizes have a
join distribution, then the imputation model is compatible to the analytical model only if they
both resulted from this joint distribution.

A convenient strategy to ensure compatible imputations is to use the analysis model as
part of the imputation model (Bartlett et al., 2015). Existing “off the shelf” multiple imputation
models’ implementations provide flexibility, which can make them less susceptible to model
misspecification. Further, there is evidence that they can outperform ad hoc models in certain
settings under a meta-regression framework (Ellington et al., 2015). However, none of them
supply compatible imputations for meta-regression analyses. Because using incompatible
imputations can yield imprecise results, using standard multiple imputation software could result
in biased estimations. Chapter 1 findings indicate “off the shelves” multiple imputation can yield
biased estimates when missingness is highly correlated to effect size estimates.

Adaptations of standard multiple imputation implementations to the meta-regression

context could potentially result in more precise analyses. Schauer (2019) addressed this issue by
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developing imputation models that are compatible to meta-regression analyses of independent
effect sizes. Preliminary simulation results for imputing a single binary covariate show that the
compatible method outperforms complete-case and standard multiple imputation implemented in
the mice package in R (Buuren & Groothuis-Oudshoorn, 2011).

Reporting multiple effect sizes is a very common practice in social science research (Van
den Noortgate et al., 2015). Researchers of primary studies might be interested in several
outcome measures for a given intervention or in comparing the effectiveness of different
interventions to a control group. Therefore, a meta-analyst interested in these studies would
encounter dependent effect sizes and thus should apply methods that can account for the
dependencies between estimates within the same study. In practice, there are a number of
strategies to handle dependencies, among them, multilevel meta-analysis has become
increasingly common (Konstantopoulos, 2011; Fernandez-Castilla et al., 2020).

In this study, I will expand Schauer (2019) by developing compatible imputations for
meta-regression of dependent effect sizes. Particularly, | will focus on the simple multilevel case
were effect sizes are nested within studies and missingness is present in a single binary or
continuous covariate. First, I introduce a statistical framework of compatible imputations for
meta-regression. Using this framework, | present a compatible multiple imputation approach to
handling missing data in meta-regression of dependent effect sizes. Then, | investigate the
performance of this new method through a simulation study. Later, I compare its accuracy to two

standard multiple imputation approaches, predictive mean matching and random forest.

2.2 Meta-Regression

Recall the basic meta-regression model, where | assume a meta-analytic data frame with

k independent studies. Each ith study reports a T; effect estimate of the population effect
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parameter 6;, a corresponding estimation error variance v;, and p covariates of interest X; for
i=1,.....,k. The meta-regression model is defined as:

T, =X, +u;+e, (14)
where e; represents the estimation error of effect i, V[e;] = v; and u; represents the random
effect and V[u;] = t2. Note that in this case X; = [1, X;,,. .., Xip] is the vector of intercept and
covariates for each effect estimate in T;, thus assuming independent effect sizes. The vector n =
[B, T%] represents the parameters of the model. Thus, the meta-regression model can be denoted
as P(T|X,v,n).

If, however, our meta-analytic data frame reports more than one effect size, then our
meta-regression model should account for these dependencies between estimates in the same
study. Then, the three-level mixed effects meta-regression model is defined as:

Ty =XiB +u; +71; +ej, (15)
where e;; represents level one estimation error of effect j in study i and V[e;;] = vj;. Level two
within study variation is r;; and V[r;] = 1(22). Level three between-study variance is noted by u;

and V[u;] = t4%,. The vector n = [B, t%,, T4, ] represents the parameters of the model.
(3) 2y "3

Consequently, the meta-regression model can be also noted as P(T|X, v, n).

Note that above | assume that all relevant values are observed and thus the meta-
regression model P(T|X, v,n), can be also referred to as the complete-case model. However, in
both cases the meta-analytic data frame can contain missing values. As discussed in previous
sections of this work, missing covariates is a very common issue in meta-regression and is the
focus of this study. Thus, | assume that the effect size estimate (7;) and its corresponding
variance (v;) are observed. Under this scenario, | can identify vectors X, the vector of observed

X; and XM, the vector of missing X;. The meta-regression model now depends on both the
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observed X and unobserved covariates XM and can be noted as P(T|X,v,n) =
p(T|X%, XM, v, 7). Chapter 1 addressed different approaches to deal with missing data in meta-

analysis. Here, | focus on multiple imputation under the meta-regression framework.

2.3 Multiple Imputation and Meta-regression model

As previously discussed in this work, multiple imputation relies on three different steps.
In order to exemplify them in a meta-regression context, let us consider a standard meta-
regression model as the one presented in (14) but with a single covariate of interest per study. In
this model, T; correspond to the reported effect size estimates, v; denote the estimation error
variances for each estimate, and X; the covariate of interest. The model can be rewritten as:

T; =By + L1 X; +u; +e;. (16)

Suppose that n = (B,, B, T2) is the vector representing the parameters of interest. For the
purpose of this illustration I assume that effect T; and variance v; estimates are all observed. On
the other hand, some of the covariate values X; are missing at random (MAR). Then this vector
can be divided into X9, the vector of observed X; and X™, the vector of missing X;.

The first step is the imputation process, where different values are generated for each
missing observation based on an imputation model of the observed values. Thus, producing m
complete datasets. This process relies on a Bayesian approach to generate random extractions
from the posterior predictive distribution of the missing values given the observed values (Rubin,
1987). In the context of meta-regression, effect estimates 7', variances v and observed covariates
X9 can be used to predict unobserved covariates X, to later randomly generate imputations
from. This can be explained using Murray (2018) notation.

The posterior distribution of interest for this example is defined as:

p(IT, X%, v) = [ p(IT, X°, X", v)p(X™|T, X%, v)dx™. (17)
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Thus, the posterior mean of interest can be noted as:

E[n|T,X° v] = E[E[n|X™,T,X°,v]|T,X°,v], (18)
and the variance as:
VInIT, X% v] = E[V[n|X™,T,X°,v]|T,X°,v] + VIE[n|X™, T, X°,v]|T, X°,v]. (19)

When imputations of the missing values X are generated using Monte Carlo approaches
and follow the standard combining rules for multiple imputation, this results in Monte Carlo
estimates of the posterior mean and variance of interest.

As noted earlier, under this approach, the random extractions of X come from the
posterior predictive distribution of the missing values given the observed values. This posterior
can be noted as P(X™|T, X%, v) and is defined as:

p(XM|T, X%, v) = [ p(XM|5,T, X%, v)p(8|T, X%, v)d§, (20)
where § is the parameter that explains the distribution of X|T, v. The imputation model is
denoted by p(X™|8,T,X°,v) and p(S|T, X, v) is the posterior distribution of & given the
observed data, so that:

p(8IT,X°,v) « p(X°|T, v, 8)p(8). (21)

In this way, the process of creating m imputations requires detailing a model of

p(X|T, v, &) and performing the following algorithm for i = 1,...,m:
1. Extract 8¢ from the posterior distribution p(8|T, X%, v).

2. Extract X" from the posterior predictive distribution p(X™|8%, T, X°, v).

Once the imputation process is finished and m complete datasets are generated, step two

performs the statistical analysis of interest on each of the m imputed datasets. In this case, a
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standard meta-regression model can be used to estimate the n vector. Step three follows Rubin’s
rules (Rubin, 1987) to pool the results from these estimated parameters. To illustrate these rules
in a meta-regression context, assume 7; represents the estimated n of the ith imputed data frame.

The point estimate of the m different #; is their average and can be noted as:
m
. _ 1\,
Myr = T?_‘LZ n;- (22)
=

The corresponding estimated variance of #; can be expressed as V[#;] and the variance of

7y 1S estimated given the within and between imputations variance:

w _ 1 N A

Vi == Vil 23)

i=1

m
1 . (24)

Va1 = HZ(TH — )%

i=1

(25)

- 1
Vit = Vil = Vap + (1 + E)VISI'

where V7, is the within-imputation variance calculated from the standard error, V3, is the
between-imputation variance estimates, and ¥V [1,,,] is the total variance.

