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Statistical Applicationsin Meta-Analysis
Extracting, Synthesizing and Exploring Variability in Effect Sizes

PART 1: Introduction to Effect Sizes

AlthoughGene Glass (1976)introduced the set of procedures and methodsthat we now call
Oneta-andysis (Meta-andysisis Qhe statistical andysis of alarge collection of andysis results
fromindvidud studies for purposes of integrating the findingg(p.3),0the notion that individud
research studies can be combined and andyzed as a collection goes back more than 100years
(Pearson, 1904) Pearson aggregaed correlationsacross a set of studies and came to an overall
condusonconcerningther average Others since (Fischer, 1932;Birge, 1932)have worked on
statistical methodobgies for aggregating studies and Fischer wrote that CEi t sometimes happens
that althoughfew or [no statistical tests] can be claimed individudly as significant, E the
aggregae gives an impression tha theprobabilities are lower than would have been oltained by
chance.O(p.99).

Characeristics of an Effect Size and Effect Size Distributions

Thebasic unit of andysisin ameta-andysisis an effect size. An effect sizeisa standadized
metric tha expresses the magnitudeof difference between two groups usudly an experimental
groupand a control group,or the magnitudeof areationship beween measures. In thecase of a
study of correlation daa, the effect size is expressed as a standad correlation coeficient An
effect Size has several important characteristics.

¥ Aneffect Szeislikeazscore, intha it is expressed in units of standad deviation. Buta
distribution of effect sizes does not sumto zero or have a standad deviation of one asdoes a
distribution of z-scores.

An effect size can be either postive or negdive, and can rangefrom 0.0 to over £3.0.

A postive effect size indicates that the experimental group outpeformed the control group.
A negdive effect size indicates thereverse.

Effect sizes, unde certain conditions can beaveraged and thar variability assessed.

Effect sizes can be calculated from descriptive daa (meansand standad deviationg, the
results of statistical tests, such asat-test, ANOVA or ANCOVA, and can beestimated from
probability statements (e.g., p < 0.05). Even non-parametric statistical tests, such as! 2 or
propottiond data, can beconverted to effect sizes.

¥ Inall methodsof either calculating or estimating effect sizes, information aboutthe direction
of the effect mus bepresent. A statement such as Qhe results were significant at less than "
equds 0.05,0is not ussful unless the direction of the effect (postive or negdive) is indicated.

¥ Genegaly speaking, calculated effect sizes are more accurate than estimated effect sizes.

Interpretation of Individual Effect Sizes

Since a standadized mean difference effect size can beinterpreted in exactly the same way asa
C-scoreOfrom a Standard Normal distribution, an effect size of 0.80 meansthat the score of the
average pasonin the experimental groupexceedsthe scores of 79% of the control group.
Likewise, the percentage difference between themedian (i.e., in anormal distribution themean
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and he median are the same value) of the experimental groupandthe control is 79% minus50%
or 29% Table 1 shows convasionsof effect sizes to percentiles (Interpretation 1) and the
difference, in percentiles between the median of the experimental groupand the median of the
control group Figure 1 shows the complete overlap of an effect size of 0.00 and the partial
ovelap of an effect size of 0.80 as a graphical representation. It should be noted tha thevaues
in Table 1 depend on theassumption of a Normal distribution. Theinterpretation of effect sizes
in terms of percentilesis very senditive to violations of this assumption.

Table 1. Two interpretationsof effect sizes.

Percentagewho lie beween the
median of the experimental
group and themedian of the

control group (Col. 1 B50%)

Percentage of the experimental
Effect Size group abovetheaverageof the
control group

d Interpretation-1 Interpretation-2
0.00 50% 0%
0.10 54% 4%
0.20 58% 8%
0.30 62% 12%
040 66% 16%
0.50 69% 19%
0.60 73% 23%
0.70 76% 26%
0.80 79% 29%
0.90 82% 32%
1.00 84% 34%
1.20 88% 38%
140 92% 42%
1.60 95% 45%
1.80 96% 46%
200 98% 48%
250 99% 49%
3.00 999% 49.9%
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Figure 1. Interpretations | and |l ford = 0.00and d = 0.80.

d=0.00 d=0.80
. Control Treatment
" Overlapping
/\ Control and
/ ; Treatment
/// | ‘\
-’/) \\\\\
\ﬂ:‘
Interpretation | 50% Interpretation | 79%
Interpretation Il 0% Interpretation Il 29%

