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Abstract

When meta-analyzing heterogeneous bodies of literature, meta-regression can be used to
account for potentially relevant between-studies differences. A key challenge is that the
number of candidate moderators is often high relative to the number of studies. This
introduces risks of overfitting, spurious results, and model non-convergence. To overcome
these challenges, we introduce Bayesian Regularized Meta-Analysis (BRMA), which selects
relevant moderators from a larger set of candidates by shrinking small regression
coefficients towards zero with regularizing (LASSO or horseshoe) priors. This method is
suitable when there are many potential moderators, but it is not known beforehand which
of them are relevant. A simulation study compared BRMA against state-of-the-art random
effects meta-regression using restricted maximum likelihood (RMA). Results indicated that
BRMA outperformed RMA on three metrics: BRMA had superior predictive performance,
which means that the results generalized better; BRMA was better at rejecting irrelevant
moderators, and worse at detecting true effects of relevant moderators, while the overall
proportion of Type I and Type II errors was equivalent to RMA. BRMA regression
coefficients were slightly biased towards zero (by design), but its residual heterogeneity
estimates were less biased than those of RMA. BRMA performed well with as few as 20
studies, suggesting its suitability as a small sample solution. We present free open source
software implementations in the R-package pema (for penalized meta-analysis) and in the
stand-alone statistical program JASP. An applied example demonstrates the use of the

R-package.

Keywords: meta-analysis, machine learning, regularization, bayesian, lasso, horseshoe
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Selecting relevant moderators with Bayesian regularized meta-regression

A common application of meta-analysis is to summarize existing bodies of literature.
A crucial challenge is that there is often substantial heterogeneity between studies, because
similar research questions are studied in different labs, sampling from different populations,
and using different study designs, instruments, and methods. Any of those between-studies
differences can introduce systematic heterogeneity in observed effect sizes. Suspected causes
of systematic heterogeneity can either be used as exclusion criteria, or controlled for using
meta-regression'. The latter approach provides an opportunity to learn which factors
impact the effect size found. However, a limitation of meta-regression is that it requires a
relatively high number of cases (studies) per parameter to obtain sufficient statistical
power. In applied meta-analyses, the number of available studies is often low?. This
introduces a risk of overfitting, which results in uninterpretable model parameters®. In
extreme cases, the ratio of cases to parameters can be so low that the model is not
(empirically) identified, resulting in non-convergence®. Accounting for between-studies
heterogeneity thus poses a non-trivial challenge to classic meta-analytic methods. The risk
of arriving at false-positive conclusions when there are many potential moderators is so
ubiquitous that it was referred to as the “primary pitfall” in meta-regression®. The present
study introduces a novel method to overcome this pitfall by imposing Bayesian regularizing
(LASSO and regularized horseshoe) priors on the regression coefficients. These priors
shrink the effect of irrelevant predictors towards zero while leaving important predictors
relatively unaffected. The result is a sparse model with fewer non-zero parameters, which
benefits model convergence, reduces overfitting, and helps identify relevant between-study

differences.
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Variable selection

The “curse of dimensionality” refers to the aforementioned problems that arise when
the number of moderators is high relative to the number of cases®. It can be overcome by
performing variable selection: identifying a smaller subset of relevant moderators from the
larger set of candidate moderators®. Prior authors have stressed the need to perform
variable selection in meta-regression, for example, by limiting the number of moderators
considered®. This does not resolve the problem, however, as failing to consider a moderator
does not mean that it is irrelevant. Instead, moderators ought to be selected based on their

theoretical or empirical relevance for the studied effect.

One approach is to select variables on theoretical grounds. An important caveat is
that theories that describe phenomena at the level of individual units of analysis do not
necessarily generalize to the study level. Using such theories for variable selection amounts
to committing the ecological fallacy: generalizing inferences across levels of analysis®. The
implications of the ecological fallacy for interpreting the results of meta-regression are
well-known®": For example, meta-regression may find a significant positive effect of average
sample age on the effect size of a randomized controlled trial, even if age is uncorrelated
with treatment efficacy within each study. Less well-known is that the same problem
applies when using individual level theory to select study level moderators: If theory states
that an individual’s age influences their susceptibility to treatment, that does not imply
that average sample age will be a relevant moderator of study-level treatment effect in
meta-regression. One rare example of study level theory is the decline effect: effect sizes in
any given tranche of the literature tend to diminish over time®. When, by coincidence, a
large effect is found, it initially draws attention from the research community. Subsequent
replications then find smaller effects due to regression to the mean. Based on the decline
effect, we might hypothesize “year of publication” to be a relevant moderator of study

effect sizes. At present, few such study level theories about the drivers of heterogeneity
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BAYESIAN REGULARIZED META-REGRESSION 6

exist, and until they are developed, theory has limited utility for variable selection. A
further complication is that theoretically relevant variables might not be reported in many
published papers, which may be one reason why moderator analyses are rarely executed as

planned?®

An alternative solution is data-driven variable selection using appropriate statistical
techniques. This is a focal issue in the discipline of machine learning®. There is precedent
for the use of machine learning for variable selection in meta-analysis?. This prior work
used the non-parametric random forest algorithm. A limitation of random forests is that
its results are harder to interpret than linear models, which describe the effect of each
moderator with a single parameter. The present study instead uses regularization, which is
a method for variable selection in linear models. Regularization shrinks small model
parameters towards zero, such that irrelevant moderators are eliminated. Different
approaches to regularization exist®. The present paper introduces Bayesian Regqularized
Meta-Regression (BRMA), an algorithm that uses Bayesian regularizing priors to perform
variable selection in meta-analysis. Regularizing priors assign a high probability density to
near-zero values, which shrinks small regression coefficients towards zero, thus resulting in
a sparse solution. This manuscript discusses two shrinkage priors, the LASSO and

regularized horseshoe prior.

Statistical underpinnings

To understand how BRMA estimates the relevant parameters and performs variable
selection, it is instructional to first review the statistical underpinnings of classical
meta-analysis. In its simplest form, meta-analysis amounts to computing a weighted
average of the effect sizes. Each effect size is assigned a weight that determines how
influential it is in calculating the summary effect. The weights are based on specific
assumptions. For example, the fized effect model assumes that each observed effect size T;

is an estimate of an underlying true population effect size 3,°. This assumption is
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appropriate when meta-analyzing close replication studies''. The only cause of
heterogeneity in observed effect sizes is presumed to be sampling error, v;, which is treated
as known, and computed as the square of the standard error of the effect size. Thus, for a
collection of k studies, the observed effects sizes of individual studies ¢ (for i € [1,2,...k])

are given by:

ﬂ:ﬁo‘i‘q (1)

where ¢; ~ N(0,v;) (2)

The estimated population effect size BAO is then a weighted average of the observed effect
sizes. The assumption that sampling error is the only source of variance in observed effect
sizes implies that studies with smaller standard errors estimate the underlying true effect
size more precisely and should accrue more weight. Therefore, fixed effect weights are
simply the reciprocal of the sampling variance, w; = Ui The estimate of the true effect is a

weighted average across observed effect sizes:

k
5 >ie wil;

Ry ¥

The random effects model, by contrast, assumes that, in addition to sampling error,
true effects vary for random reasons, and thus follow a normal distribution with mean
and variance 72!, This assumption is appropriate when studies are conceptually similar

but differ in small random ways'!. The observed effect sizes are thus given by:

Ti =P+ G+e (4)
where (; ~ N(0,77) (5)
and ¢; ~ N(0,v;) (6)

In this model, the error term (; represents between-studies heterogeneity, with variance 72.
As in the fixed effect model, studies with smaller sampling errors are assigned more weight.