Precision of multiple imputation relies on how missing values are filled (Little & Rubin,
1987). Consequently, using the correct imputation model is crucial; failing to do so can result in
inconsistent estimations (Schafer, 1999). Thus, in order to ensure precise multiple imputation
estimates, the imputation model p(X™|T, X, v) should be correctly specified and consistent

with the stated analytical model p(n|T, X%, XM, v). To exemplify this, recall our posterior
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distribution of interest defined in (17) and assume the researcher has detailed an imputation
model consistent with the analytical model, thus:
p (T, X%, v) = [ pA@IT, X%, XM, v)p* (XM|T, X, v)dx™. (26)
If, instead, the researcher uses an imputation model p! (X™|T, X°, v) which is not
consistent, or correctly specified, then the multiple imputation estimates will be drawn from a
different posterior distribution and not the distribution of interest.
p?@IT, X% v) = [p*(IT, X%, XM, v)p' XM|T, X%, v)dX"
#pA(IT, X%, v). (27)
There are different definitions of a correctly specified imputation model, in the next

section | will detail two of them in the context of meta-regression.

2.4  Compatible Imputations

As stated earlier in this paper, specifying the correct model in multiple imputation is an
essential component of this approach. Meng (1994) presented the notion of congeniality by
describing the conditions under which an imputation model would be congenial to an analytical

model. Under this definition, an analytical model is congenial to an imputation model if

1. The posterior p#(n|T, X, v) summarizes the analysis of interest, so that

EA(WIT, X, v) = (T, X,v), (28)
Vard(n|T,X,v) =V},

2. The analytical model matches the imputation model, so that

pA(XM|T, X%, v) = p! (XM|T, X%, v). (29)

Based on this definition, the imputation model should be at least as general as the analytic

model. As a general rule, if the imputation model is more saturated than the analytic model (i.e.,
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the analytic model is nested within the imputation model), the multiple imputation inference
should be valid (Xie & Meng, 2016).

A second notion of correctly specified imputation models is compatibility defined by Liu
et al. (2014). Let (X, T|6) represent a joint model distribution, and gy (X|T, 8x), g7 (T|X, 61)
represent two conditional distributions with parameter spaces 4, and §; fori = X, T. Then, g; are
compatible with with £ if there is a collection of surjective maps from 4 to §; so that:

9x(X|T,6x) = f(X|T,5) and
gr(T|X,6r) = f(TX, ). (30)

In the context of our meta-regression, the goal is to impute values of missing covariates,
XM conditional on effect sizes and their corresponding variances (T, v), to later model effect
sizes conditional on values of imputed covariates (T|X™). Assuming that covariates and effect
sizes have a join distribution (X, T|v, §), where § = (1, ¢) = (Bo, f1, T2, ), then the
imputation model is compatible to the analytical model only if both of them resulted from this
existing joint distribution. Bartlett et al. (2015) suggested a convenient strategy to guarantee
compatible imputations, which relies on setting

p(x|T, X%, v,8) « p(T|x, X%, v,n)p(x|X°, v, P). (31)

Here, the imputation model is proportional to the likelihood function of the meta-
regression model, and the second to the prior distribution on the missing X. Under a meta-
regression framework, concepts of congeniality and compatibility are associated, in the sense
that incompatible imputation models can lead to uncongenial imputation models. Currently,
standard multiple imputation software do not supply compatible imputations for meta-regression;

thus, using them to impute meta-regression covariates could lead to imprecise estimations.
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2.5  Compatible Imputations for meta-regression

Schauer (2019) developed imputations that are compatible with meta-regression of
independent effect sizes. His approach relies on Bartlett et al. (2015) framework for compatible
imputations discussed in the previous section. To illustrate his approach, recall the general
multiple imputation algorithm in section 3.3. The overall goal of this procedure is to impute X"

by first extracting & from the posterior distribution p(8|T, X%, v).

2.5.1 Basic approach

Within the Bartlett et al. (2015) framework defined in (31), a conservative prior can be
assumed so that p(x|X°, v, ¢)  c, then

p(x|T, X% v,6) < p(T|X°, v,7). (32)

Thus, assuming that all the required information to impute X is included in the analytical
model p(T|x, v,n). This result implies that the primary parameter of interest for imputing 7 is
identical to the parameter of interest for the analytic model (i.e., § = 7). Moreover, if the meta-
regression analytic model is part of the likelihood function from which the distribution
p(x|T, X%, v,n) is originated, then the imputations should be compatible. Then, extracting
n|T, X°,v is a valid approach to ensure imputations compatible to a meta-regression analytic
model.

Therefore, if a meta-regression model is specified, then n can be extracted from a
posterior distribution p(n|T,X°,v) = p(T|X°, v,n)p(n). Subsequently, X can be extracted
from p(x|T, X%, v, 1), which is compatible to the meta-regression model p(T|X, v, 7). Thus, the
multiple imputation algorithm can be expressed as:

1. Extract n’ from the posterior distribution p(n|T, X, v).
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2. Extract X' from the posterior distribution p(x|T, X°,v,n").

Initial simulation results for imputing a single binary covariate suggest that the
implementation of compatible imputations outperforms complete-case and standard multiple
imputation implemented in the mice package in R (Schauer, 2019). Both complete-case and
common multiple imputation methods yield biased estimates for the meta-regression analysis.
Whereas bias was greatly decreased when using compatible imputations (60-80%). The
simulation results were based on 5,0000 replications, and a meta-analytic dataset of 50 effect size

estimates and one study-level binary covariate of interest.

2.5.2 General approach

The previous section assumes that values of missing covariates are uncorrelated with
estimators’ error variances, which might not be always the case. Instead, in meta-regression,
there might be a relationship between missingness, estimators’ standard errors and observed
covariates. Under this scenario, the compatible imputation model depends on two different
functions; the meta-regression model p(T|x, v,n) and the model of missing covariates
conditional on the observed covariates and the estimation variances p(x|X°, v, ¢), which I will

refer as the auxiliary model. Thus, the imputation model parameters are now denoted by § =

[n, P].

Suppose that n and ¢ are independent, then §' can be drawn from its posterior
distribution by first drawing n’ from the posterior distribution p(n|X°,T,v) =
p(T1X°,v,n)p(n) and drawing ¢’ from the posterior distribution p(¢|X°, T,v) =
p(x|X°,v,d)p(d). Once &' is obtained, missing values can be imputed by extracting X from

the posterior distribution p(x|T, X%, v, §").
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To demonstrate this, recall the meta-regression model defined in (14) and assume

missingness in a single covariate. Let X; denote the jth covariate and X_; denote the vector that
excludes the jth covariate. Let on denote the observed values and X} denote the missing values
for the jth covariate. Then, m imputations can be generated by drawing samples of n® for t =

1, ..., m from the posterior distribution of p(n|X 9 T, v), which corresponds to the posterior

—]l ] )
distribution of the meta-regression model on complete-cases; and by drawing samples of ¢® for

t= ,m from the posterior distribution of p(¢|X 9 T,v). When X; is categorical,

—JI ] )

p(X;1X_;, v, @) can be modeled as a log-linear regression. Similarly, when X; is continuous,

p(X;|X_;, v, ¢) can be modeled as a linear regression.

Later, given §® = [n®, ¢®], imputations can be generated by extracting Xj(t) for each

missing X;. Following the results of Bartlett et al. (2015), the distribution of X; is proportional to:

fX) = p(TIX_;, X;, v, npX;1X-j, v, ¢©). (33)

In order to generate samples from this distribution, rejection sampling approach proposed
by Bartlett et al. (2015) can be used. However, as showed by Schauer (2019), in cases were the

auxiliary model p(X;|X_;, v, ¢©) follows specific parametric distributions, it is possible to

—jr
sample directly from f(X;). For instance, when the auxiliary model is a log-linear model and X;
is categorical, f(X;) can be denoted as a log-linear model. Similarly, when the auxiliary model is

a normal linear model and X; is continuous, then f(X;) can be expressed as a normal model.

