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Effect Size Metric Choices as Factors in Meta-Analytic
Statistical Inferences

Structured Abstract

Introduction. Meta-analysis cannot proceed unless each study outcome is on the same metric
and has an appropriate sampling variance estimate, the inverse of which is used as the weight in
meta-analytic statistics. When comparing treatments for trials that use the same measures across
studies, contemporary meta-analytic practice uses the original (raw) unstandardized mean
difference (UMD) to model the difference between the observed means (i.e., Mg-Mc) rather than
representing effects in the standardized mean difference (SMD). A fundamental difference
between the two strategies is that the UMD incorporates the observed variance of the measures
as a component of the analytical weights (viz., sampling error or inverse variance) in statistically
modeling the results for each study. In contrast, the SMD incorporates the measure variance
directly in the effect size (ES) itself (i.e., SMD=[Mg-Mc]/SD) and not directly in the analytical
weights. The UMD approach has been conventional despite the fact that its bias and efficiency
are unknown and have not been compared to the SMD. Also unresolved is which of many
possible available equations best optimize statistical modeling for the UMD and SMD (and
versions of these equations that examine repeated measures versus between-groups (or mixed)
designs).

Estimates of SMD and its variance depend on whether the comparison is derived from a repeated
measures or between groups design and on the particular statistical approach used and they are
not always equivalent. Although several methods exist to estimate SMD and its variance, none
provide an unbiased estimation and the circumstances under which they are most comparable is
currently unknown. Three designs are compared: posttest-measures two-groups, repeated-
measures one-group, and repeated-measures two-groups design. The SMD for the last two can be
estimated using a change-score metric or a raw-score metric of the effect size, depending
whether the correlation between pretest and posttest is used to standardize the effect.

Methods. Monte Carlo simulations compared available equations in terms of their bias and
efficiency across the many different conditions established by crossing: (1) number of studies in
the meta-analysis (k = 10, 20, 50, and 100); (2) mean study sample sizes (5 values of N ranging
from small to very large); (3) the ratio of the within-study observed measure variances for
experimental and control groups and at pretest and posttest (ratios: 1:1, 2:1, and 4:1); (4) the

posttest mean of each pseudo experimental group to achieve 3 parametric effect sizes (#Eost =
0.25, 0.50, and 0.80); (5) normal versus non-normal distributions (4 levels); (6) the between-
studies variance (t>= 0, 0.04, 0.08, 0.16, and 0.32). For the second issue, (7) the correlation
between the two conditions was manipulated through the variance-covariance matrix, where

homogeneous variances equal to 1 can be assumed. The manipulated correlation was equal to the
covariance between the two measures (ppre-post = 0, 0.25, 0.50, and 0.75).

Results. Simulations showed that leaving the effect size (ES) index in the original metric
presents no bias or loss of efficiency when distributions are normal, when there is no
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heterogeneity among effects, and when the observed variances of the experimental and control
groups are equal; in contrast, when conditions deviate from these ideals, standardizing outcomes
is markedly better. When there is high skewness and kurtosis, neither metric has a marked
advantage. Thus, the standardized index presents the least bias under most conditions and is
more efficient than the unstandardized index. The unstandardized mean difference ES has higher
efficiency only with very small within-study variances or study sample sizes.

Standardized effect sizes can be recommended under all conditions. It is particularly the case that
the standardized mean difference will perform better when within-study variability is large, when
parametric assumptions are poorly met, and when sample sizes increase. Finally, the results
comparing all the SMD and its variance estimations show both the utility of a new solution and
conditions under which different estimation procedures may affect results depending on the
design and the metric. All estimations reach similar inferences when they do not include the
correlation between pretest and posttest or if the correlation between measures is 0.50. The
current results imply that the choice of effect size metrics, estimators, and sampling variances
can have large effects on statistical inferences even under such commonly observed
circumstances as normal sampling distributions, large samples of studies and studies with large
samples, and when effects exhibit heterogeneity. Thus, this investigation provides guidance for
improved statistical practice in relation to meta-analysis of literatures comprised of studies that
compare two groups at one point in time, or that examine repeated measures for one or two
groups. The Discussion considers clinical interpretation of results using the SMD and addresses
limitations of the current project.
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Introduction

Background

Over the past 30 years, meta-analytic methods to accumulate knowledge have experienced a
sharp increase in use across the sciences, and have been applied to many topics of high import to
public health. Using meta-analysis, the result of every study is quantified by means of a
statistical index that one can apply to all studies in a given literature, thereby enabling a
comprehensive summary of the magnitude of the effect in every study and analyses of outcomes
according to coded study features.*** Conventionally, meta-analysis has three main objectives:
(1) synthesizing different studies’ effect size values to obtain a weighted mean, (2) assessing the
consistency of the results, and (3) in the case of inconsistency (or heterogeneity), using
moderator variables in an attempt to explain the variability. To do their work, meta-analysts must
complete a series of interrelated steps: (1) conceptually define the topic of the review, (2) set
selection criteria for the sample of studies, (3) comprehensively search for qualified studies, (4)
code studies for their distinctive substantive, methodological and external characteristics, (5)
represent the magnitude of each study’s effect on the same metric, (6) analyze the database, and
(7) interpret and present the results. To the extent that meta-analysts have the best available
techniques to complete each step, the accuracy of their conclusions will be enhanced; science
and its applications can accumulate and report its research findings in a more efficient manner.

The current report focuses on the 5™ and 6" steps: Meta-analysis cannot proceed unless each
study outcome is represented on the same metric and has an appropriate sampling variance
estimate, the inverse of which is used as the weight in meta-regression and other meta-analytic
statistics. In contemporary practice, when comparing treatments for trials that use the same
measures across studies, meta-analyses routinely use the original or unstandardized mean
difference (UMD) to model the difference between the observed means (i.e., Mg-Mc) rather than
representing effects in the standardized mean difference (SMD). A fundamental difference
between the two strategies is that the UMD incorporates the observed variance of the measures
as a component of the analytical weights (viz., sampling error or inverse variance) in statistically
modeling the results for each study. In contrast, the SMD incorporates the measure variance
directly in the effect size (ES) itself (i.e., SMD=[Mg-Mc]/SD) and not directly in the analytical
weights. The UMD approach has been conventional despite the fact that its bias and efficiency
are unknown and have not been compared to the SMD. Also unresolved is which of many
possible available equations best optimize statistical modeling for the UMD and SMD. There are
many equations that examine repeated measures and there are many potential estimates of the
inverse variance needed for modeling either UMD or SMD.