In contrast to the fixed effect model, the random effects model assumes that all studies
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BAYESIAN REGULARIZED META-REGRESSION 8

provide some information about the underlying distribution of true effect sizes. Fixed effect
weights would discount the information smaller studies provide about the scale of this
distribution, which is represented by its variance 72. To overcome this limitation, the

weights are attenuated in proportion to the variance. The random effects weights are thus

1

o772 Whereas sampling error is still treated as known, the between-study

given by w; =

heterogeneity 72 must be estimated. This estimate is represented by 72.

Between-studies heterogeneity is not always random, however. Meta-regression
extends the random effects model to account for systematic sources of heterogeneity, which
are coded as moderators. It estimates the effect of moderators on effect size, and provides
an estimate of the overall effect size and residual heterogeneity after controlling for their
influence. For example, if studies have been conducted in Europe and the Americas, one
could code a binary moderator variable called “continent”. Using meta-regression, one can
then estimate either the continent-specific effect size, or control for the difference between
continents when estimating the overall average effect size. Similarly, if studies have
examined the effect of a drug at different dosages, one could code dosage as a continuous
moderator and estimate the overall effect size at average dosages, or at a specific dosage.
The equation below describes a general model for p moderators, where x;_, represent the
moderator variables, and ;. , their regression coefficients. Note that [y now represents the
intercept of the distribution of true effect sizes after controlling for the moderators. This is
a mixed-effects model; the intercept and effects of moderators are treated as fixed and the

residual heterogeneity as random!:

T; = Bo + Bz + Paxo + ...+ Bpxp + G + € (7)

Regularized regression. Meta-regression models are most commonly estimated
using weighted least squares, with weights determined according to the aforementioned
random effects model, where residual heterogeneity is estimated using restricted maximum

likelihood!®!3. This approach, henceforth referred to as RMA, has low bias, which means
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that, across hypothetical replications of a study, the average values of model parameters
are close to their true population values'*. Low bias comes at the cost of higher variance,
however, which means that the estimated values of population parameters vary more from
one hypothetical replication to the next. This phenomenon is known as the bias-variance
trade-off. In general, an estimator with low bias and high variance produces results that
generalize less well to new data than an estimator with high bias and low variance.
Regularized approaches to regression intentionally increase bias in order to reduce variance.
This is a sensible approach in the context of small samples, which are common in
meta-analyses, because small samples incur a high risk of overfitting, and typically have
relatively high levels of multicollinearity, due to the higher probability that extreme values
on one moderator coincide with extreme values on another. In such cases, regularized

regression reduces the risk of overfitting and increase generalizability of the results?.

To understand how regularized regression introduces bias, consider a comparison
between ordinary least squares regression and LASSO regression; for a more elaborate
introduction, see'®. Ordinary least squares regression (OLS) estimates model parameters
by minimizing the Residual Sum of Squares (RSS) of the outcome variable, given by the
formula below. In this equation, n is the number of participants; y; is the outcome variable,

and z is one of p predictor variables.

RSS = Zl(yz — Po — iﬁj%‘j)g (8)
i= j=
The resulting parameter estimates perfectly describe linear relations in the present data
set, but generalize less well to new data. Regularized regression biases parameter estimates
towards zero by adding a penalty term to the RSS. Most common is the LASSO penalty,
which consists of the sum of the absolute regression coefficients, or the L1 norm?. As the
LASSO penalty is a function of the regression coefficients, it increases when they get

bigger. This incentivizes the optimizer to keep the regression coefficients as small as

possible. The amount of regularization can be controlled by multiplying the penalty by a
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tuning parameter, \. If \ is zero, the shrinkage penalty has no impact. As A increases, all
coefficients shrink towards zero, ultimately producing the null model. Cross-validation is
often used to find the optimal value for the penalty parameter A. The LASSO penalized
residual sum of squares is given by:
P
PRSS =RSS+ XD |5l (9)
j=1

Note that many other regularizing penalties exist. This introduction focuses on the LASSO
penalty because it is most ubiquitous, easy to understand, and has an analogue in Bayesian

estimation, as explained in the next section.

Some seminal studies have applied the LASSO to perform moderator selection in
meta-regression'®*®. This suggests that others have recognized its potential for exploring
heterogeneity when the number of moderators is relatively high to the number of studies.
However, these existing publications have taken a two-step approach, whereby moderators
are first selected using LASSO regression, and selected moderators are then included in
meta-regression analysis. This approach is fraught; firstly, because of known problems of
inference after variable selection!®. As the moderators included in the second step are
based on an exploratory first step, their parameters are not valid for inference. Secondly,
although the LASSO model in the first step accounts for potential multicollinearity by
including all collinear variables but restricting the size of their coefficients, the
meta-regression in the second step no longer does so. A three-step extension of the
two-step approach exists that uses principles from the causal inference literature to
overcome these limitations?®. BRMA, by contrast, overcomes these limitations by

introducing a one-step approach that performs inference within the penalized framework.

Bayesian estimation. An alternative to the use of a shrinkage penalty is Bayesian
estimation with a regularizing prior. Whereas the aforementioned (frequentist) approaches
treat every possible parameter value as equally plausible, Bayesian estimation combines

information from the data with a prior distribution that assigns a-priori probability to



210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

231

232

233

234

235

BAYESIAN REGULARIZED META-REGRESSION 11

different parameter values. Likely parameter values have a high probability density, and
unlikely parameter values have a low probability density. The prior distribution is updated
with the likelihood of the data to form a posterior distribution, which reflects expectations
about likely parameter values after having seen the data. For a more extensive

introduction to Bayesian estimation, see?!.

A regularizing prior distribution shrinks small coefficients towards zero by assigning
high probability mass to near-zero values. There are many different regularizing prior
distributions, some of which are analogous to specific frequentist methods?2. For example,
a double exponential prior (hereafter: LASSO prior) results in posterior distributions
whose modes are identical to the estimates from LASSO-penalized regression®. Both the
frequentist LASSO penalty and the Bayesian LASSO prior have a tuning parameter A that
controls the amount of regularization. In frequentist LASSO, its value is usually chosen via
cross-validation®. In the Bayesian approach, by contrast, a diffuse hyperprior can be used

to optimize its value during model estimation??.

One limitation of the LASSO prior is that it biases all regression coefficients towards
zero - for relevant as well as irrelevant moderators. To overcome this limitation,
regularizing priors with better shrinkage properties have been developed. These priors still
pull small regression coefficients towards zero, but exert less bias on larger regression
coefficients. One example is the horseshoe prior?*. It has heavier tails than the LASSO
prior, which means that it does not shrink (and therefore bias) substantial coefficients as
much. Two limitations of the horseshoe prior are 1) it lacks a formal way to include prior
information regarding the degree of sparsity; and 2) it does not regularize coefficients far
from zero. While the second problem is often considered a strength of the horseshoe prior,
it can result in convergence issues when parameters are weakly identified. The regularized

horseshoe was introduced to overcome these limitations?.

The BRMA method introduced here offers both LASSO and regularized horseshoe
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priors. The LASSO prior is given by:

8, ~ DE(0, 5) (10)
i ~ x*(0,1) (11)

where DE denotes the double exponential distribution centered around zero, with a scale
determined by a global scale parameter s that is multiplied by the inverse of tuning
parameter \. Increasing the scale parameter extends the prior to cover more extreme
values. The inverse tuning parameter is estimated from the data by assigning it a diffuse
hyperprior: a y? prior distribution with mean zero and degrees of freedom 1,23, Increasing
the degrees of freedom assigns greater probability mass to extreme values, resulting in less
regularization. The present study used default values for the prior parameters, s = 1,

11 = 1, were chosen as a diffuse hyperprior?3.