Another way to interpret effect sizesis to compare them to theeffect sizes of differences that
are familiar. For example, Cohen (1969 p. 23) describes an effect size of 0.20 as GmallOand uses
as anillugration the difference between the heights of 15 year old and 16 year old girls. An effect
size of 0.50is described as GnediumOand is Qarge enowgh to bevisible to the naked eye.OA 0.50
effect size corresponds to the difference between the heights of 14 year old and 18 year old girls.
Cohen describes an effect size of 0.80 as Qrossly perceptible and therefore largeOand equetes it
to the difference between the heights of 3 year old and 18 year old girls. As afurther example he
states that the differencein |Q between hdders of the Ph.D. degree and Qypical college
freshmenQis comparable to an effect size of 0.80. Cohen does acknowledge the danger of using
terms like Gmall,0AnediumOand QargeQout of context.

Glasset d. (1981, p. 104)are paticularly criticd of this approach, arguing that the effectiveness
of a particular intervention can only beinterpreted in relation to other interventions that seek to
produc the same effect. They aso point out that the practical importance of an effect depends
entirely onits relative cogts and benefits. In education, if it coud be shown tha making a smal
andinexpendve change woud rai se academic achievement by an effect size of even aslittleas
0.10, then this coud be avery significant improvement, particularly if theimprovement applied
uniformly to al students, and even more so if the effect were cumulative over time. By contrast,
an effect size of 0.50for an intervention that is very expensive to implement and canna be scaed
or generdized to thelarger population may not beas large, in practical terms, asiit first appears.
Therefore, effect sizes may becontext bound.

Parametric and Non-Parametric Estimators of Effect Size

Unda nomal conditions when the dependent variable in an experimentisinterva/ratio in
nature, themean and standard deviationis reported and use as thebasis for calculating a
parametric effect size. Thegeneral assumption underlying theuse of parametric statisticsisthe
approximate nomality of the daa set uponwhich the statistics are cal culated. Sometimes this
assumptionis nottenable (i.e., grossly violated) even when the daa are interval/ratio, and
therefore interval/ratio statistics are ingppropriate, possibly produang dramatically spurious
effect estimates. Undea these conditions as with the andysis of any nornrnormal daa set, anon
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parametric statistical should be consgdered (see note bdow). In this case an effect size based on
mediansis likely more appropriate. Hedges and Olkin (1985)address this issue and suggest
several dtatistical methodsfor estimating effect sizes based on medians However, al of these
approaches require access to theorigind daa, alimitation tha reduaes theviability of these
approaches.

Note: Normality isimportant for parametric statistical andysis because when adistributionis
grossly skewed the mean and standad deviation become poor descriptive representationsof its
central tendency and variability. Outlying daa paints have the mog severe effect onthese
statistics, so tha other statistics that do not assume nomality, like the median, become more
appropriately suited.

It isimportant to note here tha there are approaches to effect size calculation that derive from
nonparametric methodobgies when thedaa arein nomind form (percentages, ratios etc.).
These statistics are non-paametric, by definition,and usudly do notrequire access to the
origind daa because the statistics (percentages, medians etc.) uponwhich they are based are
nomally contained in theresearch report. Thisis discussed in the next section and equaionsare
provided.

Effect Sizesand Research Designs

Thecorrect interpretation of an effect size cannotbe made withoutcongderation of theresearch
designfromwhichit is extracted. Because all of the studies induded in a meta-andysis are
consdered samples drawn a popuktion, each is an approximation or estimate of thetrue effects
in the popuktion. Therefore, individud effect sizes contain error and the extent of this error is
patialy afundion of research design strengths and weaknesses. Campbdl and Stanley (1966)
describetwo forms of design validity that an experiment can possessN internd and externd.

Internal validity is theextent to a research design can reduce or eliminate hypoheses tha can
chdlengeor rival theintended hypothesis of the study. If an effect size is an estimate of the
magnitudeof difference accruing fromthe hypohesistest, it follows that stronge designsthat
reduce aternative explanaions will more accurately reflect thetrueeffect, while weaker designs
may contain theinfluences of some or al of therival explanaions For ingance, if two groups
are notequd on some important measure at the start of a study, differential outcomes at theend
of the study, uponwhich the effect size is based, may bejug as attributable to theinitia
difference asthey are to theeffects of thetreatment, making it undear what thetrue effects are.
It isarguable, then tha we should place greater emphasis on effect sizes tha are extracted from
stronge designs all other thingsbangequd, than weaker designs Textbox 1 provides a
description of the seven threats to internd validity, origindly identified and codified by
Campbd| and Stanley. These are the @lassical Othreats to internd validity. Others have been
identified since these first appeared (e.g., Onwuegbuze, 2003)

Textbox 1. Seven threats to internd validity identified and described by Campbdl and Stanley.