Another important and controversial issue is specifically related to the SMD. This estimator
is used to measure the degree of change between repeated measures or the difference between
two groups, using a standardization that can vary depending on the standard deviation used, with
the assumption that the measures follow a normal distribution. In its between-groups form, SMD
can be calculated from any two groups whether they are experimental or not; it is assumed that
the individuals in the compared groups are independent. In its repeated-measures or within-
subjects form, SMD assumes that the observations are dependent, and while some extant meta-
analytic procedures account for this dependency, many others do not; scholars will often
integrate both types of estimates in a single meta-analysis. Similarly, the numerous methods of
calculating the SMD and their variances are known to vary.’*8



Therefore, it is unknown how much bias appears in the weighted effect sizes and posterior
analyses when two-groups, two-groups repeated measures, or single groups with repeated
measures are integrated without incorporating assumptions about possible dependence arising
from the those observations with repeated measures. Further, it is not clear in the literature if the
different methods of transformation to standardized mean difference from different statistical
information types are equal across design types. There is conflicting advice about which specific
technique equations to invoke when trials assess an outcome on the same measure and/or
evaluate outcomes using repeated measures versus between-groups (or mixed) designs.

Objectives

This report has two objectives:

1. Determine the bias and efficiency of the unstandardized mean difference (UMD) relative
to the standardized mean difference (UMD) under a wide range of analytic
circumstances.

In literatures for which a phenomenon is assessed using the same measure in every study,
meta-analysts have the choice of examining either standardized effect sizes (d, OR, etc.) or
leaving study outcomes in the original, unstandardized, measure.*? For example, blood pressure
is always assessed in millimeters of mercury (mm/Hg) and meta-analyses of blood pressure
outcomes routinely leave it in this metric. Efficacy in anti-depressant trials is routinely assessed
on the Hamilton Rating Scale of Depression (HAM-D), and many meta-analyses examine it in
this metric. Analysts typically leave study results in the original unstandardized measure in order
to facilitate their interpretability. Many prominent statisticians have even recommended leaving
comparisons in a unstandardized measure to facilitate comparisons between studies.”**°

Such comparisons make a great deal of sense when the studies’ samples exhibit equal
variances on the measures of their phenomenon. Yet, to the extent that their studies have unequal
measure variances, meta-analyses that leave results unstandardized may yield inferences that
poorly represent the underlying studies outcomes. For example, anti-depressant trials focusing on
very severely depressed individuals (e.g., M HAM-D=33) will have much larger standard
deviations than trials that focus on moderately depressed individuals (e.g., M HAM-D=17).
Making the problem worse, some trials select patients in narrower ranges of the scale, artificially
making the underlying standard deviation smaller relative to other trials. Change of, say, 6 units
on the HAM-D is more dramatic change for a sample with a small standard deviation than for a
sample with a large one. In such instances, a standardized effect size metric (e.g., d) may solve
the problem. Weights for unstandardized outcomes in meta-analysis routinely use the sample
size and the measure variance,*?*® but it is unclear whether this solution solves the problem.
Homogeneity of compared group variances in primary-level research is an analogous assumption
to the problem that appears in terms of between-studies heterogeneity in observed measurement
variances.

The second objective is:
2. Determine the best techniques to calculate effect size estimates and their sampling
variances for different designs and under different design and parametric conditions.
Accurate estimation of effect sizes and their sampling variances when studies with different
designs are integrated. Meta-analysis cannot proceed unless each study outcome is on the same
metric and an appropriate sampling variance can be calculated for it. Current meta-analytic
methods yield conflicting advice about which specific techniques to invoke when the outcomes



are provided from different designs, specifically, within-, between-subjects, or mixed-design,
again with the result that significance testing and interpretation may vary depending on how they
are integrated.

An effect size estimator is used to measure the degree of change between repeated measures
or to compare the difference between two or more groups, with the assumption that the measures
follow a normal distribution. In its between-groups form, the effect size (ES) estimator can be
calculated from any two groups whether they are experimental or not; it is assumed that the
individuals in the compared groups are independent. In its repeated-measures or within-subjects
form, the effect size estimator assumes that the observations are dependent, and while some
meta-analytic procedures account for this dependency, many others do not; scholars often
integrate both types of estimates in a single meta-analysis or they more simply focus on post-test
results without incorporating baseline measures or the power of the different groups to detect the
effect. Similarly, the numerous methods of calculating the ES when the outcome is continuous
and their available variances are known to vary.'’*® Therefore, it is unknown how much bias
occurs in calculations of the weighted effect size and its posterior analysis in these different
instantiations are integrated without assumptions about the possible dependence and other design
and parametric conditions (e.g., sample size, number of studies, parametric effect size) arising
from the two types of repeated measures observations. Further, the literature leaves unclear
whether the different methods of transformation to standardized mean difference from different
statistical information types are equivalent.®*%

Orientation to Method.

For both specific aims, statistical analytical work will be developed and Monte Carlo
simulation studies will be used to test it generating data under a wide variety of conditions to
determine the extent to which parameter estimates, sample sizes, and number of studies are
unbiased and their standard errors efficient. The simulations will (a) evaluate the differences
between using unstandardized versus standardized metric of effect size (objective 1); (b) evaluate
current solutions to estimate the ES and its sampling variance, differentiating among three main
design types (i.e., two-groups, two-groups repeated-measures, and repeated measures design)
(objective 2); (c) develop new solutions as necessary (our team has generated some new
alternatives for estimating repeated measures effect sizes and their sampling variances)
(objective 2); and (d) conduct simulations under widely varying conditions to gauge the
performance of these methods of estimation (objectives 1 and 2).

Significance of Project

The goals of this project are relevant to any empirical literature that has systematic
observations; these concern statistical operations that are very commonly used in contemporary
practice. Even if it turns out that meta-analytic statistics in the original metric are robust to
underlying deviations in measure variance, the results of this investigation are of great interest. If
meta-analytic statistics and inferences using unstandardized effect sizes are sensitive to
deviations in unequal measure variance and normality assumptions (and other circumstances),
then the findings have far-ranging implications for the practice of meta-analysis. Moreover, it is
also important to know what estimates of within-subjects ESs (in single- and in two-group
designs) are the most accurate, and to determine which estimates of variance, for use in
conducting weighted analyses and when those two types of designs can be combined in a single
meta-analytic database. Knowing how well each effect size index for each design performs will



enable future analysts a better choice of the most appropriate operations and, as a consequence,
permit more studies to be integrated and more accurate meta-analytic results. Thus, this
methodological study offers considerable information to improve the accuracy and progress of
science and public health. An overarching goal is to permit scholars to incorporate greater
numbers of studies in their meta-analyses and enable more accurate empirical generalizations.