The regularized horseshoe prior combines global and local shrinkage of the regression
coefficients with a finite slab that curtails the occurrence of very extreme values?. For
regression coefficients j3;, for j € [1...p| where p is the total number of moderators, the

regularized horseshoe prior is given by:

B; ~ N(0,77)), with (12)
2.2

~2 7

= 2 en n ;27_]2 (13)

A ~ student-t" (v, 0, \2) (14)

7j ~ student-t* (1,0, 1) (15)

2
AT B (16)

27 2
Note that global shrinkage parameters, which are not subscripted, affect all regression
coefficients. Local parameters are indicated by subscript ;, and affect each individual
regression coefficient separately. In these equations, N denotes the normal distribution,

student-t* denotes the positive half of a t distribution, and I'"! denotes the inverse Gamma
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distribution. In this formula, A controls the overall scale of the priors for all regression
coefficients, where larger values for the global scale parameter A3 widen the range of values
covered by the priors. The global degrees of freedom vy control the overall thickness of the
tails, with higher values resulting in thinner tails, which assigning less probability mass to
extreme values. Lighter tails can aid model convergence when the model is weakly
identified; for example, when there are more moderators than observations. The prior 7;
controls the local shrinkage of specific regression coefficients; its scale is fixed, but its
degrees of freedom v, control the incidence of extreme values in a similar way as v;. A
finite “slab” applies additional regularization to very large coefficients, which provides
greater numerical stability of the model. This slab is governed by a degrees of freedom
parameter v3 and a scale parameter s. As before, increasing v assigns less probability

mass to extreme values. Increasing s increases the range of values covered by the slab.

An attractive property of this shrinkage prior is that it can incorporate prior
information regarding the expected number of relevant moderators. This is accomplished
by calculating the scale of the global shrinkage parameter A3 based on the expected
number of relevant moderators p,.;. The shrinkage parameter is then given by
A= %ﬁ, where o is the residual standard deviation and n equals the number of

observations. The present study used default values for the prior parameters, as proposed

by its authors: A2 =1, v; = 1, vy = 1, v3 = 4, and s = 2%°.

The choice of prior distributions is an important decision in any Bayesian analysis.
This also applies to the heterogeneity parameters. In the case of random effects

2. In

meta-regression, the only heterogeneity parameter is the between-studies variance, 7
the case of three-level multilevel meta-regression, there is a within-study and
between-studies variance. A crucial challenge with heterogeneity parameters in
meta-regression is that the number of observations at the within- and between-study level

is often small. This can result in poor model convergence?®, or boundary estimates at

zero®?’. A well-known advantage of Bayesian meta-analysis is that it can overcome these
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challenges by using weakly informative priors, which guide the estimator towards plausible
values for the heterogeneity parameters. There is less consensus, however, about which
priors are most suitable for this purpose®. BRMA uses a prior specifically developed for
multilevel heterogeneity parameters®®: a half-Student’s t distribution with large variance,
student-t*(3,0,2.5). Note that other relevant weakly informative priors have been
discussed in the literature, such as the Wishart prior?. There has also been increasing
interest in the use of informative priors for heterogeneity parameters, which incorporate
substantive knowledge about plausible parameter values®®. Informative priors exert
substantial influence on the parameter estimates. They thus differ from weakly informative
priors, which restrict the estimator towards possible values (e.g., by excluding negative
values for the variance), or guide it towards plausible values to aid model convergence.
BRMA takes a pragmatic approach to Bayesian analysis, using weakly informative priors
to aid convergence for heterogeneity parameters, and regularizing priors to perform
variable selection for regression coefficients. The use of informative priors is out of scope
for BRMA. If researchers do wish to construct alternative prior specifications, they may

want to develop a custom model in rstan instead®!.

The frequentist LASSO algorithm shrinks coefficients to be exactly equal to zero, and
thus inherently performs variable selection. Other approaches to regularization - frequentist
or Bayesian - lack this property. However, an advantage of the Bayesian approach is that
its posterior distributions lend itself to exact inference. One can use probability intervals to
determine which population effects are likely non-zero; for example, by selecting moderators
whose 95% interval excludes zero. Two commonly used Bayesian probability intervals are
the credible interval and the highest posterior density interval?'. The credible interval (CI)
is the Bayesian counterpart of a confidence interval, and it is obtained by taking the 2.5%
and 97.5% quantiles of the posterior distribution. The highest posterior density interval
(HDPI) is the narrowest possible interval that contains 95% of the probability mass®?.

When the posterior distribution is symmetrical, the CI and HDPI are the same. However,
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when the posterior is skewed, the HPDI has the advantage that all parameter values within
the interval have a higher posterior probability density than values outside the interval.
This suggests that the HPDI might be superior for performing inference on residual
heterogeneity parameters, which have a skewed posterior distribution by definition. For

inference on regression coefficients, the choice of interval is likely less crucial.

Standardizing predictors. As explained in Formula (9), regularization penalizes
all coefficients equally, without regard for their scale. If variables are on different scales,
this can lead to uneven penalization of coefficients in which variables with smaller standard
deviations are biased more strongly towards zero®3. If the scale of predictor z is increased
by a factor 10, its regression coefficient is reduced by a factor 10, bringing it closer to zero
where it will be more affected by penalization. Standardization is a widely used method for
equalizing predictor scales®*. Standardization is a linear transformation that sets the mean
of all predictors to 0 and their standard deviation to 1. Like most other regularizing
methods, BRMA performs standardization by default®®. After parameters are estimated
using standardized variables, they can be restored to their original scales. For the
intercept, the transformation is:

X
bo = boz — bz—
Sx

where by is the intercept, byz is the intercept for the standardized predictors, X and s, are
the vectors of predictor means and variances, and by is the vector of regression coefficients
for the standardized predictors. The regression coefficients are returned to their original

scale by applying:

Note that standardization is not always necessary or desirable. Standardization is not
necessary if predictors are already on equivalent scales, in which case penalization already
affects them all equally. There are additional considerations regarding standardization of

categorical predictors®®. As binary predictors can be straightforwardly included as
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predictors in linear models, the most common way to represent categorical predictors is by
choosing one response option as reference category, and creating binary dummy variables
to represent other response categories. If these dummies are not standardized, they might
be unevenly penalized, as explained before. However, standardizing dummy variables
compromises the interpretability of their regression coefficients®”3®. To illustrate this
challenge, consider bivariate regression with a single binary predictor x that takes on values
0 and 1 predicting outcome y. The intercept represents the expected value of y when x is
equal to zero, and the regression coefficient represents the difference in the expected value
of y between the two conditions®®. By standardizing this binary predictor, the reference
value is no longer zero, and both the intercept and its regression coefficient have no clear
interpretation anymore. Extending this example to the multivariate case further
complicates the problem?®. The appropriate solution depends on the research goals; if the
primary goal is variable selection, then the dummies should be standardized. However, if
the primary goal is interpretation of the coefficients, they should not be34. A related
challenge is that, whereas various coding schemes for categorical predictors are equivalent
in standard linear regression, in penalized regression, the coding scheme does affect model

fit and interpretation of the coefficients3*4.