2.6 Compatible Imputations for Meta-regression with Dependent Effect Sizes
The aim of this paper is to expand the compatible imputation framework to meta-

regression of dependent effect sizes. To that end, | focus on the simple multilevel meta-
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regression model, which does not require to estimate the effect sizes covariance structure, as they
are usually not reported (Fernandez-Castilla et al., 2020). Compatible imputations are studied
under meta-regressions involving missingness in a single covariate. As noted in Chapter 1,
multiple imputation performance might vary depending on the covariate of interest type. This
work centers on categorical and continuous covariates, which represent variables that commonly
appear in social science meta-analyses. Further, to simplify the multilevel case, | will assume
study-level covariates only.

Following Schauer (2019) work, this study begins by developing a basic approach for
dependent effect size meta-regression compatible imputations to later accommodate auxiliary

models. Thus, allowing to incorporate information about the covariate of interest.

2.6.1 Basic approach - Categorical covariate case

When there is only one categorical covariate with m = 1,..., M categories, the dependent
effect sizes meta-regression model can be written as:

Tji = Bo + B1Xi +u; + 15 + ey (34)

In this case, 6 =n = (30,31,1(22),1(23)). In order to impute missing values, categorical
covariates can be modeled as multinomial random variables. Using the outcome in (32), this
implies that

p(TIX =k, v,n)
m=1P(TIX = m,v,n) (35)

P[X = k|T,v,8] =

Based on our meta-regression model in (34), this can be written as:
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2(tly + 15y + V)
M {_ (T = Bm)? } (36)

m=1 CXP 2(1(22) + 1(23) + v)

exp{_ (T — B }
P[X = k|T,v, 8] <

Later, the algorithm that produces imputations of X* that are compatible with

p(T|X,v,n) can be expressed as:

1. Extract n’ from the posterior distribution p(n|T, X%, v) = p(T|X%,v,n)p(®).

2. Extract X' from a multinomial distribution with probabilities shown in (36), using n’

(Bo, B1, T(Zz): 7(23))-

2.6.2 General approach - Categorical covariate case

Following the general approach previously discussed on this paper, a probability model
p(x|X°, v, ®) can be specified based on prior knowledge about the covariate of interest. When

this covariate is categorical, it is possible to model p(X;|X_;, v, ¢) as a multinomial logistic

—j»
model. If there is only missingness in a single covariate X; with M categories, the auxiliary

model for a meta-regression with p covariates of interest and v denoting effect size variances,
can be expressed as:

In———
PX; =1)

= Bom + BimX1it - FBpmXpi + Bpr1mVi = Zmis
pmApi T Pp 37)

where B,,,, is a regression coefficient associated with the pth covariate in X_j, all of the

—j1
covariates except the jth variable, and v; is the variance of the effect size. Here, | assume the
first category is the reference. Later, the probability that observation i of the X; covariate, has

outcome m can be defined as:
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€xXp (Zmi)
1+ 25N exp (Zy) (38)

P(Xjj=m) =

Once the auxiliary model has being defined, it is possible to extract ¢p’ from the posterior
distribution p(¢|X_;, X; 0T v)= p(X;|X_j,v,$)p(¢). Using the results of the basic approach,
n' can be then extracted from the posterior distribution p(n|X_j, X; OT,v) =

p(T|X O T, v)p(n). Later, XM can be extracted directly from the distribution

—]! ] )
p(x|T,X_j,Xj0,v,6’) = p(T|X_;, X;,v,n")p(X;|X_j,v,¢"). Thus, the multiple imputation

algorithm can be expressed as:

1. Extractn’ from the posterior distribution p(n|X_;, X; 9.T,v).
2. Extract ¢p’ from the posterior distribution p(¢)|X_], ,T,v).

3. Given §* = [n',¢'], extract X™ from the posterior distribution p(x|T, X_;, X § 9v,68"),

using probabilities given in (36) and (38).

2.6.3 Basic approach - Continuous covariate case

When there is only one continuous covariate X, the dependent effect sizes meta-
regression model can be written as:

Tji = Bo + 1 Xi +u; + 15 + ey

(39)
In this case, § =n = (,80:,81;7'-(22)'1-(23))' Based on this meta-regression model, the
imputation model can be expressed as:
1 T — By — B1X)?
P[X|T,v, 5] x exp{—( _ bo Zﬁl ) }

\/271’(‘[(22) + T(23) +v)
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Thus, it is possible to generate compatible imputations of X that are compatible with

p(T|X,v,n) implementing the following algorithm:
1. Extract n’ from the posterior distribution p(n|T, X%, v).
2. Extract Z' from a normal distribution with mean g, — T and variance 1(22) + 1(23) +v.

3. Determine XM by setting X = Z'/B;.

2.6.4 General approach - Continuous covariate case

Under this general approach, it is possible to specify a probability model p(x|X9, v, ¢)
based on prior knowledge about the continuous covariate of interest. In this case, it is possible to
model p(X;|X_;, v, ¢) as a normal linear model. If there is only missingness in a single covariate
X;, the auxiliary model for a meta-regression with p covariates of interest and v denoting effect
size variances, can be written as:

Xji = Bo + P1X1it+. .. +BpXpi + Bpi1Vi + €, (41)

where, 3, is the intercept and S,..., B, are the regression coefficients. The errors are

represented by ¢; with a mean of zero and a variance of o2. Based on this model, a probability

density can be defined as follows:

=By — e N2
PIX;|X_j v, ¢] ! exp{—(X] Bo — b1 X1 Bp+1Vi) }

V2702 202 (42)
Similar to the categorical case, once the auxiliary and the meta-regression models are

defined, X can be extracted directly from the distribution p(x|T, X. X]-O, v,6') =

—j»
p(T|X_;, X;,v,n")p(X;|1X_j,v,¢"). Therefore, the multiple imputation algorithm can be

implemented by:

69



1. Extract n’ from the posterior distribution p(n|X_j,Xj0,T, V).
2. Extract ¢’ from the posterior distribution p(¢|X_j,Xj0, T,v).
3. Given §* = [n',¢’], extract XM from the posterior distribution p(x|T,X_j,Xj0,v,5’),

using probabilities given in (40) and (42).

2.7  Simulation Study

A simulation study was implemented in order to evaluate the performance of the
imputations that are compatible with meta-regressions of dependent effect sizes. Missingness
was incorporated within an existing meta-analytic data frame with dependent effect sizes to
ensure realistic features of social science meta-regressions. | examined five conditions of missing
data by removing 10 to 50 percent of the values. Because multiple imputation approaches rely on
Missing at Random (MAR) assumptions, the covariate missingness mechanism that generates
incomplete data was set to MAR. Thus, the probability of being missing is related to the
observed values. According to findings in Chapter 1, the accuracy of standard multiple
imputation decreases when missingness it’s strongly related to effect sizes and its variances. A
second MAR high condition was included to assess the performance of compatible imputations
under this scenario.

Tanner-Smith et al. (2016) performed meta-regression analyses to study the effect of
substance abuse interventions for youth on later substance use. They were particularly interested
in examining treatment impact variation according to treatment and individuals’ features. A
subset of their original data was selected here to ensure an initial complete data set. This includes
a total of 70 effect size estimates from 42 studies and four covariates representing overall
characteristics of the treatment and of individuals in this group. The precision of effect sizes
ranges from 0.006 to 0.365. The number of effect sizes per study varies from one to six. Here,
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one binary covariate representing whether participants received outpatient treatment or not and
one continuous covariate representing the percentage of non-white participants were modified to
simulate missingness in one covariate at a time.

Missingness conditions were introduced following Rubin (1976) framework and
implementing the mice package function ampute. MAR data was generated by assigning each
candidate a probability of being missing based on weighted sum scores of all the observed
variables. This approach assigns equal weights to all observed variables included in the
amputation model. Whereas, in the MAR high condition, effect size and its variance are
weighted twice as large as other observed variables (i.e., 0.8 vs. 0.2). For each condition of
missing data mechanism, all five missingness proportion settings are produced. Due to
computationally intensive implemented algorithms, a total of 5,000 data sets are simulated.