Project Specific Terminology

Throughout this report we will use the following specific definitions:

e Bias: The extent to which the observed UMD or SMD differs from the parametric value.
Positive values of bias imply over-estimations of the parametric effect size and negative
values imply under-estimations.

e Change-score metric: The difference between two repeated measures compared to the
variability of change scores

o [Effect size (ES): In the current investigation, comparisons between groups, comparisons
across time, or both, are effect sizes, or indexes of association.

e Efficiency: A measure of the optimality of an estimator that reaches the closest value to the
parameter with the minimum variance through replicates To the extent that efficiency is
positive, statistical power is maximized to detect the parametric value.

e Mean Square Error (MSE): A measure of the average of the square of the errors that
evaluates the quality of an estimator in terms of its variation and unbiasedness.

e One-group repeated-measures design: A study methodology in which a single sample is
observed at two or more time points (e.g., before and after a treatment).

e Raw-score metric: A metric that compares a mean or mean difference between conditions or
times with the variability of scores within each condition.

e Sampling variance of effect size for one-group repeated-measures design: The variance
of the sampling distribution, which is the distribution of values that result from repeated
random samples of the same size using a repeated-measures design (see Table 3 for extant
estimations of this statistic).

e Sampling variance of effect size for two independent groups: The same as the preceding
one but for studies following a two-groups design (see Table 4 for extant estimations of this
statistic).

e Standardized mean difference (SMD) effect size: the difference of two means divided by
the pooled standard deviation of underlying the two means.

e Standardized mean difference (SMD) for one-group repeated-measures design: The
effect size comparing two means at different times for the same group relative to the standard
deviation (see Table 1 for extant estimations of this statistic).

e Standardized mean difference (SMD) for two independent groups: The effect size the
change in means for two independent groups (repeated-measures, between-groups version) or
the comparison of the means at posttest for two independent groups (between-groups
version). (See Table 2 for extant estimations of this statistic.)

e Two-groups repeated measures design: A study methodology in which two groups (or
arms; e.g., treatment and control) are observed at two or more times.

e Unstandardized mean difference (UMD) effect size: the difference of the two means in
their original metric or scale (where all studies use the same metric).



Following are the Greek terms that appear in this report:

Term Definition
Sj The sample estimate of population parameter 6 for the ji, replication
ﬂEost Parametric mean at posttest for the experimental group
yE Parametric mean at pretest for the experimental group
re
ﬂg t Parametric mean at posttest for the control group
0S
ﬂg Parametric mean at pretest for the control group
re
o Parametric variance at pretest
Pre
o2 Parametric variance at posttest
Post
Oprepost Covariance between pre- and posttest
p Parametric correlation
Ppre-post Parametric correlation between pre-and posttest
oc Parametric standard deviation of the control group
OF Parametric standard deviation of the experimental group
7 Between-study variance

Following are the Latin abbreviations used in this report:

Term Definition

dp Standardized mean difference proposed by Becker (See Table 1, No. 3 for
details and elements of the equation)

db_nonr Becker’s standardized mean difference, which excludes the correlation factor
2(1 -r) in its equation

df Degrees of freedom

dg Standardized mean difference proposed by Gibbons (See Table 1, No. 4 for
details and elements of the equation)

dnp Standardized mean difference proposed by Hedges (See Table 2, No. 6 for
details and elements of the equation)

(o[ Standardized mean difference proposed by Huedo-Medina & Johnson (See
Table 1, No. 5 for details and elements of the equation)

dhw_nonr Hedges’ standardized mean difference using the within-study degrees of
freedom and excluding the correlation factor 2(1 —r)

ds1 Standardized mean difference proposed by Shadish (See Table 2, No. 10 for
details and elements of the equation)

ds2 Standardized mean difference proposed by Shadish using the standard
deviation from ANOVA results (See Table 2, No. 11 for details and elements
of the equation)

ds3 Standardized mean difference proposed by Shadish using the standard
deviation from ANCOVA results (See Table 2, No. 12 for details and
elements of the equation)

dich Standardized mean difference based on t-test for change-score metric (See
Table 1, No. 2 for details and elements of the equation)

dira Standardized mean difference based on t-test for raw-score metric (See Table




Term Definition
1, No. 1 for details and elements of the equation)

ES Effect size
HAM-D Hamilton rating scale of depression
k Number of studies
M HAM-D Mean score on the HAM-D
Mc Mean control
Mg Mean experimental
mmHg Millimeters of mercury (used in measures of blood pressure)
MSE Mean square error
N Total sample size
n Group sample size
OR Odds ratio
r Estimated correlation
Rns The number of replications
SD Standard Deviation
SMD Standardized mean difference (d)
UMD Unstandardized mean difference

Varone-g (db)

Variance estimate for one group design with repeated measures of the
standardized mean difference proposed by Becker (See Table 3, No. 13 for
details and elements of the equation)

Varone-g (dg)

Variance estimate for one group design with repeated measures of the
standardized mean difference proposed by Gibbons (See Table 3, No. 14 for
details and elements of the equation)

Variwo-g (db)

Variance estimate for two group design with repeated measures of the
standardized mean difference as a function of two effect sizes proposed by
Becker (See Table 4, No. 16 for details and elements of the equation)

Varwo-g (do 1)

Variance estimate for two group design with repeated measures of the
standardized mean difference proposed by Hedges (See Table 4, No. 15 for
details and elements of the equation)

Variwo-g (dg)

Variance estimate for two group design with repeated measures of the
standardized mean difference as a function of two effect sizes proposed by
Gibbons (See Table 4, No. 18 for details and elements of the equation)

Valtwo-g (dg_t)

Variance estimate for two group design with repeated measures of the
standardized mean difference proposed by Gibbons (See Table 4, No. 17 for
details and elements of the equation)

YC

Control outcome

YE

Experimental outcome




Table 1. Standardized mean difference ES estimations (and their components) for a one-group repeated-measures design

No. Source Equation Components
1. | Glass (1981)° n__ Y, Y, -V
dtra — td 12(1_ rPre,Post) td _ . Diff — Pre Post
n \/ZSlef (1 Pre Post ) S \/2 (1 rPre Post )
pifft A~
n n
Z(YiDiﬁ V. )2
SDiff =\ n—1 = \/SFz’re + Slgost Pre PostSPreSPost
Spirr = Standard deviation of the difference assuming
unequal variances.
n = number of observations
\7 = pretest mean of measure Y.
Yo, = POSttest mean of measure Y.
rF,re post = COrrelation between Ypre and Ypost.
2. 9 1 Yo
Rosenthal (1991) d, =t .= =
‘ n S,
Diff
3. 19 — —
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Table 2. Standardized mean difference (SMD) ES estimations (and their components) for two independent groups.