Intercepts. The general linear model used in BRMA typically includes an
intercept, which reflects the expected value of the outcome when all predictors are equal to
zero, and regression coefficients for the effect of moderators. If the analysis contains
categorical predictors, it may be desirable to omit this intercept. To understand why, first
consider the model with an intercept. Standard practice is to encode category membership
with dummy variables, with values x € {0,1}. For a variable with ¢ categories, the number
of dummy variables is equal to ¢ — 1. The omitted category functions as a reference
category, and its expected value is represented by the model intercept by. The regression
coefficients of the dummy variables, b;_., indicate the difference between the expected

values of the reference category and of the category represented by the dummy. This is
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useful when there is a meaningful reference category. For example, imagine a study on the
effectiveness of interventions for specific phobia with two interventions: Treatment as
usual, and a novel intervention. In this case, it makes sense to code treatment as usual as
the reference category, and dummy-code the new contender. The intercept by then
represents the average effect size of treatment as usual, and the effect of the dummy b,
indicates whether the newly developed intervention has a significantly different effect size
from treatment as usual. In other cases, there may not be a straightforward reference
category. For example, imagine a study on the effectiveness of one intervention for specific
phobia in two continents. In this case, it makes more sense to estimate the average effect
for all continents separately - in other words, to conduct a multi-group analysis. This is
achieved by removing the intercept, and including all ¢ dummy variables. In the context of
standard linear regression, both approaches are equivalent, but in regularized regression,
shrinkage affects the intercept differently from the dummy variables. Consequently, a

reasoned choice must be made about whether to include an intercept or not.

Implementation

To facilitate adoption of the BRMA method in applied research, we have
implemented it in two software packages. First, in the statistical programming language
R*'. R-users can install the package pema, short for penalized meta analysis, from CRAN
by running install.packages("pema"). Second, non-R-users can use BRMA via a
graphical interface in the free, open source statistical program JASP*? via the menu option

“Penalized Meta-Analysis”, see Figure 1.

For estimation, brma () depends on Stan, a probabilistic programming language that
uses Hamiltonian Monte Carlo to sample from the posterior distribution®'. Stan is written
in C++, and thus computationally efficient, but custom models must be compiled prior to
estimation. Installing a toolchain to compile models requires some technical sophistication,

which potentially restricts the user base. Moreover, model compilation adds unnecessary
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computational overhead for standard applications. To overcome these limitations, the pema
package includes pre-compiled stock models with opinionated default options. At the time
of writing, these include random effects and three-level meta-regression with and without
an intercept. R-users can refer to the package documentation to see what options are
available at the time of reading by running ?pema: :brma. Researchers who wish to
construct a model that is currently out of scope of brma() are referred to rstan instead®!.
As a starting point, the rstan source code for the stock models included with pema can be
accessed by running pema: : : stanmodels. We welcome user contributions of additional

models.

The function brma() has two main interfaces: a formula interface, corresponding to
base-R functions like 1m(), which allows the user to specify a model formula that
references variables in a data argument. The second interface is more amenable to machine
learning applications, and accepts an x matrix of predictors and a y vector of effect sizes.
Additionally, brma () has an argument vi, which refers to the effect size variances, and
study, which (optionally) refers to a clustering variable for three-level meta-regression.

Both of these arguments accept either the name of a column in data, or a numeric vector.

As mentioned before, the R-implementation of BRMA has several options that can be
customized. The most important option relates to the choice of priors for the regression
coefficients. At the time of writing, brma () supports two priors for regression coefficients:
the LASSO and the regularized horseshoe. A prior is selected using the method argument;
the prior argument is used to specify custom values for the prior hyperparameters (see
Statistical underpinnings). The parameters of the LASSO prior are explained in Equation
(11), and those of the regularized horseshoe in Equation (13). Table 1 provides an overview
of the arguments that can be passed to prior to control these parameters, along with a

rudimentary description of the effect of increasing the value of each parameter.

Standardization is an important step in Bayesian regularized meta-analysis, as
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explained before. By default, brma() standardizes the predictor matrix, and restores model
coefficients to their original scale, as explained in Statistical underpinnings. There are two
ways to circumvent this default standardization. The first is to disable standardization
entirely, analyzing predictors in their original scale, by setting standardize = FALSE.
Alternatively, brma () allows custom standardization. To use this option, first manually
standardize (some of) the predictors. Then, when calling brma (), provide the means
(means) and standard deviations (sds) that should be used to restore coefficients to the
predictors’ original scale. This can be accomplished using the argument standardize =
list(center = means, scale = sds). For predictors that should not be standardized,
simply pass a mean of 0 and a standard deviation of 1; this leaves the coefficient in

question unaffected.

Simulation study

We performed a simulation study to validate the BRMA algorithm. As a benchmark
for comparison, we used random effects meta-regression with restricted maximum
likelihood estimation (RMA)*3, which is the current state-of-the-art in the field. We
evaluated the algorithms’ predictive performance in new data, ability to perform variable
selection, and ability to recover population parameters. Our research questions are whether
BRMA offers a performance advantage over RMA in terms of any of these indicators, and
which prior (LASSO versus regularized horseshoe) is to be preferred. For both Bayesian
priors, we used default values proposed in prior literature, see Table 1. Default values for
the LASSO prior were based on??, and default values for the regularized horseshoe prior
were based on**. The simulation code is available in a version-controlled repository at

https://github.com/cjvanlissa/pema, in the directory pema/simulatie_2021.
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Performance indicators

Our primary performance indicator was predictive performance, a measure of model
generalizability. To compute it, for each iteration of the simulation, both a training data
set and a testing data set are generated from the same known population model. The
number of cases in the training data vary according to the design factors of the simulation
study. The number of cases in the testing data set was always 100. The models under
evaluation (BRMA, RMA) were estimated on the training data, and used to predict cases

in the testing data. Predictive performance was operationalized as the model’s explained

2

v, calculated as follows:

variance in the testing data, R

Z?:l(yi,test - gi,test)2

Rzes =1- —
test Z?:l(yi,test - ytrain)2

Where £ is the number of studies in the testing data set, 7;_ ;s is the predicted effect size
for study 4, and ¥ a:n is the mean of the training data. The R2, differs from the familiar
R? metric: R? describes the proportion of variance a model explains in the training data,
and it always increases as the model becomes more complex. By contrast, RZ, reflects the
explained variance in the testing data. Recall that BRMA was developed to reduce the risk

of overfitting meta-regression models. The RZ , is a useful metric to detect overfitting,

which causes it to decrease, or even become negative.

The algorithm’s ability to perform variable selection was evaluated by estimating
sensitivity and specificity. Sensitivity P is the ability to select true positives, or the
probability that a variable is selected, S = 1, given that it has a non-zero population effect:
P =p(S =1]|5] > 0). Specificity is the ability to identify true negatives, or the probability
that a variable is not selected given that it has a zero population effect:

N = p(S = 0|8 = 0).

The ability to recover population parameters 3 and 72 was examined in terms of bias

and variance of these estimates. The bias is given by the deviation of the estimate from the
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known population value, and the variance is given by the variance of this deviation across

replications of the same simulation conditions.

Design factors

To examine performance in a range of realistic meta-analysis scenarios, seven design
factors were manipulated: First, we manipulated the number of studies in the training data
k € (20,40,100). Second, the average within-study sample size n € (40,80, 160). Third,
true effect sizes were simulated according to two models: one with a linear effect of one
moderator, T; = Sxy; + €;, and one with a non-linear (cubic) effect of one moderator,

T, = By; + B2, + B3, + €;, where ¢; ~ N(0,72). As both BRMA and RMA assume linear
effects, simulating data from a non-linear model allows us to examine how robust the
different methods are to violations of this assumption. The fourth design factor was the
population effect size 5 in the aforementioned models, with 5 € (0,.2,.5,.8). Fifth, we
manipulated the residual heterogeneity 72 in the aforementioned models, with

72 € (.01,.04,.10). According to a review of 705 published psychological meta-analyses
(Van Erp et al., 2017), these values of 72 fall within the range observed in practice. Sixth,
we varied the number of moderators not associated with the effect size M € (1,2,5). These
are the moderators that ought to be shrunk to zero by BRMA. Note that the total number
of moderators is M + 1, as one moderator is used to compute the true effect size (see the
third design factor). Finally, moderator variables were simulated as skewed normal
moderators, with scale parameter w € (0,2, 10), where w = 0 corresponds to the standard
normal distribution. All unique combinations of these design factors produced 1944 unique
conditions. For each simulation condition, 100 data sets were generated. In each data set,
the observed effect size y; was simulated as a standardized mean difference (SMD), sampled

from a non-central ¢-distribution.
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Results
Missing data

Any iterative algorithm is susceptible to convergence problems. In such cases, the
BRMA algorithms provide warning messages, but still return samples from the posterior.
We were thus able to use all iterations of the BRMA algorithms, although some may have
failed to converge, which would negatively impact BRMA’s performance. When the RMA
algorithm fails to converge, however, it terminates with an error. The RMA algorithm
failed to converge in 10 replications, all characterized by low number of cases (k < 40) and

high effect sizes 5 > .5. They were omitted from further analysis.