Incomplete data sets are then imputed using “off the shelf” multiple imputation
procedures (i.e., PMM and Random Forest in mice) and the new developed compatible
imputation method implemented as a function metami.mv in R. The imputed data sets are later
analyzed by estimating a multilevel meta-regression using the metafor package in R. Estimates
from each model are then combined to obtain a single set of estimates.

The performance of each imputation procedure was then evaluated using the original
complete data set estimates as a baseline. Bias of the estimated coefficients and bias of the
estimated standard error (in terms of standard error ratios) were determined as performance

metrics.
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2.8 Results

2.8.1 Accuracy of compatible imputations under MAR condition

The first set of simulations assessed the performance of the proposed compatible multiple
imputation approach for dependent effect sizes meta-regressions, in contrast to two standard
multiple imputations methods (i.e., PMM and Random Forest). Under this scenario, data is

missing at random.

2.8.1.1 Binary Covariate

Figure 22 presents the bias of the estimated slope of the binary covariate of interest,
which represents whether participants received outpatient treatment or not. Each panel denotes a
given missingness mechanism (i.e., MAR and MAR High). Within panels, bias is plotted as a
function of the percentage of missingness (ranging from 10% to 50%). The first panel of the
figure indicates that the developed compatible multiple imputation method yields unbiased slope
estimators. In line with Chapter 1 findings, random forest estimates outperform the default
multiple imputation approach. Results also suggest compatible imputations produce accurate
standard error estimates when data is missing at random (see Figure 23).

Next, all three multiple imputation methods produce negligible biases when estimating
the intercept coefficient in the case of smaller proportion of missingness (i.e., Less or equal to
30%). For larger proportion of missingness, compatible and random forest multiple imputations
outperform the default multiple imputation approach (see Figure 24). As shown in Figure 25,
imputed standard errors of all three methods are accurate across all values of missingness

proportions evaluated here.
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Figure 22

This figure plots the bias of the estimated slope coefficient under default PMM, random
forest and compatible multiple imputation approaches.
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Figure 23

This figure plots the ratio of the imputation standard error to the empirical standard
error, under default PMM, random forest and compatible multiple imputation
approaches.
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Figure 24

This figure plots the bias of the estimated intercept coefficient under default PMM,
random forest and compatible multiple imputation approaches.
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Figure 25

This figure plots the ratio of the imputation standard error to the empirical standard
error, under default PMM, random forest and compatible multiple imputation
approaches.

MAR MAR_High
1.10-

=
o
a

Standard Error Ratio

J

0.95-
' ' ' ' ' ' ' ' ' '

10 20 30 40 50 10 20 30 40 50
Proportion Missigness

DataType MI Compatible —e— MI PMM MI RF

74



2.8.1.2 Continuous Covariate

Figure 26 presents the bias of the estimated slope of the continuous covariate of interest,
representing percentage of non-white participants. Under the missing at random condition, the
compatible multiple imputation approach produces negligible biases of the slope estimate.
Similar to what was found in Chapter 1, default multiple imputation (i.e., predictive mean
matching) seems to outperform random forest method. In line with the binary covariate case,
compatible imputation standard errors are quite accurate across all values of proportion of
missingness (see Figure 27). Random forest imputations overestimate the empirical standard
errors by about 2.5% with smaller missingness proportions (i.e., less than 30%) and by about
3.5% with bigger proportion of missingness.

When estimating the intercept coefficient, both compatible imputation and standard
multiple imputation methods produced negligible biases, particularly with proportion of
missingness smaller than 30%. Compatible and default multiple imputation outperform random
forest multiple imputation method with larger proportion of missingness, as shown in Figure 28.
Next, results suggest that random forest imputations underestimate the empirical standard errors
with larger proportion of missingness (i.e., over 30%). On the other hand, compatible and

predictive mean matching imputation standard errors are mostly accurate.
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Figure 26

This figure plots the bias of the estimated slope coefficient under default PMM, random

forest and compatible multiple imputation approaches.
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50

This figure plots the ratio of the imputation standard error to the empirical standard
error, under default PMM, random forest and compatible multiple imputation

approaches.
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Figure 28

This figure plots the bias of the estimated intercept coefficient under default PMM,
random forest and compatible multiple imputation approaches.
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This figure plots the ratio of the imputation standard error to the empirical standard
error, under default PMM, random forest and compatible multiple imputation

approaches.
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2.8.2 Accuracy of compatible imputations under MAR High condition

Findings in Chapter 1 suggest that the precision of both standard multiple imputation
approaches reduces when missingness in the covariate of interest is highly related to the effect
size and its variance. The second set of simulations investigates the performance of compatible
imputations in this setting. Figures 22 and 26 show the bias of the estimated slope for a binary
and a continuous covariate correspondingly. Under this MAR high scenario and as a function of
proportion of missingness, results indicate that the performance of the proposed compatible
imputation method is not substantially affected by this new condition. However, this is not the
case for standard multiple imputation approaches.

When missingness is present in a binary covariate, predictive mean matching yields
biased estimates and overestimates standard errors by approximately 4% with larger proportion
of missingness. Similarly, random forest produces biased slope estimates of the continuous
covariate and overestimates standard errors by over 2.5% when missingness proportions larger
than 30%. Overall, compatible imputations yield accurate standard errors but tend to slightly
overestimate the full data standard errors by about 2% with missingness rates of 50% (see
Figures 23; 27).

When examining the intercept estimates under this new setting, results are consistent with
the previous case of data missing at random. All three multiple imputation methods have a
similar performance, yielding negligible biased estimates for both binary and continuous
covariates. Imputed standard errors tend to be accurate with all three methods. However, as
shown in Figure 29, random forest overestimates the empirical standard errors by approximately

2.5% when missingness is present in a continuous covariate and with larger rates of missing data.
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29 Discussion

This study expands the existing literature on compatible multiple imputations to meta-
regressions for dependent effect sizes. Under the multilevel framework and in cases where
missingness is present in a single categorical or continuous covariate, this article describes a new
approach for meta-regression imputations. Both basic and general approaches to compatible
imputations were demonstrated here. However, it is very unlikely that missingness in a covariate
is uncorrelated to estimators’ errors variances or other relevant covariates (Schauer et al., 2021).
Thus, the general method was implemented here, through an algorithm in R that allows to
generate compatible multiple imputations for binary and continuous covariates in meta-
regression with dependent effect sizes.

The precision of this new approach was investigated through a simulation study. The
analysis revealed that, in general, the developed compatible multiple imputation method
outperforms standard multiple imputations. Using compatible multiple imputations yields more
precise coefficient estimates for both the slope and intercept. Imputed standard errors are quite
accurate across all values of missingness proportions considered (ranging from 10% to 50%).

These findings also hold for cases in which missingness in a covariate is highly related to
the effect size estimates, referred here as MAR High condition. This is not the case for standard
multiple imputation methods, which can produce less accurate estimates under this condition as
suggested in Chapter 1 and in the results section of this work. Though the bias is a function of
the missingness proportion, compatible imputations prove to produce precise coefficient
estimates throughout missingness values studied here. Imputed standard errors are accurate but
tend to somewhat overestimate the empirical slope standard errors by approximately 2% in the

case of very high amount of missingness, that is, when proportion of missingness is 50%.
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Results found here are consistent with preliminary findings of compatible imputations for
meta-regressions of independent effect sizes (Schauer, 2019). Underlining the importance of
accurate imputation models to ensure consistent estimations (Schafer, 1999). The incorporation
of imputations that are compatible with the meta-regression analysis model contributes to the
improvement of current standard multiple imputation implementations by reducing the bias of
meta-regression coefficient estimates.

Although promising, the work presented here is the first step in the development of
compatible multiple imputations for meta-regressions with dependent effect sizes. The
framework applied to single categorical and continuous covariate can be further extended to
multiple covariates. This would involve the specification of joint distributions across covariates
with missing values. One way to simplify this issue is to specify a series of conditional models to

later draw from each iteratively.