No. Source Equation Components
6. | Hedges (1981)* Ve _§° 3
ost — I Pos N-2)=1——— —
dyy = (N —2)—=—= ¢(N-2) 4(N-2)-1
Pooled
s _ |(n=Dst+(n. 1S
Pooled nE + nC . 2
N=ng+nc
Sg = pogttest standard deviation of the experimental
group.
Sc = posttest standard deviation of the control group.
Y. = posttest mean of the experimental group
Y., = posttest mean of the control group
19 _ — — —
7. BECker (1988) Y EOSt _Y Ere Y(I;OSt —Y(Iire
d, =c(N-2) SE B
Pre Pre
8. | Gibbons et al. (1993)*’ JE e
Diff Diff
d, =c(N-2) S 3¢
9. Huedo-Medina & JE gE  go ¢
Johnson d,, =c(N 2){“‘;‘ ~ Ve _Y"g“ _Yﬂ
n S¢
within—pool within—pool
10. | Shadish et al. (1999)*
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No. Source Equation Components
S _ |Vgre —?(onst | \/E
c=
1t 1205 o)
- 36 _ —
11. | Shadish et al. (1999) Voo — Yo s _ \/MSEb +(tp—1)MSE,,
d52 = ANOVA — t
SANOVA p
MSE, = between-subjects mean square error
MSE,, = within-subjects mean square error
tp = number of measured time points
12. | Shadish et al. (1999)*° Ve, VS, ‘ B \/ MSEa(N —h—1)
dy=——""" ANCOVA —

SANCOVA

(1_ rvs—class )(N - h)

r _ I:cov
w—class FCOV + (N _ h _1)

MSE, = adjusted mean square error from the
covariance analysis




Table 3. Estimates of sampling variance for the SMD ES in the one-group design with repeated-measures

No. Metric Equation
13. | Raw-score metric (Becker, 1988)" 2(1- Ty o) | N =1 n d;
Varone_g (db) = pre. ( ) 1+ dbz i . 2
n n-3 2(1 Fore post ) [c(lOO —1)]
14.

Change-score metric (Gibbons et al.,
1993)*’

1)(n-1 ) d;
Varoneig (dg) = (Hj(n—_gj (1‘|‘ ndg )—m

Note. “Raw-score” implies having the measures’ variability in the observations and does not imply the unstandardized mean
difference (UMD).

Table 4. Estimates of sampling variances for the SMD ES from two-group designs with repeated-measures

No.

Variance estimate

Equation

15. | Raw-score metric for a total ES (Hedges, 1\ N =2 d? . n_*n
1981)* Varyo_g (dy_) = (—j{ j(l +d] | )-——=—, fi=—E—F
- nJ)\N-4 [ (N—2)] Ng + N
16. | Raw-score metric for a function of two ESs
(Becker, 1988)19 two g (d ) var one—g (d )+ var one—g (d )
17. | Change-score metriczlzor a total ES (Morris & 1 N —2 , d?
d, )= 1+2 d — %
DeShon, 2002) I FIEE (N —4J( ()0 ) [e(N-2)]
18. | Change-score metric for a function of two

ESs (Morris & DeShon, 2002)?

vary,,_ (dg) = var,, o (dy)+vary, ;(d;)

Note. “Raw-score” implies having the measures’ variability in the observations and does not imply the unstandardized mean
difference (UMD).
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Table 5. Estimates of statistics related to the unstandardized mean difference (UMD) for designs with two independent groups

No. Metric Equation
19. | Unstandardized mean difference (UMD) for two independent groups UMD =YgE, — V& o
1 1
20. | standard error of the UMD SEymp = Spootea |—+
ng nc¢
21 1 ngnc
- | Inverse variance of the UMD Varymp  Spooteq (g + Ng)
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Methods

General Design

(0]

(0]

To simulate each individual study in the simulation, we considered a within-subjects
design with one or two groups, experimental and control.

The data sets from a collection of k single studies were randomly generated using
commands from the statistical software R, version 2.14.1. Two independent normal
distributions were simulated for conditions in part 1; and for the conditions in part 2
that do not require repeated-measures design, R’s rnorm command was used. Two
bivariate normal distributions were generated specifically for part 2 when repeated-
measures two-groups conditions were simulated using mvnorm R command. The
variance-covariance matrix was manipulated with the identity matrix being a
particular condition when groups of scores are not correlated and homogeneous
variances equal to one are assumed between groups and time measures; the
appropriate matrix was generated to create heterogeneous distributions for each group
and time measure. The distributions were modified in some conditions, as we
describe below.

The two bivariate normal distributions, with a homogeneous variance-covariance
matrix,

YE<I N [(ﬂgre J,[Gém GPrePostJ} Y- N [(:ulgre J,[Oﬁre GPrePostj} ’

:qust Opre,post O sost ﬂgost O'pre,post Géost
were generated, representing the experimental and control groups, respectively. The
parameters for these distributions in the standardized units are w5, = uS. . = e, = 0,

With Opye posts Tares Oogst » N 15 being manipulated factors in the simulation.

These values were permitted to remain in their unstandardized units to create a
comparison for statistical inferences between raw and standardized conditions.

The necessary basic statistics (i.e., means, standard deviations, correlations) were
estimated from the sampling data for each method using basic R commands. Thus,
the estimates of ES and the ES sampling variance were calculated programming in R
all the effect size equations from Tables 1, 2, and 5, as relevant.

The calculations for the estimations, and their sampling variances were repeated for
each simulated study (and comparing the equations in Tables 1-5; note that the
between-groups sampling variance is the same as the raw-score metric, that is, Table
4, no. 15).

In order to evaluate the robustness of the estimates under different conditions the
percentage bias of the estimate was calculated:

Rns Sj_a
iy 205
Bias (6) = T
where Sj is the sample estimate of population parameter § for the ji, replication and
Rns is the number of replications.

The efficiency of the estimates was obtained as the variability of the estimate across
replications,



Rns

) >(5,-6)
VAR(5)=J=1T

e Finally, the particular formulas for estimating the sampling variances of each index of
specific aim 2 were computed in each replication and their values averaged over the
10,000 replications of the same condition. The average of the empirical variability of
each index was compared to the average of the variance obtained from each sampling
variance estimate to obtain the adjustment to the theoretical variance.

Conditions Manipulated

Table 6 summarizes all manipulated features in the simulation. These included:

1. The number of studies in a meta-analysis, k = 10, 20, 50, and 100.

2. The mean sample size (N) in the literature. The mean sample size for each generated
meta-analysis replicated the 10" (N = 30), 40" (N = 50), and 80™ (N = 80) percentiles
of the sample sizes from HIV prevention trials in the Syntheses of HIV and AIDS
Research Project (SHARP) meta-analytic database at the University of Connecticut,
which summarizes over 700 trials. Three vectors of sample sizes were generated as
[12, 16, 18, 20, 84], [32, 36, 38, 40, 104], and [62, 66, 68, 70, 134], one for each
selected averaging 30, 50, and 80, respectively. Each vector was replicated either 2,
4,10, or 50 times for meta-analyses of k = 10, 20, 50, and 100.

3. The within-study variances for experimental and control groups and at pretest and
posttest measures were varied using ratios for experimental and control groups,
respectively, of 1:1, 2:1, and 4:1.2?” The variance of the experimental group was
increased in comparison to that of the control group because increases in variability
are more plausible when there is experimental manipulation (e.g., a psychological
treatment) and doing so permitted clearer inferences about results.®

4. The mean of the posttest for the experimental group, following the parametric values

for the standardized mean difference,”®s = y-,, = 0.25, 0.5, 0.8, The means and

standard deviations of the scores for the experimental and control participants in each
pseudo-study were generated assuming a variety of different distributions: both
normal distributions and non-normal distributions:

a. For the normal distributions, values for means and standard deviations were
kept as following the parametric normal distributions described above.

b. To generate non-normal distributions, the normality pattern was manipulated
to obtain skewed distributions through use of the Fleishman® algorithm, with
the following values of skewness/kurtosis: 0.5/0, 0.75/0, and 1.75/3.75..