Predictive performance

Within data sets, the BRMA with a horseshoe prior had the highest predictive
performance RZ, 50% of the time, followed by RMA, 37%, and finally BRMA with a
LASSO prior, 13%. Across data sets, the average R%_, was highest for BRMA with a
horseshoe prior and lowest for RMA, see Table 2. This difference was driven in part by the
fact that explained variance was somewhat higher for the BRMA models when the true
effect was non-zero (i.e., in the presence of a population effect), and by the fact that RMA

had larger negative explained variance when the true effect was equal to zero (i.e., there

was no population effect to detect).

The effect of the design factors on R, was evaluated using ANOVAs. Note that
p-values are likely not informative due to the large sample size and violation of the
assumptions of normality and homoscedasticity. The results should therefore be interpreted
as descriptive, not inferential, statistics. Table 3 reports the effect size n? of simulation

conditions on RZ,.

To test our research questions, we computed interactions of algorithm (HS
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vs. LASSO, HS vs. RMA and LASSO vs. RMA) with the other design factors. The n?* of
these differences between algorithms are also displayed in Table 3. Note that n? for the
comparison between HS and LASSO was zero in the second decimal for all conditions;
thus, this comparison was omitted from the Table. The effect of design factors by
algorithm is displayed in Figure 2; these plots have been ranked from largest difference
between BRMA and RMA to smallest. Results indicate that the largest differences
between algorithms were due to the effect size 5, number of irrelevant moderators M, and
the number of cases in the training data k. Evidently, predictive performance increased
most for the HS algorithm when the effect size increased above zero. As previously noted,
predictive performance of RMA was the most negative when the effect size was zero. This
means that RMA’s explained variance in new data was below zero, a clear indication of
overfitting. The HS algorithm furthermore had the consistently highest predictive
performance regardless of number of irrelevant moderators or number of cases in the
training data, and was relatively less affected by increases in the number of irrelevant
moderators (panel b) or in the number of training cases (panel c). Conversely, RMA had
relatively poor predictive performance on average, and was more responsive to increases in

the number of training cases and irrelevant moderators.

Variable selection

To determine the extent to which the algorithms could perform variable selection
correctly, we calculated sensitivity P, the ability to detect a true population effect, and
specificity IV, the ability to correctly estimate a null-effect at zero. We used all simulation
conditions with 5 > 0, such that the population effect of the first moderator was always
positive and that of the second moderator was always zero, and calculated P from the
effect of the first moderator, and N from the effect of the second moderator. Finally, we
computed overall accuracy as Acc = (P + N)/2, which reflects the trade off between

sensitivity and specificity.
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As the regularizing algorithms shrink all coefficients towards zero, it is unsurprising
that sensitivity was highest for RMA, followed by HS and LASSO, Pry4a = 0.95,
Pys =0.91, Prasso = 0.89. By contrast, specificity was higher for the regularizing
algorithms, Ngg = 0.98, Npasso = 0.97, Nrara = 0.94. Overall accuracy was
approximately equal for RMA and HS, and was lower for LASSO, Accgya = 0.95,
Accys = 0.95, Accpasso = 0.93.

Cramer’s V, an effect size for categorical variables, was used to examine the effect of
design factors on sensitivity (Table 4, Figure 3) and specificity (Table 5, Figure 4). We also
computed this effect size for the difference between algorithms in the number of true
positives by design factor. Differences in sensitivity between the algorithms were near-zero
for HS and LASSO. The difference between the two BRMA algorithms and RMA were
largest for the design factor effect size (3, followed by the model and number of studies k.
For specificity, differences in sensitivity between HS and LASSO were largest for the
number of noise moderators M, followed by the effect size 3, number of studies k, and
residual heterogeneity 72. The difference between the two BRMA algorithms and RMA
were largest for the design factor number of studies k, followed by the model, the number
of noise moderators M, and the effect size 5. Also note that the association between design
factors and specificity was not monotonously positive or negative across algorithms.
Instead, some design factors had opposite effects for the two BRMA algorithms versus
RMA. For instance, a larger number of studies k had a negative effect on specificity for the
BRMA algorithms, but a positive effect for RMA - within the context that RMA had lower
specificity on average. Conversely, a greater number of noise moderators M had a positive

effect on specificity for BRMA, but a negative effect for RMA.

Ability to recover population parameters

The ability to recover population parameters 3 and 72 was examined in terms of bias

and variance of these estimates. If the value of the regression coefficient as estimated by
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one of the algorithms is B, then the bias B and variance V' of this estimate can be
computed as b— [, and as the variance of b across replications of the simulation for each
unique combination of design factors, respectively. For the estimated regression coefficients,
HS had the greatest (negative) bias across simulation conditions, Bygs = —0.07, followed by
LASSO, Bpasso = —0.06. Surprisingly, RMA also had negatively biased estimates,

Brara = —0.01. The effect of the design factors on the bias in estimated [ was evaluated
using ANOVAs. Table 6 reports the effect size n* of simulation conditions on the bias. The
skewness of moderator variables had the largest effect on bias in estimated [ for all
algorithms. This was mainly because the algorithms overestimated 72 most when the
data-generating model contained cubic terms. Simulating data with a cubic model violates
the model’s assumption of linearity, which biases the estimated parameters. No differences

between algorithms in the effect of design factors were observed.

The variance of parameter estimates cannot be calculated on a case-by-case basis.
Instead, it is calculated across replications for each simulation condition. Across simulation
conditions, parameters estimated via HS had the lowest variance, Vyg = 0.32, followed by
LASSO, Viass0 = 0.34, and then RMA, Vg4 = 0.38. Online Supplemental Table S1
provides an overview of the effect size of design factors on variance of the regression
coefficients. Notably, the differences between algorithms are very small; the largest effect
sizes were observed for the difference between HS and RMA in the effects of effect size,

sample size, and model, all with n? < 0.01.

Across all simulation conditions, HS had the lowest bias for the residual heterogeneity
72, Bys = 0.38, followed by RMA, Brya = 0.39, and then LASSO, Brasso = 0.39. Note
that all algorithms yielded positively biased estimates. The effect of the design factors on
the bias in 72 was evaluated using ANOVAs. Table 7 reports the effect size n? of simulation
conditions on 2 — 72. The design factors S and model had the largest effect on bias in

estimated 72 for all algorithms. No differences between algorithms in the effect of design
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factors were observed.

The variance of the residual heterogeneity was calculated across replications for each
simulation condition. The LASSO estimates of 72 had the lowest variance, V1950 = 1.47,
followed by HS, Vg = 1.50, and then RMA, Vzyr4 = 1.71. Online Supplemental Table S2
provides an overview of the effect size of design factors on variance of the residual

heterogeneity. All differences between algorithms were small, n? < 0.002.