The approach introduced here relies on certain assumptions. First, it was based on a
multilevel framework of dependent effect sizes and on linear auxiliary models. Future work that
introduces more complex dependent effect size meta-regressions and auxiliary models’ structures
would be a relevant contribution to the field. Second, it assumes correctly specified imputations
models. Exploring the accuracy of these methods when imputation models are misspecified
could be of great interest. Specifically, understanding how vulnerable the developed method is to
different levels of misspecification would provide further guidelines on when and how to
implement them. Third, simulation results are based on a realistic meta-analytic dataset.
Although a number of different scenarios were analyzed, covariates of interest were not highly
correlated with effect size estimates and thus the estimated bias could be larger under different

scenarios, particularly when using standard multiple imputation methods. However, given the
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compatible imputation framework, this should not substantially affect the accuracy of the
methods developed here. Future research could address this issue by investigating broader

settings.

In light of these results, this study suggests that researchers facing missing covariates in
meta-regressions with dependent effect sizes should processed carefully with standard multiple
imputations. Particularly in cases when missingness appears to be highly correlated with effect
size estimates, compatible multiple imputations are more advisable than the generally used

complete case analysis and “off the shelves” multiple imputation methods.
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Chapter 3: Multiple Imputation for Handling Missing Covariates in Meta-Regression:
Practical Tutorial.

3.1 Introduction

Meta-regression has become increasingly common for explaining the variation of effect
sizes across studies in meta-analysis (Borenstein, 2009; Tipton et al., 2019a). There is a vast
literature on how to perform analyses using these models when missing data is not present (e.g.,
Berkey et al., 1995; Hedges, 1983; Hedges et al., 2010; Viechtbauer, 2007). This literature has
also been expanded to take into account dependencies among effect size estimates (Becker,
2000; Van den Noortgate et al., 2013, 2015; Hedges et al., 2010). However, missing data is a
typical issue in meta-analysis (Pigott, 2001b). Under the framework of meta-regression,
problems with missing data often comprise missing covariates (Pigott, 2019; Tipton et al.,
2019b).

Because missingness can bias statistical inferences, procedures for handling missing data
are of great interest (Little & Rubin, 2002; Graham, 2012; Pigott, 2001b, 2019). Complete-case
analysis and shifting units of analysis are currently the most common methods to address missing
data in meta-analysis (Tipton et al., 2019b). However, numerous studies argue against them
because, to some extent, they ignore missing values by relying on the strong assumption of data
missing completely at random (Little & Rubin, 2002; Graham, 2012). In the context of meta-
regression, it seems that this assumption might not always be met, thus stressing the importance
of understanding the missing mechanism and pattern in the data (Schauer et al., 2021). Recent
studies have found evidence that both complete-case and shifting-case analyses can lead to
biased coefficient estimates in meta-regression, particularly when there is great proportion of
missingness, or if missingness is correlated with effect size estimates (see Schauer et al., under

review; Chapter 1).
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Multiple imputation has become an alternative approach to ad-hoc methods for statistical
analyses of incomplete data (Ellington et al., 2015; Pigott, 2019). This method generates several
values so that missing fields are filled based on observed data. This process creates complete
datasets, each of which are analyzed, and the results of those analyses are then pooled. The
accuracy of these methods relies principally on how missing values are imputed (Little & Rubin,
1987, 2002). Thus, the specification of the correct imputation model is an essential element.
Multiple imputation can lead to inconsistent estimations if this is not the case (Schafer, 1999).
Standard multiple imputation approaches do not incorporate imputations that are compatible with
the meta-regression analysis model and thus can yield biased estimates (Meng, 1994; Liu et al.,
2014; Schauer, 2019). Chapter 1 results suggest that the precision of “off the shelves” multiple
imputation decreases when missingness is highly correlated to effect size estimates.

Schauer (2019) developed imputation models compatible to meta-regression of
independent effect sizes. Following this framework, | extended this methodology to meta-
regression of dependent effect sizes in Chapter 2. Results show that compatible multiple
imputation methodologies outperform standard multiple imputations in meta-regression when
imputing one covariate at a time (see Schauer, 2019; Chapter 2). Thus, suggesting that
compatible multiple imputations are more desirable than the generally used standard multiple
imputation methods, particularly in cases when missingness is correlated with effect size
estimates.

Along with the theoretical framework, Chapter 2 developed an implementation of this
new compatible method in the R software language. This paper aims to provide practical
guidelines on the use of this approach and on the application of multiple imputations in the

context of meta-regression of dependent effect sizes. To this end, this tutorial uses data from
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Tanner-Smith et al. (2016), a meta-analysis of substance abuse interventions, to demonstrate this
method. The following section provides an explanation of multiple imputation steps including:
(1) Exploratory missingness analyses; (2) imputation process and strategic decisions and (3)
fitting the meta-regression model. | then describe the selected data set and later | use it to
exemplify these steps. Finally, this paper concludes with a summary of the tools for handling

missing covariates in meta-regression of dependent effect sizes introduced here.

3.2 Multiple Imputation Procedure

3.2.1 Exploratory Missingness Analyses (EMA)

Data explorations that occur before performing a formal meta-analysis can provide
relevant information regarding missingness. Previous research has advocated for practitioners to
understand missingness in their data through exploratory analyses, such as numerical and visual
summaries (Buja et al., 1996; Cheng et al., 2015) that are analogous to classical exploratory data
analyses (Tukey, 1962). A recent study specified a framework for exploratory missingness
analyses (EMA\) in the context of meta-analysis (Schauer et al., 2021). The purpose of these
explorations is to better comprehend the pattern and potential effect of the missing data in meta-
analysis, which can help analysts to make suitable decisions about an analytic approach. EMASs
can also provide information regarding assumptions about the missingness mechanism and their
feasibility.

Analyses concerning incomplete data will be impacted by which variables are missing in
a dataset, how frequently they are missing, as well as relationships between variables. The focus
of this tutorial is missing covariates; thus, | assume fully observed effect sizes and corresponding
standard errors. In their review, Schauer et al. (2021) introduced a set of metrics and

visualizations, which provide evidence on missingness rates, missingness patterns and
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relationships between variables with additions developed exclusively for meta-analysis and
meta-regression. These tools are implemented in the R software language and are detailed
through a supplementary vignette with examples and executable code using the visdat and
naniar libraries (Tierney, 2017; Tierney & Cook, 2020).

As discussed in the literature and as shown in the previous chapters, the proportion of
missingness can directly impact the accuracy of incomplete data analysis methods such as
complete-case analysis, standard multiple imputations and compatible multiple imputations
(Bennett, 2001; Dong & Peng, 2013; Jakobsen et al., 2017). Here, I identify two key numerical
summaries of missingness: (1) weighted percentage of effects missing any variable and (2)
weighted percentage of effects missing a specific variable (Schauer et al., 2021). Both measures
consider the fact that in a meta-analysis, parameters are estimated by the weighted average of
study-specific effect size estimates, so that the most precise effects estimates receive higher
weight (Borenstein, 2009; Cooper et al., 2019). Thus, missing a variable for an effect estimate
with a small standard error (i.e., high precision) can possibly be more harmful than missing the
same variable for an effect estimate with a large standard error.

Visual displays of missingness can provide graphic context on numerical summaries like
the ones discussed above. Aggregation plots produce a high-level representation of the
missingness in a data set and are useful to detect which columns have missing values (Schauer et
al., 2021). The relationship of missingness to observed values is another subject of interest.
Exploring this relationship can provide insight into the missingness mechanism assumption (e.g.,
missing completely at random). It can also indicate the degree of the relationship between
missingness and effect size estimates. Given results found in Chapters 1 and 2, this second point

is of great interest, particularly when selecting the appropriate missing data method. Schauer et

85



al. (2021) present convenient visualizations that can support explore such relationships.
Comparative density plots display the distribution of effect estimates and standard errors among
effects for which a covariate is observed versus when the covariate is missing. The use of these

metrics and visualizations will be exemplified with a meta-analytic data set later in this tutorial.