Mortality istheloss or dropoutof participants, especialy after theonset of experimentation,
which can create groupineguivalence. Some also think of mortality as occurring between the
pretest and the podtest. But Campbdl and Stanley (1966)assume tha incomplete daaare
discarded. If so, mortality is notathreat in designsin which paticipants are repeatedly tested.

Regression (more fully known as statistical regression toward the mean) is a changein scores
on retesting when measurement error exists and especially for participants selected on thebasis
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of extreme scores on the pretest. When extreme scores are used at the pretest and atest isnot
perfectly reliable (has some error of measurement), there will usudly bea shift of the Y scores
to less extreme scores at the podtest. That is, the scores regress toward the mean or average
score, which isthemore likely score.

Selection istheeffect of initial groupinequivalence often caused by the use of intact groupsor
volunteers who request the novd treatment. Consequently, theresearcher cannotbe certain that
groupsof paticipants are equivalent at the outset unless they are randonly assigned. As
mentional earlier, randomassignment increases thelikelihoodthat individud participant
differences will be spread evenly across groups but it is not a guaantee of initial group
equivalence. By chance, sampling error may create differences beween groups When it is
possible, matching of participants on the pretest followed by randomassignment further
reduces therisks of initial groupinequivalence.

M atur ation indudes both short-term and long-term changes to participants, biologically or
psychologically, dueto normal growth and development. Brief, reversible effectsinduding
fatigue hunge and irritability are maturationd influences as well as sugained, permanent
changes such as 1Q development or reaction time decay.

Instrumentation is any changein the observational techniqueor measurement ingrument. The
mechanical measuring device may deteriorate or malfundion. The human judges may change
because of fatigue experience or awareness of thestudy.

Testing effects are changes tha occur to the paticipant, nottheingrument, as afundion of the
initial testing, which affect retesting. Thetesting influence is dueto thereactive or obtrusve
nature of the measurement tool or experimental setting in which theinvestigaion occurs.

History isthe opeation of events externd to the treatment that occur between pretest and
postest, which may create achangein scores.

External validity is present in a study when the sample (i.e., paticipants), materials, procedures,
measures, etc. can be genealized to the popukbtion from which the study was presumably drawn.
It diminishes as the study is more contrived and therefore less like the conditionsto which it isto
be generalized. As such, issues of externd validity are limiting conditions rather than rival
hypotheses. In some cases, internd and externd validity can beat oddswith oneanother. In such
studions stated oneway, themore controls for threatsto internd validity tha are applied, the
lessthe study is like the @eal worldOto which it isintended to generalize. Stated another way,
themore the aspects of a study areleft uncontrolled (thereby inareasing externd validity), the
less certainty thereis as to theinfluence of extraneousvariables ontheinterpretation of the
outcome. Clearly, both of these forms of validity are important congderationsin designing a
study, and ideally, a study would be both interndly and externdly valid. Abrami and Bernard
(2006)call this the Qliamondstandad((i.e., highe than thegold standard that is often attributed
to RCTs). Thisided, of course, is notaways achieved, paticularly in applied fields like
Education, where conditionsin thefield are often notideal for exercising experimental control.
For indance, educationd studies often require the use of intact classrooms where theinitial
equivaence of participants within groupscannotbe firmly established.

Table 2 lists six commonly encountered research designs ordered by the extent to which they
control for internd validity. Thedesignsare notas easily ranked by externd validity, snce
contextud factors, applied to any of thedesigns can dictate how generalizable they areto a
popuktion.
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Table 2. Six research designin order of control for internd validity.

Characteristics Designsin Order of Control for Threats to Internd Validity

Random 1.

Assignment to

Groups 2.