Applied example

This example uses the bonapersona data, which were included in the pema package
with permission of the author®. This meta-analysis of over 400 experiments investigated
the effects of early life adversity on cognitive performance in rodents. Note that the sample
is much larger than the maximum used to validate BRMA in our simulation study. As
larger samples provide greater statistical power, it should also be valid for this sample. For
illustrative purposes, we use a smaller subset of the more than 30 moderators. See the

pema package documentation (help and vignettes) for further examples.

# Load Televant packages

library(pema)

library(mice)

library(rstan)

# Select data to analyze

df <- bonapersonal , c("yi", "vi", "mTimeLength",
"year", "model", "ageWeek")]

# Multiple imputation for missing values

df <- mice(df)

First, we estimate a model with all default settings. Based on the results of the

present simulation study, the regularized horseshoe is the default prior. To see all default
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values, open the function documentation using ?brma. The use of a random seed makes

this example reproducible:

fit <- brma(yi ~ ., daf, Dgal® 1)

Running summary(fit) returns the posterior mean, standard deviation, and quantiles
of the model parameters (see Table 8). Use the posterior mean or median (50% quantile)
and 95% credible interval (2.5% - 97.5%) to perform inference on model parameters.
Parameters whose 95% credible interval excludes zero are marked with an asterisk. Note
that Bayesian analyses do not use the frequentist notion of significance. Instead, we say
that there is a 95% probability that the true population parameter lies within the interval,
given the prior and observed data. In this example, there are no moderators for which the
95% CI excludes zero. The residual heterogeneity, however, does exceed zero. The brma ()
function builds upon the rstan package, and its output is backwards compatible. A brma
model can be converted to a stanfit object via as.stan(fit). This makes it possible to
benefit from the many existing convenience functions for rstan models. For example, it is
possible to get a HPDI interval for the residual heterogeneity by running
bayestestR: :hdi(as.stan(fit), parameters = "tau2"). There are also many plotting
functions for stanfit objects; for example, one can plot the model parameters using

plot(as.stan(fit), plotfun = "dens", pars = c("Intercept", "year")).

Before interpreting the results, however, it is important to assess model convergence.
If any indication of non-convergence is detected during estimation, a warning will be
printed. The example returns the warning that there were 331 divergent transitions, and
suggests increasing the number of iterations (increasing the argument iter beyond its
default value of 2000). Divergent transitions can result in biased estimates. If the number
of divergences is small and there are no further indications of non-convergence, however,
the posterior distribution is often good enough to safely interpret the results. We can

examine two parameter-specific indicators of convergence by ascertaining that the number
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of “unique” samples from the posterior n_eff for each parameter is sufficiently high, and
that the different chains of the estimator have mixed properly, as indicated by Rhat close
to 1. The number of effective (independent) MCMC samples should be high relative to the
total number of samples (in this case, 4000, as we used 2000 iterations on a dual-core
processor). If the effective sample size is less than 10% of the total, there may be a
problem - which is not the case here. The Rhat is a version of the potential scale reduction
factor, which represents the ratio of between- and within-chain variance®®. If the chains
mixed well, the Rhat should be close to 1. Both n_eff and Rhat indicate convergence in
this example. Additional convergence diagnostics are obtained by running
check_hmc_diagnostics(as.stan(fit)). Convergence can also be assessed visually using
the function traceplot(as.stan(fit), pars = c("Intercept", "year")), which
provides trace plots for the MCMC draws. If the model converged, the traces of the

different chains should mix well (i.e., overlap) and look like “fat caterpillars”.

As explained in the section on Bayesian estimation, model convergence can be aided
by increasing the amount of regularization of the prior, for example, by increasing some of
the df parameters (see code below). In this example, increasing both df and df_slab to 5
results in only 96 divergences, compared to the original 331. This can be verified by
running summary (fit2). In general, it is prudent to perform similar sensitivity analyses to
determine how robust the results are to different priors. For a visual inspection of the

difference in posterior distributions, use the function plot_sensitivity().

fit2 <- brma(yi ~ ., af, "yit,
c("df_global" = 5, "df" = 5),
1

plot_sensitivity(fit, fit2)
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Discussion

This study presented a novel algorithm to select relevant moderators that can explain
heterogeneity in meta-analyses, using Bayesian shrinkage priors. A simulation study
validated the performance of two versions of the BRMA algorithm, with a regularized
horseshoe prior and LASSO prior, relative to state-of-the-art meta-regression with
restricted maximum likelihood estimation (RMA). Our analyses examined the algorithms’
predictive performance, which is a measure of generalizability, their ability to perform
variable selection, and ability to recover population parameters. Our research questions
were whether BRMA offers a performance advantage over RMA in terms of any of these

indicators, and which prior (horseshoe versus LASSO) is to be preferred.

Results indicated that the BRMA algorithms had higher predictive performance than
RMA in the presence of relevant moderators. In the absence of relevant moderators,
BRMA showed less evidence of overfitting than RMA models. In these cases, RMA models
had, on average, negative predictive performance, which suggests that these models
generalize poorly to new data. In the presence of an increasing number of irrelevant
moderators, the BRMA algorithms’ predictive performance also suffered less than that of
RMA. The BRMA algorithms were also more efficient, in the sense that they achieved
greater predictive performance when the number of studies in the training data was low.
Across all conditions, BRMA with a horseshoe prior achieved the highest average
predictive performance, and within each data set, BRMA with a horseshoe prior most often
had the best predictive performance (in 50% of replications). Based on these findings, we
would recommend using BRMA with a horseshoe prior when the goal is to obtain findings

that generalize to new data.

With regard to variable selection, on the one hand, results indicated that the
penalized BRMA algorithms had lower sensitivity: they were less able to select relevant

moderators than RMA. On the other hand, the BRMA algorithms had higher specificity:
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they were better able to reject irrelevant moderators than RMA. Importantly, the overall
accuracy was approximately equal for RMA and BRMA with a horseshoe prior. This
means that the total number of Type I and Type II errors will be approximately the same
when choosing between these two methods - but there is a tradeoff between sensitivity and
specificity. Applied researchers must consider which is more important in the context of
their research. When meta-analyzing a heterogeneous body of literature with many
between-study differences, BRMA may be preferred due to its greater ability to exclude
irrelevant moderators. Conversely, when meta-analyzing a highly curated body of literature

with a small number of theoretically relevant moderators, RMA might be preferred.

With regard to the algorithms’ ability to recover population effect sizes of
moderators, we observed that BRMA with a horseshoe prior had the greatest bias towards
zero across simulation conditions, followed by LASSO, and then RMA. Surprisingly, all
algorithms - including RMA - provided, on average, negatively biased estimates. The
variance of the estimates followed the opposite pattern, which illustrates the bias-variance
trade-off. With regard to residual heterogeneity, BRMA with a horseshoe prior had the
lowest bias. The BRMA algorithms also had lower variance. This suggests that the
penalized regression coefficients do not compromise the estimation of residual heterogeneity.
Future research might investigate under what conditions residual heterogeneity is
estimated more accurately in a penalized model than in an unpenalized model. Together,
these results suggest that BRMA has superior predictive performance and specificity, and

provides relatively unbiased estimates of residual heterogeneity, relative to RMA.

We examined the effect of violations of the assumption of linearity by simulating data
from a cubic model. In applied research, the true shape of the association between a
moderator and effect size is typically unknown. Thus, model misspecification is likely to
occur. One advantage of BRMA is that it can accommodate more moderators than RMA
and has superior specificity. This allows researchers to specify a more flexible model to

account for potential misspecification, with less concern for overfitting and nonconvergence.
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For example, researchers could add polynomials of continuous variables with suspected
non-linear effects, or interactions between predictors. Another possible solution is to resort
to non-parametric methods like random forest meta-analysis, which intrinsically

accommodates non-linear effects and interactions?.