5. The between-studies variance, 12, with values 0, 0.04, 0.08, 0.16, 0.32. When t° = 0,
the statistical model reduces to a fixed-effects model, because there is no between-
studies variance. The selected values of 7° are similar to those used in other
prominent simulation studies in this literature.3*
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Condition manipulated specifically for Specific Aim 2

6. The correlations between the two conditions were manipulated through the variance-
covariance matrix, where homogeneous variances equal to 1 can be assumed. The
manipulated correlation was equal to the covariance between the two measures. The
values were ppre-post = 0, 0.25, 0.50, and 0.75.

Table 6. Characteristics of Simulated Datasets

Condition Levels

Mean population effect size 5= :u:)Eost: 0.25/0.50/0.80

Relative within-study standard og:oc =1:1,2:1,and 4:1
deviation for control and
experimental groups

Sample sizes vectors nc =ng =[12, 16, 18, 20, 84], [32, 36, 38, 40, 104], and [62,
66, 68, 70, 134]

Number of studies k=10/25/50/100

Skewness/Kurtosis 0/0, 0.5/0, 0.75/0, and 1.75/3.75

Between-study variance ©=0/0.04/0.08/0.16 /0.32

Correlation between pretest Ppre-post = 0/0.25/0.50/0.75
and posttest measures®

This portion of the design was only for Specific Aim 2

Results
Part One: Unstandardized Versus Standardized Effect Sizes

Overview

Monte Carlo simulations showed that leaving the effect size (ES) index in the original metric
(UMD) presents little bias or loss of efficiency when distributions were normal, when there is no
heterogeneity in effect sizes, and when the variances of the experimental and control group
means are equal; yet, to the extent that these conditions deviate, standardizing (SMD) is better.
The standardized metric presents the least bias under all conditions and is more efficient than the
raw metric. Both metrics suffer under high skewness and kurtosis, although the SMD less so.

Detailed Analysis
Bias

Figures 1 through 5 show the primary results comparing the UMD against the SMD in terms
of bias. As these Figures show, the SMD had less bias than did the UMD under all plotted
circumstances. The two metrics approach the same level of bias only when skewness and
kurtosis is minimal (Figure 1), but even here the SMD showed a slight advantage. More dramatic
differences between the two appeared as skewness and kurtosis increase, under fixed-effects
(1°=0; see Figure 2), as the parametric effect size increases (Figure 3), as the mean sample size
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increases (Figure 4), and as heteroskedasticity increases (Figure 5). (No figure for number of
studies appears because it did not change the trends reported here.) Across these conditions, the
UMD was more likely than the SMD to over-estimate the parametric effect size.

Figure 1. Bias of SMD and UMD as a function of asymmetry and the between-studies variance of
the distribution.
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Figure 2. Bias of SMD and UMD as a function of the between-studies variance of the distribution.
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Figure 3. Bias of SMD and UMD as a function of the parametric effect size.
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Figure 4. Bias of SMD and UMD as a function of mean sample size.
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Figure 5. Bias of SMD and UMD as a function of heteroskedasticity.
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Efficiency

Figures 6 through 10 show the primary results comparing the UMD against the SMD in
terms of efficiency. The SMD presented more efficient estimations than the UMD under the
same circumstances as it exhibited less bias. Specifically, the two metrics approach the same
efficiency only when skewness and kurtosis is minimal (Figure 6), but even here the SMD
showed a slight advantage. More dramatic differences between the two appeared as skewness
and kurtosis increase, under increasing heterogeneity (t°>0; see Figure 7), across all levels of the
parametric effect size (Figure 8), across all levels of mean sample size (Figure 9), and as
heteroskedasticity increases (Figure 10). (No figure for number of studies appears because it did
not change the trends reported here.) Across these conditions, the UMD was a less efficient
estimator than the SMD. The efficiency of SMD improves when the between-studies variance
increases (t>0) or the sample size increases; it is not affected by the rest of the factors.

Figure 6. Efficiency of SMD and UMD as a function of asymmetry.
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Figure 7. Efficiency of SMD and UMD as a function between-studies variance.
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Figure 8. Efficiency of SMD and UMD as a function of the parametric effect size.
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Figure 9. Efficiency of SMD and UMD as a function of mean sample size.
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Figure 10. Efficiency of SMD and UMD as a function of heteroskedasticity.
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Part Two: Using the SMD with Repeated Versus Independent
Measures

Overview

0 The raw-score metric is more convenient if we are interested in analyzing just the
effect of an intervention, excluding effects of the maturation (i.e., when a process
within an individual can vary due to the passage of time and/or learning
independently of specific external events, for example, growing older, wiser, and
more experienced). Therefore, when the raw-score metric is, used the consistency of
the scores has not been considered and post hoc analyses including this factor as a
moderator should not be conducted. However, the change-score metric allows us to
know not only the change due to the intervention but also if there is some consistency
due to a maturation effect. Examining maturation effects is very appropriate in some
educational and even clinical interventions and if is included in the ES, then the
consistency effect in the final efficacy results can be evaluated. (NB. “Raw-score
metric” should not be confused with the unstandardized mean difference. The former
gauges the standardized differences between two groups taking into account their
variability but not the correlation between two measures. Part Two considers only the
standardized mean difference, SMD.)

0 There are important differences among the ES estimations in raw-score and in
change-score metric. However, all of them can be comparable and combined if it is
possible to assume a moderate correlation (r=0.50) between pretest and posttest
measures.

0 The new ES estimation proposed in this work, dnw, which divides the difference of the
means, pretest and posttest, by a function of their variances is very efficient but it
should be used only when the researcher can assume independence between the two
measures. Therefore, this solution is more convenient to use for repeated-measures
two-group designs focusing on intervention effects.

0 There are some slight differences between the empirical variances of raw- and
change-score metrics when the correlation is larger or smaller than 0.5.

0 The weighted analyses using the different metrics are comparable because the
differences due to the correlation factor are corrected using the appropriate weights in
each case. Thus, the correlation factor should be included for the sampling variance
but not for the ES estimation in raw-score metric and should not be included for the
sampling variance but for the ES estimation in change-score metric. Therefore, those
ES values in raw-score metric with a greater sampling variance will have less weight
in change-score metric but the ES values will be larger than the one in raw-score
metric if the correlation is larger than 0.5. In the same way, the weights will be larger
in raw-score metric ESs when the correlation is larger than 0.5 but the ES values will
be smaller than those in change-score metric.