True experimental design (often called randomcontrol trial or RCT)

True experimental design with pretest and podtest

Intact Groups

Quasi-expeimenta equivalent groupsdesign with pretest and postest

Pre-experimental static control groupdesign (postest only)

OneGroup

Pre-experimental onegroup pretest-podtest design

Pre-experimental oneshot case study (oneor more measures)

To an extent, thenaure of theresearch design of a study can be used to determinethe approach
to be used to extract an effect size. However, thisis modified by the kind and extent of the
informationtha is provided by the author of the manuscript unde consderation. Table 3 shows
thesix mgor designsfrom which effect sizes can be extracted. Comparison of this table with
Table 3 shows tha the same method of extracting an effect size can be applied to several
designs regardless of the extent to which internd validity has been controlled. For indance, the
equdion for standadized mean difference (d) is the same for arandomized pogtest-only control
groupdesign (i.e, trueexperiment) asit isfor a non-randomzed podtest-only control group
design (i.e., static groupsdesign), althoughthey differ consderably in the extent to which they
possess highinternd validity. Therefore, randomassignment or the use of intact groupsdoes not
deerminetheequaionthat is chosen to extract an effect size. The sole determinant, for control
groupdesignsis the naure of the statistical information that is provided by the author.

Table 3. Six standad research designsfrom which effect sizes can be extracted.

Type of Research Design

Name of Research Design (Campbdl & Stanley Notes on Effect Sizes
Notation)
. ¥Correlationscan betreated as
One-shot Case Study Design c . . L
(Comrelationd) 0.0 E effect sizes (in adistribution of

correlationg or converted to d.

¥Can betreated as gan score

Pretest-Posttest One Group o) X 0 means(G ), in regression
Design (Comparative) (residud gain, g) oras

correlationd daa (ryy ).

Posttest Only Control Group R X o  ¥Withdescriptive daa, an exact
Design (with random . standadized mean difference
assignment or with intact R Xe O can becalculated.
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groups ¥If t-test or ANOVA information
Xe O issupplied, ES can be
___________ caculated.

Xc 9] ¥If p-vaueanddirection (z) is
given, ES can be estimated.

¥If daaare propationsor! %, d
can becalculated.

RO Xe @] ¥Can betreated as adifference
between gan score meansor
R X . .
© c O between residud gan score
means
Pretest-Podtest Control Group _
Design (with random 0 X 0 ¥If the correlation between pretest
assignment or with intact coE - and podtest is not available, ES
groupy will beinflated.
O Xe O

¥ES can beextracted from
ANCOVA dtatistical
information.

Decison-Making in Effect Size Calculation/Estimation Depending on Available
Information

Methodsof reporting result can differ widdy from study to study and this will determine the
approach tha istaken in extracting effect sizes. Unfortunaely, al of these approaches are not
equdly accurate. Table 4 shows the different methodsof calculating effect sizes, categorized in
terms of qudity (i.e., accuracy). Notice tha, even when full descriptive statistics are not
reported, the calculation of effect size can still be highly accurate. However, the methodsfor
calculating effect sizesin the Medium and Low-quality categories can introduce a degree of
inaccuracy, or bias, into the effect size.

Table 4.

Qudity = Methodof Caculating or Estimating Effect Size

¥ Direct calculation based on meansand standard deviations
Algebraically equivalent formulas (i.e., t-test, and two-group ANOVA)
Exact probability valuefor at-test or ANOVA (two groupg
Approximationsbased on continuousdata (correlation coeficient)

High
Qudity ES

Estimates of the mean difference (e.g., adjuged means regression # weight,
Medium gan score means)

Qudity ES ¥y Estimates of the poded standad deviation (e.q., gain score standad deviation,
oneway ANOVA with three or more groups ANCOVA)

Low ¥ Estimates based on a probability of asignificanttusang” (e.g. p<.05)
Qudity ES ¥ Approximationsbased on dichotomousdaa
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To examinethisfurther, we will look a a single example fromwhich an effect size can be
extracted by four different methods 1) full statistical daa (i.e.,, means standad deviations and
sample sizes); 2) test statistics (e.g., at-value); 3) an exact probability (i.e., p = an exact
probability indicating the exact difference between groupg; and 4) a probability statement based
on" (i.e,p<"). These statistical daaare shown in Table 5.

Table 5. Statistical datafromwhich effect sizes can be calculated.