All simulations were conducted with default settings for the model’s prior
distributions, based on prior research??°. Our results suggest that these defaults are
suitable for a wide range of situations, including when model assumptions are violated.
However, bear in mind that model parameters are influenced by the prior distribution. It is
good practice to perform a sensitivity analysis to determine how sensitive the model results
and inferences are to different prior specifications. Performing sensitivity analyses is
particularly important when the sample is small, as in this case, the prior is more

influential.

Strengths and future directions

The present paper has several strengths. First, we included a wide range of
simulation conditions, including conditions that violated the assumptions of linearity and
normality. Across all conditions, BRMA displayed superior predictive performance and
specificity compared to RMA. Another strength is that the present simulation study used
realistic estimates of 72, based on data from 705 published psychological meta-analyses*’.
Another strength is that the BRMA algorithms have been implemented in FAIR software
(Findable, Accessible, Interoperable and Reusable): the R-package is published on the
“Comprehensive R Archive Network”, and the source code is hosted on GitHub. Thanks to

the use of compiled code, the BRMA algorithm is computationally relatively inexpensive.

Several limitations remain to be addressed in future research, however. One
limitation is that, by necessity, computational resources and journal space limit the number

of conditions that could be considered in the simulation study. To facilitate further
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exploration and follow-up research, all simulation data and analysis code are available
online. This code can also be adapted to conduct Monte Carlo power analyses for applied
research. A second limitation is that the present study did not examine the effect of
multicollinear predictors. Regularizing estimators ought to have an advantage over OLS
regression in the presence of multicollinearity*®; future research ought to examine whether
this advantage extends to BRMA. A third limitation is that the present study did not
examine the effect of dependent data (e.g., multiple effect sizes per study). The BRMA
algorithm can accommodate dependent data by means of three-level multilevel analysis. To
our knowledge, there is no reason to expect that dependent data would result in a different
pattern of findings than we found for independent data, but future research is required to
ascertain this. A final limitation of the current implementation is that it relies on 95%
credible intervals to select relevant moderators. However, these marginal credible intervals
can behave differently compared to the joint credible intervals*. A future direction of
research is therefore to implement more advanced selection procedures, such as projective
predictive variable selection**. Another direction for future research is the specification of
different priors, aside from the horseshoe and LASSO priors that were examined in this
study. A final disadvantage is that Bayesian estimation is typically more computationally
expensive than frequentist estimation. One future direction of research is thus to develop a

frequentist estimator for regularized meta-regression.

Recommendations for applied research

Before conducting meta-regression, researchers should be aware of its limitations®.
These can be subdivided into four categories: 1) the curse of dimensionality and its
corrolary implications for multicollinearity; 2) the ecological fallacy; 3) limited information
on moderator variables, including missing data and restrictions of range. BRMA seeks to
address the first of these limitations, because the problems that arise from meta-analyzing

small and heterogeneous bodies of literature are so ubiquitous that they have been referred
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to as the primary pitfall in meta-regression®. Nonetheless, all applicable limitations should

be acknowledged in the resulting publication.

With regard to the planning and design of a BRMA meta-analysis, consider explicitly
mentioning the intended use of BRMA in a preregistered analysis protocol - either as
primary analysis technique, or as a contingency in the case of model non-convergence or
multicollinearity. Note that BRMA is suitable for both confirmatory hypothesis tests and
for exploratory analyses to ensure that no important effects were missed. Both approaches
can be included in a preregistration®®. With regard to data extraction, it is important to
strike a balance between inclusiveness and selectivity when coding moderators®.
Moderators may include theoretically relevant factors and methodological ones, such as
sample demographics, methods, instruments, study quality, and publication type. A key
challenge is that moderators may not always be reported. The best way to handle missing
data is by recovering the relevant information by contacting authors or comparing different
publications on the same data. If data remains missing, users can use multiple imputation,
which is a best practice for handling missingness (see Applied example). Finally, effect
sizes and their variances must be computed using suitable methods; many of which are

available in the R package metafor?®.

In the Introduction, researchers should substantiate the decision to explore
heterogeneity. One valid reason is prima facie heterogeneity of the body of research!!.
Another reason is the presence of theoretically relevant moderators®. Less convincing is the
practice of exploring heterogeneity only when 72 is significant, for two reasons: Firstly,
because data-driven analysis decisions increase the risk of spurious findings'®. Secondly,
because tests for heterogeneity are often underpowered when the number of studies is low,

and overpowered when it is high, thus limiting their usefulness®'.

With regard to data analysis, our simulation study indicates that a horseshoe prior is

a suitable default. Before interpreting model parameters, one must ascertain that the
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algorithm has converged. Additionally, authors may consider performing a sensitivity
analysis to examine whether findings are robust to different prior specifications. With
regard to reporting results, researchers should report both the estimated effect of
moderators and residual heterogeneity. In interpreting the regression coefficients, it should
be explicitly acknowledged that regularization was used, and the parameters may thus be
biased. The use of standardization and inclusion of an intercept should be reported and
substantiated. As BRMA is a Bayesian method, inference is based on probability intervals
instead of p-values. The null hypothesis is rejected if such intervals exclude zero. The
present study compared credible intervals and HDPI intervals. Both performed identically
for inference on regression coefficients. By default, brma () reports credible intervals - but
HDPI intervals might be preferable for residual heterogeneity (which has a non-normal

posterior distribution).

With regard to publication, we highly recommend making the data and code for the
meta-analysis publicly available. One way to do this is by creating a reproducible research
repository, for example, using the Workflow for Reproducible Code in Science (WORCS)?2.
Transparency allows readers and reviewers to verify that methods were correctly applied,
which bolsters confidence in the results. Others can easily perform sensitivity analyses by
changing the analysis code. Sharing data allows the meta-analysis to be updated in the
future, which increases its reuse value. Finally, sharing the model object (or code to
reproduce it) allows others to obtain predictions for the expected effect size of a new study
on the same topic. These predictions can be used to conduct power analysis for future
research. To this end, researchers can simply enter their planned design (or several
alternative designs) as new lines of data, using the codebook of the original meta-analysis,

and use the published BRMA model to calculate the predicted effect size for a study with

these specifications.

BRMA may not be the best solution for every situation. Several trade-offs must be

considered to decide what method is most appropriate. Firstly, BRMA has higher
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predictive performance than RMA, which implies that it is more suitable when a researcher
intends to generalize beyond the sample at hand. Conversely, RMA is more suitable when
the goal is to describe the sample at hand in an unbiased manner, with less concern for
generalizability to future studies. Secondly, BRMA trades off higher specificity for lower
sensitivity compared to RMA, which suggests that it is more suitable when a researcher
seeks to eliminate irrelevant moderators, at the cost of an increased Type II error rate.
RMA might be more suitable when the researcher seeks to identify relevant moderators, at
the cost of a greater Type I error rate. If many moderators are expected to be irrelevant,
then BRMA may thus be preferable. Thirdly, there may be pragmatic reasons for
preferring BRMA over RMA. For example, if a data set is small, or the number of
moderators is high relative to the number of cases, RMA models may be empirically
under-identified. This can result in convergence problems. In such cases, Bayesian
estimation may converge on a solution where frequentist estimation does not®®. Similarly,
BRMA may perform better in the presence of multicollinearity among predictors, which
can be examined using the function vif () in the R-package metafor. Values exceeding 5
are cause for concern. Multicollinearity increases the variance of regression coefficients.
BRMA may have an advantage here, because the regularizing priors restrict variance. If

multicollinearity is observed or suspected, BRMA might be preferred.