0 Therefore in order to be able to integrate both metrics, the sampling variance of the
ES estimations in raw-score metric must include the factor with the correlation, but
not the sampling variance estimation for change-score metric. However, if we can
assume that the correlation is 0.5, both equations to estimate the sampling variance as
it was for the ES estimations are comparable.
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0 For the repeated-measures two-groups design, the sampling variance can be estimated
using two equations depending on the metric of the ES. The main difference between
them is the inclusion or not of the correlation factor. The one for change-score metric
includes the correlation factor but not the one in raw-score metric. The performance
of those two equations presents the same trends as those for the one-group within-
subjects design. When p < 0.5 the one for change-score metric is better adjusted than
the one for raw-score metric, which is better, regardless of the ES index used to
calculate it, when p > 0.5. They are comparable if it is possible to assume that the
correlation is equal to 0.5.

Detailed Analysis

One-group within-subjects design
Bias

Figure 11 shows the bias of the different indexes calculated as the difference between the
mean of each estimation and the parametric ES in raw metric, 6raw, Over the 10,000 replications
and assuming normality of the distribution. Thus, positive values reflect an overestimation of this
particular parameter, whereas negative values imply an underestimation of it. The trends were
very similar as the sample size increases, so an average of the sample size conditions is used to
present each ES index across each manipulated correlation value.

Figure 11. Bias as a function of the correlation parameter of the ES indexes.
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Note: Hedges’s standardized mean difference using the between-studies degrees of freedom=d;;,, Hedges’s standardized mean
difference using the within-study degrees of freedom=dy,, standardized mean difference in raw-score metric from t4=dyr, the
standardized mean difference in change-score metric from ty=d.n, Becker’s standardized mean difference=dy; Gibbons’s
standardized mean difference=dy.

The ES indexes in raw-score metric do not present bias, dyy, dira, @and dy, except for dpy,
which underestimates the parametric ES in raw-score metric and when the ES is estimated
assuming the two groups of scores have a null correlation, p =0, which is similar in all the
conditions (see Appendix B for more detail). However, the ES indexes in change-score metric, dg
and din, Which incorporate the effect of the correlation, underestimate the parametric ES in raw-
score metric when p < 0.5.
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It is possible to observe the interaction of all the ES estimations, except dnw, when p = .5.
They are estimating the same parameter for this particular condition, so in this case dn, disa, dich,
dp, and dg are unbiased.

Efficiency

In terms of the theoretical variance, the ES with the least variability and therefore most
efficient is dnw across all simulated conditions, then dq and dich, both presenting the same trend,
as Figure 12 shows.

Figure 12. The efficiency as a function of the correlation parameter of the ES indexes
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Note: Hedges’s standardized mean difference using the between-studies degrees of freedom=dy;,, Hedges’s standardized mean
difference using the within-study degrees of freedom=d;,, standardized mean difference in raw-score metric from t4=dyr, the
standardized mean difference in change-score metric from ty=d, Becker’s standardized mean difference=dy; Gibbons’s
standardized mean difference=dy.

The variability of dy and dn are almost unaffected by increasing the assumed correlation
between pre- and post-test, although it increases slightly as the correlation increases. The
variability of dny begins very similar to dq and dich, but the efficiency of the first one improves as
the correlation increases. Finally, the worst adjustment is for dy, followed by di, and dpp,
however, their variability decreases as the correlation increases, obtaining better efficiency than
dg when p > 0.5. Although efficiency is similar for all alternatives when the correlation is 0.5, dq
and dic, are more variable than any other when the correlation is larger than 0.5. As statistical
theory predicts, the performance of all ESs, in terms of efficiency, improves as the sample size
increases. Finally, in general, the correlation affects the empirical variance of the estimators even
for those in raw-score metric. As the correlation increases, there is less variability in the indexes.

The theoretical variance adjustment

Related to the difference between the empirical and the theoretical variance, in general,
Figure 13 shows how the correlation parameter of the ES indexes relates to adjustments to the
theoretical variance. The least biased estimations of the variance are dgand dy. The difference
between the theoretical and the empirical variance decreases slightly for dq as the correlation
increases if the latter is smaller than 0.5, however, an opposite pattern is observed if the
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correlation is larger than 0.5. However, the theoretical variance adjustment of d, always
decreases as the correlation increases. The worst adjustment is for dn, and then for dnw; both
present a difference that decreases as the correlation increases. Finally, d, and dg have well-
adjusted estimations of the sampling variance when n > 100.

Figure 13. The theoretical variance adjustment to the empirical variance as a function of the
correlation parameter of the ES indexes.
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Note: Hedges's standardized mean difference using the between-studies degrees of freedom=dy,, Hedges’
standardized mean difference using the within-study degrees of freedom=d,, Becker's standardized mean
difference=dp, and Gibbons’s standardized mean difference=dg.

If the theoretical variance is calculated for dny and dyp without including the correlation factor, 2
(1 -p), but using the df =n—1and fi =n, dnhw_nonr aNd dy_nonr, they present opposite patterns to
their correspond versions including the correlation factor, as Figure 14 illustrates.

Figure 14. The theoretical variance adjustment to the empirical variance as a function of the
correlation parameter of the ES indexes.
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Note: Hedges's standardized mean difference using the between-studies degrees of freedom=dy,; Hedges's
standardized mean difference using the within-study degrees of freedom=d,; Hedges’ standardized mean difference
using the within-study degrees of freedom without including the correlation factor 2(1 —r) in its equation=dnw_nonr;
Becker's standardized mean difference=dy; Becker's standardized mean difference without including the correlation

factor 2(1 —r) in its equation=dy_nonr; and Gibbons’ standardized mean difference=dj.

Two-Group Repeated Measures Design
Bias

In Figure 15, the same trends as in Figure 11 are presented for the correspondent ES indexes
of two-group repeated-measures design, dip, dy, dhw and dg. The two first are estimating the
parametric ES in raw-score metric, so they are not presenting bias, in comparison to the constant
bias of dny across conditions because it is not affected by the correlation but it is not estimating
their parametric change-score ES (the mean of the bias through all conditions is bias(dny) =
0.0016; bias(dp) = 0.000; bias(dnw) = -0.1473). The dy ES presents the same result mentioned
under one-group repeated-measures design, which is underestimating and overestimating the
parametric ES depending on having p < 0.5 or p > 0.5, respectively.

Figure 15. The bias as a function of the correlation parameter of the ES indexes.
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Note: Hedges's standardized mean difference using the between-studies degrees of freedom=dy,; Hedges's
standardized mean difference using the within-study degrees of freedom=dh,; the Becker’'s standardized mean
difference=dy; the Gibbons’ standardized mean difference, dg, the standardized mean difference using the Shadish’s
pool standard deviation= ds;; the standardized mean difference from the ANOVA data, dsy; and the standardized
mean difference from ANCOVA data=dsz.

The three new ES indexes presented for two-groups design are those calculated from
ANOVA:s, ds; and dsz, and one from ANCOVA, dss. The performance of the two first is the same
as those estimating a parametric ES in raw-score metric, so they do not present bias. However,
the third one underestimates the parameter but improves as the correlation increases.