Group N Mean Mean Diff. SD Poodled SD
Expeimentd 9 2322 455
5.22* 463
Control 9 1800 472

*t = 2.391(df = 16), p = 0.029440r p < 0.05

From the daa extracted from Table 5, four effect Sizes were calculated (Table 6). Cohen@d (i.e.,
standadized mean difference) was converted to HedgesOg to correct for thesmall sample size
and the effect size calculated from complete descriptive data was consdered 100%accurate, so
tha the other methodscould be compared to it. The effect size calculated fromthet-valuewas
99.99% correct, as was the effect size calculated from an exact probability. However, when only
the statement, p < 0.05was used and an effect size estimated fromit. Since the exact t-valueis
unknown, aconsrvativevalueof 1.96(i.e,tat $," =0.05, two-tailed, df = 16). Using the

equaion d! 1.96 /L+i , d 21.96‘%+é =1.96V0.22=1.960.47) = 0.9239¢. Conveted
rlE r]C

to Hedges g, this valuebecomes 0.87996,an effect sizes that undeestimates the exact effect size
and thusis only 82% correct.

Table 6. Cohen@®d, Hedges g and the accuracy of four methodsof calculating effect sizes.

Method of Extraction d g Accuracy

Standadized Mean Difference 1.12716 1.07348 10000
ooled

Caculated fromexact t (t = 2.39]) 112713 1.07346 9999

Calculated fromexact p (p = 0.2949 112713 1.07346 99.99

Estimated fromp < 0.05 0.92395 0.87996 8197

Asshown in Table 7, theestimated effect size becomes even more inaccurate as the true effect
Sizeinareases or decreases. At g = 0.67, theestimated effect size overestimates calculated g at
131% whileat g = 2.07,the estimated effect size undeestimates at 43% correct. Only when
calculated g is 0.87, istheestimated g correct. Since it is unknown whether estimated g is
overestimating or undeestimating (or is correct), thisilludrates the problem with estimation.
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Table 7. Accuracy of estimation compared to calculation.

g Calculated g Estimated Accuracy
0.67 0.88 131%
0.87 0.88 99%
1.07 0.88 82%
127 0.88 69%
207 0.88 43%

PART 2: Equations for Calculating and Estimating Effect Sizes

1. Calculating the Standardized M ean Difference Between Groupswith Descriptive Data
Thebasic information required for a standadized mean difference effect sizeisamean for the
experimental (V) and control (Y, ) conditions sample size daa (n. & n.) and standad
deviations(SD, & SD,.) for each group.

Example 1.1: \? =12.7 ne =29 SD. =3.0
(Webb, 1982) =10.9 n. =15 SD. =33

GlassQ (Glasset a. 1981 divides thedifference between two means by the standard deviation
of the control condition (Equéion 1).

GlassO! o

(biased LYY _ , _127"109_1.8_
standardized T sp, (EQ:1) P =—p o =5370545
difference)

Cohen®d (1977)divides the difference between two means by the pooled standard deviationsof
theexperimental and the control condtions(Equéion 2). This approach is mog easily judified
when homogendty of variance has been established. But there is a case to bemade even when it
hasn®been established. If there is alarge difference between the SD of the treatment and the
control (in either direction) usng only the SDof the control (GlassQ! ) as the denominator of
the effect size will either unde or overestimate thetrue effect size. In fact, theuse of

GlassO\ seems more judtified if homogendty of variance exists (i.e., there will beless variation
between GlassO!  and Cohen@d).
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— 2 _ 2
SDPooled = \/(nE I)SDE i (nC 1)SDC (EQ 2)
(n,—D+(n.-1)
Pooled SD
— 2 _ 2
SDPooled = (29 1)3 +(15 1)33 == 310

29-1H)+({15-1

Cohen®Bd o
(biased _Y Y | _127-10.9_

standadized 1=p (EQ 3) d="""—"=058
difference)

Rosenthd (1991)provides an alternaive approach to calculating d (Equaion 4). In this equdion,
the estimated sampling error of d (/ ) is calculated to form the denominaor of thedifferencein

two popuktion parameters (1, & . ). Since these parameters are unknown, sample statistics
(Y, &Y,) areused. Equaion 4 provides a dightly larger estimate of d than Equation 3.

42
q goHel He oo o, = 3'1(5) =3.1(0.955) = 2.96
(biased " .
standadized ) adfg, ~ EQA _127-109
difference) o = SDhooed N ( 2.96

HedgesOg (Hedges & Olkin, 1985 p. 78) containsamultiplier applied to d to correct for small
sample bias (i.e., N < 40), since studies of this size tend to over-estimate d (Equéaion5). The
multiplier approaches 1.0 as sample size increases, so tha in large samples, d and d are the same.