Conclusion

The present research has demonstrated that BRMA is a powerful tool for exploring
heterogeneity in meta-analysis, with a number of advantages over classic RMA. BRMA had
better predictive performance than RMA, which indicates that results from BRMA
analysis generalize better to new data. This predictive performance advantage was
especially pronounced when training data were as small as 20 studies. This is appealing
because many meta-analyses have small sample sizes. BRMA further has greater specificity

in rejecting irrelevant moderators from a larger set of potential candidates, while
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maintaining an overall variable selection accuracy equivalent to RMA. Although the
estimated regression coefficients are biased towards zero by design, the estimated residual
heterogeneity did not show evidence of bias in our simulation. A final advantage of BRMA
over other variable selection methods for meta-analysis is that it is an extension of the
linear model. Most applied researchers are familiar with the linear model, and it can easily
accommodate predictor variables of any measurement level, interaction terms, and
non-linear effects. Adoption of this new method is facilitated by the availability of

user-friendly software in R and JASP.
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835 Highlights

836 o Many applied meta-analyses concern heterogeneous bodies of literature, with many
837 between-studies differences (moderators).

838 o Simultaneously, meta-analytic samples are often small. There is thus limited

839 statistical power to account for moderators.

840 » The present study introduces Bayesian Regularized Meta-Analysis (BRMA), an
841 algorithm that applies regularization to identify relevant moderators from a larger
842 number of candidates.

843 o The algorithm is available via the R-package pema on CRAN, and via a user-friendly

844 graphical interface in JASP.

845 o Readers across fields can use this method to account for between-studies

846 heterogeneity in meta-analysis, without concern that models may be underfit or
847 underpowered.

848 Data Availability Statement

849 All analysis code is available in a version-controlled repository at

8

a

o https://github.com/cjvanlissa/pema. The directory paper contains the source code of this

st manuscript, and the directory simulatie_2021 contains the simulation source code.


https://github.com/cjvanlissa/pema
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Table 1

Prior parameters and corresponding arguments, along with their default values and

the effect of increasing their values.

Prior Parameter Argument Default Effect

lasso A df 1 More probability of extreme values
lasso s scale 1 Increases scale of prior

hs A2 df _global 1 Increases scale of prior

hs 21 global_ df 1 Less probability of extreme values
hs Vo df 1 Less probability of extreme values
hs V3 df _slab 4 Less probability of extreme values
hs s scale_slab 2 Increases scale of finite slab

hs relevant_pars NULL Increases scale_global

44
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Table 2
Mean and SD of predictive R2 for BRMA with a horseshoe (HS) and LASSO prior, and for
RMA, for models with a true effect (ES != 0) and without (ES = 0).

R?ps Clos R?*passo  Clys R?rya Clos
Overall  0.42 [-0.03, 0.87] 042 [-0.01,0.87 039 [-0.30, 0.87]
ES=0 057 [0.04,0.89] 0.56 [0.03,0.8%] 055 [0.01,0.8]
ES!=0 -0.01 [-0.04,-0.00]  -0.01 [-0.02,0.00] -0.10 [-0.40,-0.01]

Table 3
Effect size of design factors on predictive R2 of the different algorithms, and of the difference between
algorithms. Interpretation indicates whether a main effect was uniformly positive or negative across

all algorithms.

Factor HS LASSO RMA HS vs. LASSO HS vs. RMA LASSO vs. RMA Interpretation

w 0.02 0.01 0.01  0.00 0.00 0.00 negative
I6] 0.77 0.76 0.70 ~ 0.00 0.01 0.02 positive

0.02 0.02 0.06  0.00 0.01 0.01 positive
n 0.05 0.05 0.02  0.00 0.00 0.00 positive
Model 0.17 0.17 0.11  0.00 0.00 0.00 positive
M 0.00 0.00 0.04  0.00 0.01 0.01 negative

72 0.05 0.05 0.03  0.00 0.00 0.00 negative
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Table 4
Effect size (Cramer’s V) of design factors, and of the difference between algorithms, on
sensitivity (P).

Factor Pps Prasso Prma Prsvsrasso Prsvsrvma  Prassovsrma Interpretation

k 0.21 0.23 0.17 0.01 0.02 0.02 positive

n 0.08 0.09 0.07  0.00 0.01 0.01 positive

I6] 0.36  0.37 0.28  0.01 0.04 0.04 positive

72 0.10 0.10 0.08  0.00 0.01 0.01 negative

w 0.09 0.10 0.08 0.00 0.01 0.01 negative

M 0.05 0.05 0.02  0.00 0.01 0.01 negative

Model 0.31 0.33 0.22 0.01 0.03 0.03 positive
Table 5
Effect size (Cramer’s V) of design factors, and of the difference between algorithms, on
specificity (N).

Factor Nps Npasso Nrma Nusvsrpasso Nusvskrvma Nrpassovsrma Interpretation

k 0.02 0.03 0.02 0.03 0.13 0.13 other

n 0.00 0.01 0.00 0.01 0.02 0.02 other

I6; 0.01  0.02 0.01 0.03 0.06 0.06 other

72 0.02 0.01 0.02 0.03 0.01 0.01 other

w 0.00 0.01 0.00 0.01 0.02 0.02 other

M 0.04 0.03 0.01 0.11 0.08 0.08 other

Model 0.02 0.03 0.01 0.01 0.08 0.08 positive
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Table 6
Effect size of design factors on bias in beta squared for the different algorithms, and

of the difference between algorithms.

Factor HS LASSO RMA HS vs. LASSO HS vs. RMA LASSO vs. RMA

w 0.16 0.15 0.15  0.00 0.00 0.00
g 0.01 0.00 0.00  0.00 0.00 0.00

0.00 0.00 0.00  0.00 0.00 0.00
n 0.02 0.02 0.01  0.00 0.00 0.00
Model 0.01 0.00 0.00  0.00 0.00 0.00
M 0.00 0.00 0.00  0.00 0.00 0.00
72 0.00 0.00 0.00  0.00 0.00 0.00

Table 7

Effect size of design factors on bias in tau squared for the different algorithms, and of

the difference between algorithms.

Factor HS LASSO RMA HS vs. LASSO HS vs. RMA LASSO vs. RMA

w 0.01 0.01 0.00  0.00 0.00 0.00
o] 0.12 0.13 0.11  0.00 0.00 0.00

0.00 0.00 0.00  0.00 0.00 0.00
n 0.01 0.01 0.01  0.00 0.00 0.00
Model 0.11 0.12 0.10  0.00 0.00 0.00
M 0.00 0.00 0.00  0.00 0.00 0.00

2 0.00 0.00 0.00  0.00 0.00 0.00
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Table 8

Summary of model parameters for the applied example.

mean  sd 25%  50% 97.5% n_eff Rhat

Intercept -27.34  16.63 -59.46 -27.42 1.54 1,188.50 1.00
mTimeLength 0.00 0.01 -0.02  0.00 0.00 188.60 1.03
year 0.01 0.01  0.00 0.01 0.03 1,187.99 1.00
modelLG 0.13 0.16 -0.09 0.09 0.52 998.39 1.00
modelLNB 0.15 0.13 -0.03 0.14 0.43 044.65 1.01
modelM 0.05 0.07  -0.04 0.03 0.21 586.43 1.00
modelMD 0.04 0.09 -0.14 0.02 0.26 264.84 1.02
ageWeek -0.01  0.01 -0.02 0.00 0.00 446.33 1.01
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Figure 1. Using BRMA via the JASP software package.
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Figure 2. Predictive R2 for BRMA with horseshoe (HS) and LASSO prior, and RMA. Plots

are sorted by largest performance difference between BRMA and RMA.
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Figure 3. Sensitivity by design factors for the HS (circle, solid line), LASSO(triangle, dotted

line) and RMA (square, dashed line) algorithms.
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Figure 4. Specificity by design factors for the HS (circle, solid line), LASSO(triangle, dotted

line) and RMA (square, dashed line) algorithms.
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