Efficiency

In general, in terms of efficiency the best estimator is dnw and then dsi, dso, dss, and dg are
very similar if correlation is lower than 0.5. However, when p > 0.5 the efficiency of dg increases
drastically, as it was shown in one-group design. The variability for dy, and dy, are very similar,
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being slightly larger for dp when p = 0, they interact when p = 0.5 being from that point the
variability of dp, slightly larger than d, (see Figure 16).

Figure 16. Efficiency as a function of the correlation parameter of the ES indexes.
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Note: Hedges’s standardized mean difference using the between-studies degrees of freedom=dy,; Hedges’s standardized mean
difference using the within-study degrees of freedom=d,,; Becker’s standardized mean difference=dy; Gibbons’s standardized
mean difference=dg; standardized mean difference using the Shadish pooled standard deviation=ds;; standardized mean
difference from the ANOVA data=ds,; and standardized mean difference from ANCOVA data=ds3.

The theoretical variance adjustment

Figures 17 and 18 present the differences between the sampling variance estimates and the
actual sampling variance of the effect size index. In Figure 17, the estimates using a continuous
line are calculated as the variance of an ES, those with a dashed line are obtained as a variance
compound of two variances, one for the ES of each independent group.

Figure 17. The theoretical variance adjustment to the empirical variance as a function of the
correlation parameter of the ES indexes.
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Note: Hedges’s standardized mean difference using the between-studies degrees of freedom, dy,, Hedges’ standardized mean
difference using the within-study degrees of freedom, d,, Becker’s standardized mean difference, d,, Gibbons’ standardized
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mean difference, dq, standardized mean difference using the Shadish pooled standard deviation, ds;, standardized mean difference
from the ANOVA data, d,, and the standardized mean difference from ANCOVA data, ds3; note that the variance calculated for a
total ES as the difference between the ES for each group, experimental and control, is denoted with _t suffixes.

Figure 18. The theoretical variance adjustment to the empirical variance as a function of the
correlation parameter of the ES indexes.

0.04

0.03 A —&— dhw_t_nonr
---#--- dhw_t_r
—¥—db_t nonr

~-e-= db_t_r

0.02

----@--- dg_t_nonr
0.01 4

—e—dg_tr

Theoretical Variance Adjustment

0.00

0 0.25 0.5 0.75

Correlation

Note: Hedges’s standardized mean difference using the within-study degrees of freedom, dy,,; Becker’s standardized mean
difference, d,; Gibbons’s standardized mean difference=dg; note that the inclusion or not of the correlation factor, 2(1-p), is
denoted as _r and _nonr, respectively, in the suffix of these terms

The indexes that are adjusted most through all the conditions without being affected by the
magnitude of the correlation are dn, and dp_torar, and dnw . The adjustments for the theoretical
variance of dq ¢, ds1, ds2, and dss are affected by the magnitude of the correlation between pre- and
post-tests (ds, is not considered in Figure 17 because it has exactly the same performance as ds;).
The theoretical variance is closer to the empirical variance for dq ¢, ds1, and ds; as the correlation
increases, but it is slightly further for ds3 when p > 0.5. The considerably worse performance is
achieved by those estimations of the sampling variance that are a composite of two variances,
one for the experimental and one for the control group.

In Figure 18, the sampling variance estimations for a total ES in different metrics are
compared using or not using the correlation factor, 2(1 — p). The performance has a good
adjustment almost without being affected by the increase of the correlation for all the estimations
and they are very similar when they do not include the correlation factor. The only one that
improves slightly as the correlation decreases is the estimation of the sampling variance using dg.
However, when the correlation factor is included in the equation all of them have similar trends,
they get better performance if p < 0.5 and worse performance when p > 0.5. Finally, if p = 0.5
the inclusion or not of the correlation factor has little effect across the different equations.
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Discussion

This report analytically evaluates two controversial and related topics in meta-analytic methods
using Monte Carlo simulation techniques. The first is to determine what effect size metric should
be used when trials assess an outcome on the same measures. The second is to determine the best
estimates of the standardized effect size and its variance estimates when the comparisons are
derived from a repeated-measures or between-groups design.

Choice of Metric

Although several statistical methods exist to estimate comparisons of groups at one or more
points (Tables 1 to 4), none provide unbiased estimations and, before the current report, the
circumstances under which they produce the most optimal statistical inferences has been
unknown. The current results demonstrate that the standardized version of effect size
outperforms the unstandardized version under a broad set of conditions (Table 6) in terms both
of bias (Figures 1-5) and of efficiency (Figures 6-10). Thus, standardized effect sizes can be
recommended under most conditions. The standardized mean difference performs much better
when within-study variability is large, when parametric assumptions are poorly met, and when
study sample sizes are small. Table 6 summarizes the recommendations that the current
simulation supports in terms of effect size metric and the best instantiations of the standardized
mean difference for particular types of designs and inferential circumstances.

The fact that the current results support the use of the standardized mean difference even
when it is possible to use the unstandardized version might on the surface imply that that clinical
interpretations will grow more difficult even while statistical inferences grow clearer and
cleaner. Of course, most stakeholders can more easily interpret a 10 mmHg greater drop in blood
pressure or a $100 reduction in the cost of care than the equivalent result on a standardized effect
size metric. There are at least two solutions to this problem. The first solution is quantitative and
entails converting final results from in the standardized mean difference metric to their
equivalent unstandardized mean differences. One simply multiplies the standardized mean
difference by the standard deviation. Of course, standard deviations can and do vary widely
between studies, which implies that is valuable to meta-analyze the relevant standard deviations
in order to determine which value or values are best used in such conversions. Many factors
might affect which standard deviation is presumed to describe a particular inferential situation.
Investigators may have selected participants within a narrow range on the dependent measure,
which artificially restricts the standard deviation. Presumably such standard deviations are of
little use in setting a standard. Scaling issues are also a consideration: Other factors equal,
standard deviations will grow smaller as values near the low or high extremes of a particular
measure (e.g., rating scales); standard deviations grow larger across levels of a measure that has
infinity at one end (e.g., mmHg in blood pressure studies).® Understanding when the standard
deviation is larger or smaller thus facilitates making accurate clinical inferences.
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Table 7. Recommendations for Effect Size Metric and Relevant Formulas