# 3 &
! dga" :
g 9t dgd” o (FQ5)
(Unbiased
standadized
difference) g=0.58 1- 3 =0.58(1- 0.018 = 0.57
(4(29+15)) -9

Asisobviousfrom Table 8, HedgesQy is mog effective at correcting for bias in studies with
very low sample sizes, and less so in samples of 40 and up. Since Cohen@ d and HedgesCQyg are
virtudly identical in thesample size rangecommonly encountered in mog research situaions a
recommendaion that all effect sizes be conveted to g is warranted.
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Table 8. Cohen® d compared to HedgesOg with different sample sizes.

N Cohen'sd Multiplier* Hedges g

50 058 0.98 057

40 058 0.98 057

30 058 0.97 056

20 058 0.96 056

10 058 0.90 052
'Based on Equation 5.

2. Standardized Difference Between Groupsfor Mean Gain or Change Scores

Two-group pre-test-podtest design. Differences between a pretest are sometimes expressed as
gain (G) or change(%). Glass et al. (1981,p 107, pps 116-17) providean equéion (Equéion 6)
for calculating a standardized %

I?xam\p/)\lle 2.1 (_;E =262 n, =17 SDEg =2.59

romWatson, _

( 1988) G.=1.15 n. =19 SDCg =2.08
GlassO! G." G 2.62" 1.15 1.47

Raw-score | =—=—= (EQ: 6) | == =071
method sDy, 208  2.08

Sometimes, information as to the correlation between the pretest and podtest is available in the
report of the study or, for standadized indruments, thetest-retest reliability is available. In either
of these cases, thegan can be adjused for this correlation. In Equaion 7, r = 0.85isapplied in
the numerator of % After adjusment, the standardized %is considerably reduaed (%= 0.39) as
compared with the unadjuged %= 0.71 Unfortunaely, this correlation coefficient is notusudly
available, so Equaion 6 would nomally be used.

G _G o =0.85'
- A - E C
G!assO! SDcv SDcV _ 2.08 _ 2.08 _3
Adjuged by D (EQ: 7) J2(1-0.85) 0.55
Fxy where,SD, = —— 262-1.15 147
o 2@y A=Z 3 80' = 3‘80 =0.39

"Where ry is the correlation between pretest and posttest can befoundin theliterature or is
reported.
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Itis possible, of course, to estimate thecorrelation Iy = 0.50

(e.g., r =0.50), but thisresultsin the same outcome as 208 208
the unadjusted % So adjusment isonly aconcern SO, = J20-050 =1 - 2.08
whenr > 0.50. '

Ao 262-115_1.47
2.80  2.80

=0.71

If disto beextracted, (i.e., pooled SD), podtest SDs can first be pooled (see Equaion 4) and the
adjugted pooled SD subdituted into Equaion 7.

SDDOOIed = 233
d S sp. . =233 _ 406
Atf)ijusted SDujused =% (EQ: 8) hdused - [2(11 0.85)
y rXY = 'XY
o= 03

One-group pre-test-podtest design. When a one-group pretest-podtest designis encountered
(where d is based onthegan or changefrom pretest to podtest), d can be either unadjused or
adjuged. Thefirst decision, however, is which standad deviation to use when both a pretest and
apostest standard deviation is reported. One approach isto used the pooled standad deviation
(pretest and podtest), but a better solution isto use the standad deviation of the podtest, since
the pretest and podtest are likely to becorrelated. The following calculationsshow the effects on
d when the podtest standard deviation.

We will use the datafrom the previousexample, so tha the gan between pretest and podtest is
1.47 and thepogtest standard deviationis 2.33. For the adjuged SD, we will assume tha the
empirical correlationis unknown and use an estimated correlation of r = 0.50. Note tha, as
expected) theunadjuded d is smaller than the adjusted d.

Note tha the onedifference between Equéaion 8 and Equaion 10 isthemultiplier of 2 in the
denomnaor of Equaion 8. His difference is because Equéion 8 isfor atwo-groupdesign and
Equaion 10isfor aonegroupdesign.

d —_ YPasrtest I )_(Prerest 147

. d= : d=——-=0.63
Unajjused SDUnadjusted (EQ 9) 233

g d= Yoostes ~ Keveest whee Sp. = 2.33 _ 2.33: 328

. SDujuse Adused = /11050  0.71

Adjuged (EQ: 10)
byr=050 gp zsq’nﬂ du ed:1'_47:0_45
Adjuged m just 328

Difference between A, d andg. Table 9 demondrates the differences and similarities among
effect sizes unde different conditionsof meansand standad deviations In hypohetical Study 1,
roughly equd variability resultsin roughly equd effect sizes (i.e., GlassO\ , Cohen@d, and
HedgesQyg). In Study 2, thelower SDfor the control condition used in the denominator of A,
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resultsin alargedifference between GlassQ  and Cohen@d. In Study 3 the standad deviations
arereverse, illugrating that GlassO\ can jugt as easily undeestimate effect size. This
demondration suggests tha, unde certain conditionsof unequd variability, GlassQ  either over
or undeestimates the effects of thetreatment, compared with Cohen@ d.