3.2.2 Imputation Process

The multiple imputation method was established in 1987 and in contrast to single-value
imputation, this approach generates m complete data sets instead of one (Rubin, 1987). This
method relies on three main stages. First, missing values are imputed with plausible values
obtained from a specified model to then generate m > 1 complete data sets. Second, the m
parameters of interest are estimated from each complete data set and using the chosen analytical
method. Finally, the m parameter estimates are combined into one using Rubin’s pooling rules
(Rubin, 1987).

This approach has been recommended as an alternative to the commonly used complete-
case analysis and shifting units of analysis methods (Ellington et al., 2015; Pigott, 2019).
Principally when the missing completely at random assumption is not feasible, which might be
the case in meta-regression (Schauer et al., 2021). However, under certain conditions, the
accuracy of standard multiple imputation approaches can decline. Previous Chapters suggest that
this occurs mainly when missingness is strongly related to effect size estimates (see Chapters 1
& 2). This tutorial focuses on the use of compatible multiple imputations which follow the same
structure of standard multiple imputations but ensure the specification of imputation models that

are compatible to meta-regressions, specifically of meta-regression with dependent effect sizes.
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3.2.2.1 Selecting the number of imputations

An essential component of multiple imputation is the selection of the number of imputed
data sets m to generate. Several studies have investigated the effect of m on various aspects of
the results. Some authors recommend using between three to five imputed data sets for moderate
proportions of missing information (Little & Rubin, 2002; Schafer, 1997). More recent studies
suggest using at least 20 imputations in order to improve the power of the analysis for small
effect sizes (i.e., < 0.1), and recommend setting m = 100 with greater proportions of
missingness (Graham et al., 2007). Further studies explored the number of multiple imputations
as a function of proportion of missingness and recommend using between 6 to 12 imputations
when missingness is less than 20% and between 20 to 60 with missingness ranges of 30 to 50%
(Bodner, 2008; White, 2011). Generally, it is beneficial to set higher values of m. van Buuren
(2018) proposed an emerged range of 20-100 imputations based on current literature. However,
the authors suggest using m = 5 — 20 under moderate missingness and when the primary

interest is on the point estimates as opposed to hypothesis testing.

3.2.2.2 Specifying the imputation model

A second component of interest is the specification of the multiple imputation model and
thus the selection of variables to include in the model. A general recommendation is to include
each one of the complete variables available in the data set. This strategy allows to capture the
mechanism that may cause the missingness data under the missing at random assumption
(Schafer, 1997). In this line, latest studies argue for a more inclusive strategy and suggest
including all variables even though they are not included in the final analytical model (Collins et

al., 2001). Further, there is evidence that the inclusion of informative auxiliary variables into the
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imputation model can be beneficial for multiple imputation with higher proportions of

missingness (Madley-Dowd et al., 2019).

3.2.2.3 Software implementation

There are a series of statistical packages that can implement multiple imputations (see
Honaker et al., 2011; Buuren & Groothuis-Oudshoorn, 2011). A convenient one is the mice
package in R. This software implementation provides a number of approaches to generate
multiple imputations and uses predictive mean matching (PMM) as the default method. It is also
possible to apply the random forest (RF) approach, which can lead to more precise estimates
when missingness is present in binary covariates (see Chapter 1). In this tutorial, I use a
developed algorithm metami.mv implemented in R that generates compatible multiple

imputations for meta-regression.

3.2.3 Fitting the meta-regression model and pooling results

Once the multiple imputed data sets are generated, the originally planned meta-regression
model is specified so that the parameters of interest can be estimated from each complete data
set. The purpose of this tutorial is to demonstrate multiple imputations for handling missing
covariates in meta-regressions of dependent effect sizes. There are several approaches that allow
to account for dependencies among effect estimates. Robust variance estimation (Hedges et al.,
2010) and multilevel meta-analysis (Van den Noortgate et al., 2015, 2013) have become
progressively common in practice. Following the framework for compatible imputations, this
tutorial implements the multi-level modelling approach. Let us assume a meta-analytic data
frame with k studies, where each ith study reports j effect sizes. Then, the three-level mixed

effects meta-regression model is defined as:
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Tji = Xif +u; + 15 + ey, (43)

where g is the vector of regression coefficients, e;; represents level one estimation error of effect
jinstudy i and V[e;;] = vj;. Level two within study variation is rj; and V[r;;] = 1(22). Level three
between-study variance is noted by u; and V[u;] = 1(23).

In practice, the multilevel meta-regression can be fitted using the metafor package in R
(Viechtbauer, 2010). Once each complete data set has been analyzed, the multiple-imputed
estimates are combined to obtain overall estimates and their corresponding standard errors.
Rubin (1987) provided a framework for pooling estimates, known in the literature as Rubin’s
pooling rules. According to his framework, for a single parameter g, the point estimate of the m

different 3; is their mean and can be noted ass:
m
.1,
:BMI - EZ :Bi' (44)
1=

To obtain the variance of £3,,;, two estimates of variance are needed. The within-

imputation variance is calculated from the standard error associated with estimate $; and can be

noted as:
1 m
w _ A2
Vi = le E (45)
1=

where 67 is the estimated variance of §;. The between-imputation variance of the estimate

corresponds to the variability of the estimate 3; across the m data sets and can be written as:

B _ 1 N 5 A 2
v —m;(ﬁi B (46)
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Later, the total variance of the point estimates 3,,; can be expressed as:
T ~2 w 1 B
VMI = O-MI - VMI + 1 + E VMI' (47)

Conveniently, Rubin pooling rules have been implemented in the mice package inR as a
pool function, which is also compatible with metafor package estimates outputs. Thus,

allowing to easily combine meta-regression estimates in R.

3.3 Data used for this tutorial

Tanner-Smith et al. (2016) conducted a meta-analysis that studied the effects of substance
abuse treatment programs on future substance use among youths. Additionally, the authors were
interested on exploring the variation of the effects within main characteristics of the youth
populations and interventions. To that end, Tanner-Smith et al. reviewed randomized and
controlled quasi-experimental design studies that evaluated the effects of substance use
interventions. These interventions applied different treatment modalities, including family
therapy, cognitive behavioral therapy (CBT) and pharmacological therapy. Interventions also
varied on their level of care (inpatient, outpatient, continuing care), treatment duration (in days)
and intensity of treatment contact per week (in hours). Participants of these studies reported
using alcohol, marijuana, and/or opioids. Finally, Tanner-Smith et al., recorded the sex and racial
composition of the sample along with adolescents’ average age.

In their study, Tanner-Smith et al. fit random-effects meta-regression models to estimate
the overall mean effect sizes and to examine variability in treatment program impact across
treatment and participant characteristics. These effect estimates comprise contrasts between
groups in a study that are exposed to different intervention conditions and thus the treatment

effect corresponds to the difference between the two groups. Effect sizes were calculated using
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the small-sample corrected standardized mean difference (Hedges’ g). In some cases, the same
group was used in multiple contrasts within a study, thus effect sizes in this review are possible
correlated. Although none of the effect estimates were missing, some of the covariates included
in the meta-regression presented missingness. For example, some studies did not report the
number of hours per week individuals spend in therapy. In order to address this issue, Tanner-
Smith et al. use the expectation-maximization (EM) algorithm to impute missing values
(Dempster et al., 1977; Graham et al., 2003). This algorithm has been explored previously as an
alternative method to handle missingness in covariates in statistical analyses (Ibrahim, 1990;
Ibrahim et al., 1999).

To exemplify the use of compatible imputations in meta-regression, this tutorial considers
a subset of the Tanner-Smith et al. data including k = 309 pretest-posttest effect size estimates
of substance abuse treatment programs from 46 studies. Following one of the original meta-
analysis research question, this chapter focuses on examining the variability in treatment impact
across treatment and participant characteristics. To that end, six covariates regarding participant,
outcome and treatment features are included in the analysis. As with their raw data, the effect
sizes are totally observed in this subset, but missingness is present in one moderator that

represents the intensity of the treatment program.