Best Effect Size

Design Type Inferential Circumstances Statistic Source Equation
Two-group For nearly all inferential £ —c
comparison circumstances involving a SMD dj, Table 2, 38 3 Y post — Y Post
without repeated | comparison of two groups on No. 6 Hedges (1981) dyp =C(N -2) S
measures one measure. Pooled
When attempting to describe | SMD dy., Table Glass (1981)° I
One-group the magnitude of change 1,No.1 (1981) o =1, n 2~ Tore o)
repeated without controlling for the
measures correlation between the vi vi
repeated measures SMD ﬂlbé T;ble L Becker (1988)" d, =¢c(n-1) Yeost = Ypre
' Pre
When attempting to examine SMD dy, Table 9 _ 1
One-group the magnitude of change 1, No. 2 Rosenthal (1991) G =1 n
repeated controlling for the correlation v
measures between the repeated SMD dg, Table 1, | Gibbons et al. (1993)* d. = c(n—1)-2"
measures No. 4 ’ Diff
SMD d,, Table 2 19 Yros —Ypre  Yrox—Y5
H H , laple Z, Post — T Pr Post — T Pr
Two-group When attempting to examine e Becker (1988) d, =c(N—2)| X _Tfre Pt TP
: ... | the magnitude of change : Sere Sere
comparisons with ith lina for th
repeated without controlling for the . o
measures correlation between the SMD dh, Table |  Huedo-Medina & Ao — (N —2y| Yrost=Yere Yot —Yepre
repeated measures 2 No.9 Johnson nw =C(N =2) gE Y
! ) within— pool within— pool
v E v C
SMD d,, Table 2, | Gibbons et al. (1993)° _ (N 2| Yo Yoir
No. 8 d, =c(N-2) 5t 5c
Tuwgrop | e atenotng 0 exain A
comparisons with . . Y post —Y Post
controlling for the correlation d. =2 0s
repeated between the repeated SMDs ds, or dss, Shadish et al. (1999)% *2 S
measures measures Table 2, Nos. 11 adish et al. (1999) . ANOLAC
and 12 d. = Y post — Y post
g
) S ancova
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The second solution for clinical interpretation hinges on effect size standards. Specifically,
Cohen®* tentatively proposed some guidelines for judging effect magnitude, suggesting “that
medium represents an effect of a size likely to be visible to the naked eye of a careful observer”
(Cohen,® p. 156). Thus, if a standardized mean difference exceeds 0.50, then it is likely to be
readily noticeable to the careful practitioner.”’ I it is smaller, it is unlikely to be noticeable
without the aid of statistics. It is worth noting that these clinical interpretation suggestions also
apply to meta-analyses in which individual studies take observations on different measures,
when the only conventional recourse is to use a standardized effect size.

Optimal Estimations of the Standardized Mean Difference Effect Size (and Its
Sampling Variance)

Tables 1 to 4 show current methods to obtain an effect size and a sampling variance estimate
for repeated-measures and two-groups designs. These solutions either include the correlation
between pre- and post-test >*:*® or exclude it.?**%**" Despite the disagreement about use of the
correlation in calculating the ES, all except Gibbons et al.’s*” solutions use the correlation in
estimating the variance of ES for subsequent weighted analyses. Finally, these solutions rarely if
ever distinguish between change- and raw-score metrics; the latter always assumes a .5
correlation between measures in estimating the ES and its variance. The effect size in change-
score metric can be defined as the mean change due to treatment compared to the variability of
change scores and the effect size in raw-score metric as the mean difference between conditions
compared to a pooled variability of scores within each condition or to the variance of the original
scores without having any intervention.

The second takes into account only the change, without considering the variability of this
change, and the first considers the change and the consistency of it. If the variability of this
change is high, the ES in change-score formulation will be smaller than it will be in the raw-
score formulation, that is considering just the between groups variability implying that the
correlation between the two conditions is 0.5. Thus, the raw-score ES can be misleading.
However, if the variability of the change is small, the ES estimation will be higher than if just the
ES in raw-metric is considered because of the consistency. Consistency implies that for all the
subjects, a similar change has been produced. Therefore, those metrics will report different
definitions of the ES because of the different standard deviations that they use.

There are different estimates of the sampling variance depending on the design (Tables 3 and
4); all present a good adjustment to the theoretical variance under most circumstances. Yet, for
two-groups designs with repeated measures, there is an advantage to use the equations with the
total effect size as a component (i.e., Table 4, equations 15 and 17). These performed superior to
versions that used separate variance estimates for the two compared groups to create the total
sampling variance (i.e., Table 4, equations 16 and 18).

We can conclude based on our results that selections of a formula for repeated measures can
have large effects on statistical inferences. The parametric repeated-measures ES is defined as
the difference between the means of the post- and pre-test divided by a standard deviation. The
particular standard deviation chosen in calculating the ES index will also create some
differences. Those differences can be corrected using the appropriate weights in each case, using
the sampling variance estimate for change- or raw-score metric, then effect sizes from different
designs can be integrated. It is worth mentioning that solutions for repeated measures effect sizes
were most optimal when the correlation between repeated observations was 0.50; to the extent
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that actual observed correlations differ from this value, statistical inferences are likely to be sub-
optimal, especially with some of the competing equations (Tables 1 and 2).

Limitations and Future Directions

The present study examined the performance of numerous estimators of effect size across
widely diverse circumstances but it cannot evaluate all possible circumstances. Although the
methods were intended to describe the conditions that most often appear in meta-analyses of
health-related research, it is possible that important conditions have been omitted from the
current simulations. For example, trials sometimes have far larger samples than the current
simulations examined. Yet, because sample size had little role in results, this concern would
seem to be abated. Moreover, in examining circumstances with heterogeneity and with unequal
variances, the current findings would seem highly germane to many meta-analyses related to
health.

The current investigation also leaves some questions without complete answers. Future
investigations could examine alternative solutions beyond those in Table 5 for gauging the
magnitude of effect sizes in the original metric. For example, as implied in the preceding sub-
section, it may be fruitful to model the standard deviations in trials. Once the population values
are estimated they could be used in place of the observed standard deviations in individual
studies to weight results. This solution might correct many of the deficiencies the current study
identified. (Or, the population standard deviations could replace the observed standard deviations
in calculating the standardized mean difference.) Another solution could be taking previous
transformations of the unstandardized metric and evaluating which ones are the most unbiased
and efficient depending on different simulated conditions. Similarly, in comparing the
unstandardized effect size to the standardized one, the current work examined only one version
(see Table 5). One popular version that was not examined in the current analysis is the
unstandardized mean gain score.'®

The unstandardized difference’s poor performance in the current analysis leaves little faith
that it will fare any better in the gain score arena, but only by doing the requisite work can this
possibility be confirmed. Similarly, the current finding that the standardized mean difference
performs better than the unstandardized one under unequal variances implies but does not
directly show that differing measure variances across studies will make the unstandardized mean
difference perform more poorly. Moreover, the current results showed that the standardized
mean difference performs better under heterogeneity than its unstandardized counterpart; the
implication is that moderator testing (viz. sub-group analysis or meta-regression) will also
exhibit less bias and greater efficiency when the effect size is standardized rather than
unstandardized. This possibility should be evaluated in a future simulation. Another important
possibility to evaluate in a future study are the different ratios of the mean difference versus
pooled standard deviation; the conditions manipulated in the current study could statistically
benefit the standardized version more than the unstandardized counterpart. Finally, also valuable
would be further work examining how visible a “medium” effect size is to “careful observers”
might also be in order, although this work would likely have to be sophisticated about controlling
many different factors (e.g., anchoring effects).
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