Table 9. Comparison of Glass\ , Cohen® d and HedgesOg unde different conditionsof Y sand SDs

Study  ng N Y, Y, SDr SD. SDyw A de O
Study 1: Equd nsandroughly equd standad deviations
S1 41 41 625 593 7.0 56 6.3 057 051 0.50
Study 2: Roughly equd ns and different standad deviations
S2 19 22 625 486 141 5.6 122 248 1.14 111
Study 3: Roughly equd ns and different standad deviations(thereverse of S-2)
S3 19 22 625 486 5.6 141 122 0.86 1.14 111

It isdifficult to provide a general rule as to which approach, %or d, is better oveaall. Onefairly

! s $

involved approach would beto use thestandard test for homogenety of variance ,,F = —Mimn
S

Minimum
and Keppd Ceriterion (Feriica > 3.0) asaway of deciding which approach to take. If the Fyay
does not exceed thecriterion of F = 3.0, then %can beused. If Fyax €xceedsthecriterion, d

should definitely beused. In thisexample for S-2 and S-3,

2 2
(F = 22“"“"‘”“ = 154'612 = 13918'3861 = 6.34] , Fuax exceeds 3.0 and so Cohen@ d should be used. In

Minimum

other words the over and undeestimation produced by GlassO%is notjudifiable in this case.
However, even when homogenety of variance is present, asin S-1 above %and d will beclose
enoughto judify the use of Cohen@d in all cases.

In regardsto Hedgesf)g,Nthe adjugment ismog acute in studies with sample sizes less than 40
(see Table 8) and doesn@effect studies with larger sample sizes. So as agenerd rule, the biased
d should be calculated for al studies, and converted to the unbiased g.

3. Between Group Residual Mean Gain or Covariance Adjusted Means

Glass and Hopkins (1996)describe another approach tha is useful when regression information
of Y regressed on X is available:

Administering parallel forms of the achievement test before [O1] and after [O2]
ingruction, then subtracting the pretest score fromthe pogtest score [O2 - O1] for each
student produaes a measure tha isfar closer to theresearche's notion of a measurement
of an achievement gain. Onedifficulty remains Such a podtest-minuspretest measure,
[O2 - O1], iscontaminated by theregression effect, usudly correlate negaively with the
pretest scores[O1] E A better methodto measure gan or changeisto predict postest
scores [O2] from pretest scores [O1] and use thedeviation [O2 - O2] as a measure of
gan, aboveand beyondwha is predictable by thepretest dlone (p. 167)
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One approach to achieve this, when residud gan meansand theregression dope(bxy) are
availableisto estimate G, — G fromtheresidud gan means(g,' & g.!), adjusted by byy.
However, this methodrequires tha both the s opeand the means of the pretest (X, & X.) be
available.

éE — GC
Aadj. =
Se, (EQ: 11)
GlassO! Whereiég_éc :(gE_gc)_(l_bxy)(XE_)_(c)
(adjgjtsd by If the SD of the control groupor theresidud scores are given, the SD of thefind-

status can be estimated usng:

__Sb , and subdituted into Equaion 8.

S -
D... St

If only the covariance-adjusted pooled within-group mean squae ( MS}, ) is known, apooled
estimate of thewithin-groupSDonfind status meanscan be obtained. This method also
provides a more conservative estimate of effect size than tha resulting from Equaion 7. Notice
tha this method gives the same result as was derived from Equéaion 8. Thisis because, in both
cases, thedenominaor is pooled, abet from different sources of data. In this example,

MS, =5.162 and df, = 33.

o = [ 5163311 _
d adjuged _ | M§,(df, "] YAl 854331 2)
SQ, = EQ: 12
by MS}, P \/(1" r,”)(dfy, " 2) (e 12) _2620 115
T 438