3.4  Software tutorial with data example

Under this context, | now provide a tutorial on how to produce compatible multiple
imputations and later conduct a meta-regression in the R statistical environment. Appendix A

includes an example syntax file that reproduces all the steps demonstrated here.
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3.4.1 Example 1: Continuous covariate example

3.4.1.1 Step 1: download the necessary packages

Users can freely download all necessary packages to perform exploratory missingness
analysis (EMA) in meta-analyses and meta-regression. Both naniar and visdat R libraries are
available through CRAN (Tierney, 2017; Tierney & Cook, 2020). Additional functions with
some custom extensions developed particularly for meta-analysis are stored in the wrappers.R
library at the following website: Wrappers_R (Schauer et al., 2021). Similarly, the mice package
that implements standard multiple imputations is also available for free download (Buuren &
Groothuis-Oudshoorn, 2011). Later, users can download the newly developed metami.mv.R
library that performs compatible multiple imputations for meta-regressions of dependent effect
sizes at metami.mv_R. Finally, to conduct meta-regressions, | use the metafor library

(Viechtbauer, 2010).

3.4.1.2 Step 2: ensure all required variables are in the dataset

Once all the necessary packages are installed, the user must ensure their dataset includes,

at least, the following variables:

1. Effect size: a column with values of effect sizes calculated from primary research studies.

2. Variance: a column with values of within-study variance estimates for each effect size

estimate.

3. Covariates: one or more columns with relevant predictor variables or covariates that

measure some characteristic of the studies, participants, outcomes or interventions.

4. Study identifier: a column with a unique identification number for each independent

study in the dataset.
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https://github.com/j3schaue/meta_analysis_md_diagnostics/tree/master/code
https://github.com/diazka/metami.mv

3.4.1.3 Step 3: exploratory missingness analysis
Prior to conducting multiple imputation and the meta-regression, researchers should use
exploratory missingness analysis to understand missingness in their data. First, a description of

the meta-analytic data set is shown in Table 3.

Table 3

Data set Descriptive Statistics

Variable Mean(SD)
Effect Size 0.16(0.35)
Sampling Variance 0.06(0.05)
ES per study 7.72(9.08)
Percentage male 0.67(0.17)
Percentage white 0.55(0.25)
Average Age 15.90(0.88)
Treatment Days 119.00(49.60)

Treatment Hours Per Week 1.72(1.39)

Later, numerical summaries of missingness can be calculated using the
miss_ma_var_summary function from the wrapper.R library. Table 4 presents the number of
missing cases per variable, the raw percentage of missingness and the weighted percentage of
effects missing a specific variable. In the data, the intensity of treatment measured in hours per
week has 25% of missingness. Further, the weighted percentage allows to identify variables
missing from larger studies, which usually get higher weights in a meta-analysis. Table 4
indicates that the effects for which intensity variable is missing correspond to a 37% of the total
precision of effect estimates. The exclusion of these effects in a complete-case analysis or a
shifting-units of analysis could lead to a reduction of precision when estimating the relationship

between treatment intensity and the intervention’s impact.
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Table 4
Numerical summaries of missingness
Variable # Missing % Missing  Wt. % missing
Treatment Hours Per Week 77 24.9 37.5

The above information can also be presented through visual displays of missingness.

Function vis_miss in R provides aggregation plots which visualize the amount of missingness in

the data (see Figure 30). These kinds of plots are useful to determine which columns have
missing values. Although in this data missingness is present in one covariate only, missingness in

multiple covariates can occur in other meta-analyses. Under this scenario, aggregation plots

allow to identify effect sizes that have more than one missing covariate.

Figure 30
This aggregation plot presents the amount of missingness in the data; dark areas indicate

cells in the dataset that are missing.
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Finally, it is possible to explore the relationship of missingness to observed values. As
discussed previously in this tutorial, the degree of the relationship between missingness and
effect size estimates is of particular interest in meta-regression. Comparative density plots can be
generated using the gg_esse_covariate_miss function from the wrapper.R library. These
plots present the distribution of effect estimates and standard errors among effect for which a
covariate is observed versus when the covariate is missing. Figure 31 suggests that effect
estimates tend to be smaller and have smaller standard errors when treatment hours per week is
missing than when it is observed. This is consistent with results shown in Table 4, which
suggested that missingness in treatment hours per week arose among studies with larger
accuracy. These results provide insight into the missingness mechanism assumption. Particularly,

it suggests that the assumption of missing completely at random is not feasible in this case.

Figure 31

These comparative density plots show the densities of effect size estimates and standard
errors when a covariate is missing versus when it is observed.
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3.4.1.4 Step 4: choose the number of imputations and the imputation model

Prior to generating multiple imputations, the user should first specify the following:

1. Imputation model: the user must specify the variables that will be included in the multiple

imputation procedure.

2. Number of imputed datasets (m): the analyst can choose the number of imputed datasets

to be generated.

3.4.1.5 Step 5: imputation process

Once these conditions are specified multiple imputations can be generated. The
metami.mv.R library allows users to systematize the imputation process and it is compatible
with the metafor package. The syntax used to produce compatible multiple imputations can be
expressed as:

comp_imp<- metami.mv(t = dat %>% select(es_g),
x = dat %>% select(PctMale, PctWhite, MeanAge,
TreatmentDays, HrsPerWeek),
dat %>% select(v_g),
dat %>% select(studyid),
%>% select(esid),

S0 un <
nm o o n
Q.
Q
+

20,

variable = "HrsPerWeek",
type="continuous"”,

fixed = FALSE)

Where t is a column of effect sizes specified as es_g in the dataset; v is a column of
within-study estimates of the effect size variances; noted as v_g in the dataset; x corresponds to
one or more columns of covariates; s is a column of studies unique identifiers; m specifies the
number of imputations to be generated; variable corresponds to a string indicating which
variable in columns x should be imputed; type indicates the covariate to be imputed type

(“binary” or “continuous”); and fixed=FALSE indicates that a random effects model weighting
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approach should be used. Note that in this example, m was specified to 20, thus 20 imputed

datasets are generated. Further, all available covariates are included in the imputation model.

3.4.1.6 Step 6: estimate meta-regression models

Next, the meta-regression model of interest can be fitted to each of these 20 imputed
datasets using the with function in mice and the rma.mv function in metafor. Analysts might be
interested in estimating meta-regression models that control for or explore potential moderating
effect of covariates. In this example, the focus is to examine the variability in treatment impact
across intervention and participant characteristics. Thus, the meta-regression model would
include covariates regarding participant, outcome and treatment features. This can be done with

the following syntax:

micomp_mods <- with(comp_imp,
rma.mv(t, v,

mods = ~ 1 + PctMale + PctWhite + MeanAge +
TreatmentDays + HrsPerWeek,
random = ~ 1| s/e))

Note that analysts may be interested in first fitting an intercept-only meta-regression to
estimate the unconditional mean effect size across studies. This can be done previous to the

multiple imputation procedure using directly the rma.mv function in metafor as follows:

mods <- rma.mv(t, v, random = ~ 1| s/e)

3.4.1.7 Step 7: pooling estimates
Finally, these results are pooled with the pool function as follows:

comp_mi<- summary(pool(micomp_mods))

When fitting the intercept-only meta-regression model to the example dataset, results

show a mean effect size of 0.54 (p < .001;95% CI [0.38,0.71]), suggesting that participants
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exhibited significant decreases in their substance use after the treatment. This model is estimated
using 309 pretest-posttest effect size estimates of substance abuse from 46 unique studies.
Further, pooled results indicate no significant association between the proportion of male
participants and effect size magnitude (b = .026,se = .30,p = .374). Similarly, there was no
evidence of a significant relationship between the proportion of white participants and effect
sizes (b = —.10,se = .17,p = .371). Treatment characteristics such as treatment duration in
days (b = —.00,se = .00,p = .774) and treatment intensity measured in hours per week (b =
.017,se = .01,p = .376) show no significant association with the reduction of adolescent

substance use.

3.4.2 Example 2: Binary covariate example

The compatible multiple imputation library can be also implemented to generate
imputations of binary covariates. Most of the steps to conduct these imputations are analogous to
those presented in the first example, so here | focus on those steps that would involve unique
specifications. For this illustration, suppose an examination of interest involves the impact of
high- versus low-intensity interventions on treatment effects. To that end, high-intensity
interventions can be defined as those involving more than 1.5 hours per week of treatment. Then
it is possible to use a binary covariate that would indicate whether the treatment groups received

high-intensity intervention or not.

3.4.2.1 Ensure all required variables are in the dataset

Similar to Example 1, users must ensure their dataset includes effect size estimates,
within-study variance estimates for each effect size estimate, unique identification for each
independent study in the database and the covariates of interest. Further, in the binary case, it is

important that the variable is specified correctly (i.e., X = 1 if treatment group was high-
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intensity; X = 0 otherwise). Failure to do so might lead to syntax problems with the compatible

multiple imputation library.

3.4.2.2 Imputation process
The syntax used to produce compatible multiple imputations for a binary covariate is

similar to the continuous case and can be written as follows:

comp_imp<- metami.mv(t = dat %>% select(es_g),

x = dat %>% select(PctMale, PctWhite, MeanAge,
TreatmentDays, HighIntensity),

dat %>% select(v_g),

dat %>% select(studyid),

dat %>% select(esid),

20,

variable = "HighIntensity",

type="binary”, fixed = FALSE)

S o wn <

Note that the only difference in this case is the type=binary specification and the
inclusion of the HighIntensity binary covariate. From here, users can follow steps 6 and 7
from Example 1.

Running this meta-regression model on the example 2 dataset leads to results comparable
to the previous example. No significant association between participant characteristics and effect
size magnitude was found. Adolescents that were exposed to a high level of intensity treatment
(i.e., more than 1.5 hours per week) show slightly larger reduction of substance use, however
there was no evidence of a significant relationship between high intensity treatment contact per

week and effect size magnitude (b=.036, se=.05, p=.484).

3.5  Summary

This paper presented a tutorial on how to use the metami.mv.R library in R currently
available for compatible multiple imputations with meta-regressions of dependent effect sizes by

implementing the framework proposed in Chapter 2. | also reviewed missingness exploratory

99



analyses tool extensions developed specifically for meta-analysis and meta-regressions discussed
by Schauer et al. (2021). The compatible multiple imputations framework can ensure imputations
that are compatible with meta-regressions of dependent effect sizes when missingness is present
in a single covariate. Missingness in binary and continuous covariates is a common issue in
meta-analysis, the R library discussed in this tutorial allows to generate imputations for both
covariate types. Thorough this tutorial, I covered technical relevant considerations for
compatible imputations using the software implementation in R. These considerations involve:
ensuring datasets incorporate measures of effect sizes, their variances, study identifiers and
covariates of interest, exploring data missingness using EMA and determining the appropriate
number of imputations as well as the imputation model.

This approach was applied to data on a meta-analysis conducted by Tanner-Smith et al.
(2016) on substance abuse interventions for adolescents. The examples shown here detailed
cases of missingness present in one covariate. Compatible multiple imputation was implemented
accordingly to address this issue. Meta-regression results show no significant evidence that
treatment characteristics and participant characteristics included in the model were associated
with changes in substance use. These results are consistent with what was found by Tanner-
Smith et al. (2016).

While there are various potential approaches to handling missing data in meta-analysis,
this tutorial does not discuss ad-hoc methods or other model-based methods. Both type of
techniques under the meta-analysis framework have been discussed in previous chapters and in
the literature (see Pigott, 2001b, 2019; Ellington et al., 2015). This tutorial is intended to be a
straightforward guide for users who wish to apply the software implementation of compatible

multiple imputations for meta-regression of dependent effect sizes.
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Appendix A

R R
# Load Necessary packages
R R

library(tidyverse)
library(tidyselect)
library(cowplot)
library(gridExtra)
library(naniar)
library(visdat)
library(ggplot2)
library(metafor)
library(mice)
library(miceadds)
library(rstan)
library(rstanarm)
library(doParallel)
library(dplyr)
library(brms)

HHHAHHHH A
# Set Number of cores for parallel computing
HEHASHHEFHSHHHAHHRHA SRR HERHFHAR G IS HE B AR HF AR RSB AR U B ERY

no_cores<- detectCores() - 1
doParallel::registerDoParallel(cores = no_cores)

HEH S
# Load data set

HH
data<- readRDS("./data/adt_data.RDS")

R R
# Exploratory Analysis
R R

# load function
source("./code/wrappers.R")

# Data Descriptives
summary(data)

# Total number of missing cells
miss_cells <- n_miss(data)
paste("Number of missing cells is", miss_cells)

# Proportion of missing cells

pct_miss_cells <- prop_miss(data)

paste@("The % of missing cells is ",
100 * round(pct_miss_cells, 3),
II%II)
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# Precision-weighted percentage of missingness
mis_ma_var_summary(data, "se_g", truncate =TRUE)

# Visual Summary

#Set variable names

dat<- data

names(dat)<- c("Study ID",
"Effect Size",
"Standard Error",
"Pct Male",
"Pct White",
"Mean Age",
"Treatment Days",
"Hrs Per Week")

# Aggregation plot using “vis_miss™ function
vis_miss(dat) +
theme(
legend.text = element_text(size = 7),
legend.key.size = unit(.5, "cm"),
axis.text.x = element_text(size = 7,
angle = 77.5)
)

#Comparative Density Plot

# Build shadow data frame first
adt_shadow <- bind_shadow(data)

# Plot comparative density using 'gg esse_covariate_miss™ function
gg_esse_covariate_miss(adt_shadow,

es_col = "es_g",
se_col = "se_g",
covariate = "glhrsperweek",

colors = c("#B8DE29FF", "#482677FF"),

adjust = c(1.3, 1.2), # Adjust smoothing for ES and SE
densities

label = "Treatment Hours Per Week")

HHHHEH SR R
# Imputation Process
HHHHAHFHF R R

#Load functions
source("Drawing_ParametersDepES.R")
source("Impute_CovariatesDepES.R")
source("MultipleImputations_DepES.R")

#icreate a v_g column with (variance of effect size)
#icreate es column, a unique effect size indicator

data<- data %>% mutate (v_g = se_g”"2,

esid = 1:n())
B R R R e
#Example 1: missingness in a continuous covariate
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WA

# Generate imputed datasets
comp_imp <- suppressMessages(
metami.mv(t = data %>% select(es_g),
x = data %>% select( PctMale', "PctWhite",
“MeanAge” , TreatmentDays , “HrsPerWeek),

v = data %>% select(v_g),

s = data %>% select(studyid),
e = data %>% select(esid),

m = 20,

variable = "HrsPerWeek",

type="continuous",
fixed = FALSE,
to_impute = NULL))

# Running Meta-regression
micomp_mods <- with(comp_imp,
rma.mv(t,
v,
mods = ~ 1 + "PctMale’ + "PctWhite  + “MeanAge™ +
“TreatmentDays™ + “HrsPerWeek',
random= ~ 1| s/e,
method="REML"))

# Pooling Estimates from m imputed data sets
comp_mi <- pool(micomp_mods)

# Results Summary
summary (comp_mi)

I R R
#Example 2: missingness in binary covariate
P

#First create Binary covariate based on threshold using Hrs Per Week variable
data <- data %>% mutate(HighIntensity = ifelse( HrsPerWeek™ > 1.5, 1, 0))

# Generate imputated datasets
comp_imp <- suppressMessages(

metami.mv(t = data %>% select(es_g),

x = data %>% select( PctMale’, “PctWhite , “MeanAge’,
“TreatmentDays™, “HighIntensity'),

data %>% select(v_g),
= data %>% select(studyid),
= data %>% select(esid),
= 20,
variable = "HighIntensity",
type="binary",
fixed = FALSE,
to_impute = NULL))

S 0 n <

# Running Meta-regression
micomp_mods <- with(comp_imp,
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rma.mv(t,
v,
mods = ~ 1 + "PctMale” + PctWhite + “MeanAge’
“TreatmentDays™ + “HighIntensity",
random= ~ 1| s/e,
method="REML"))

# Pooling Estimates from m imputed data sets
comp_mi <- pool(micomp_mods)

# Results Summary
summary (comp_mi)
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