4. Estimating Effect Sizesfrom Independent #test Data

In some studies, only at-valueisreported, astatistical test of thehypohesistha p; = po. If this
informationis supplemented by sample size datathen an effect size can becalculated that
approaches the precision of an effect size (d or g) obtained from full descriptive information (see
Table 6. Separate equaionsare applicable when n; # ny (Equaions14aand 159 and when n; =
ny (Equaions14b,14band 15b)
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Example 4.1

ng =29
(Webb, t=1.78 n =15
1982) ¢
When n. ! n¢,
1 1
1 1 EQ:13a) d=1.78|—+—=1.780.32 =0.57
P T (EQ: 132) 85 * 7 = 1780.32
Ny ne
d (derived When n =nc,
fromt) ., _t\/E (EQ: 13b) Does not apply in this situaion.
n
When n; =n¢,
_ 2 (EQ: 139 Does not apply in this situation.
JN

When adirect calculation of gisdesired (as oppogd to convatingd to g in a separate step),
Equdionsl4aand 14bcan be used.

Whe?(nnE fnnc) ) €0 1w 0= 1.7929+15) _ 78.32 _
| g=\/j—@ ' J42./(29)(15) 135.17
g derived
fromt When n. =n.,
:% (EQ: 14b) Does not apply in this situation.
df

5. Estimating Effect Size from the Significance of ¢

In rare situaions specific information aboutthe exact t-valueis notreported butinformation
aboutits significanceis (e.g., Qhet-valuewas significant at p < 0.05Q. In this situation, an
estimate of the effect size can bederived (aslongas sample size and the direction of theeffect is
reported) by settingt at avalueassodated with " and/or the p-valuetha is supplied. If an exact
probability is supplied (p = 0.012), amore precise estimate of the effect size can be extracted.

g =2
Example5.1 0<0.10 n, =29

(Webb, 1982) ne =15
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Lookupthecritical valueof t for
df = N Dl’ tCriricuI (df = 43) = 1684

1 (EQ:15) 4! 1.684/0286=0.54
d (fromp) d=>1.684 ’Z-'-Z
If the exact probability is provided, a more exact estimate of t can be subgituted
into Equaion 13.

6. Estimating Effect Size from Dependent #-test Data (One-Group Pretest-Pogtest
Comparison)

Here we examine a situaion tha was encountered earlier for gan scoresin Section 2. Without
correction for the correlation between pretest and podtest, thed that resultsis highe than itis
when the correlationis taken into account

Example 6.1:
_ t=32 ng =nc=29 r=0.58
Smith, 1960)
d 2 Sane as _39 [2 _ _
Unadjusted by r d=t - EQ: 13b d=3. 29 =3.2(0.263=0.84
2 / 2
d=t ﬁ(l_ Iy ) (EQ: 16) d=32 E(l I 0.58) =3.24/0.03 =0.55
d
Adjugded by r 2(3.2)

2t
-2 : d= J1-.058 = (0.84)7/0.42 = 0.54
d \/ﬁ,/l! e (EQ:17) 239) =(0.84)

In this case it might be advantageous >
(and conservative) to apply an d=3.2, /—(0.50) =3.2/0.034=3.2(0.19 = 0.59
estimated r = 0.50. 29

Practically, it appears tha applying an estimated r (even in theabsence of empirical statistical
daa) provides a more conservative (and perhgos more accurate) estimate for d.

7. Estimating Effect Sizefrom a#value Based on Gain Scores

Example 7.1 =1.886 Ng = 17

WaIS()n, 1988) gam nC — 19 r=0.85
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i-i J2<1_rxy>[i+ij € 19)
ng ng.

d calculated fromt-test
ongan scores \/

" 0
d=1.886/2(1! .85)§T17+%§:1.886/0.033: 0.34

8. Estimating Effect Size from an F-ratio of Between-Group Differences (One-way
ANOVA)

Example 8.1: _
Webb, 1982) F=3.17 n. =15

d (from

between- B 1 1 . _ 11 1$_ .

groupsF- d= F[ + j (EQ: 19) d—\/3.17#5+15§6—\/0.32—0.57
ratio)

g (from
between- 9= 2JF (EQ: 20) __ 2317 _356_ .
groupsF- df,, ' 9" J29+15-2 648

ratio)

9. Estimating Effect Sizefrom an F-ratio Based on Gain Score M eans

Example F=0.13 o 2.92
9.1: Berge MS, =11.66 n=n,=n,=4 G,=1.90
1990) df, =9 G,=2.01
d (from SD,, =\/MS,, SD,, =+/11.66= 3.41
Within- - — (EQ: 21)
GroupsF- -G ! G, - go 2921190 102 _ o
ratio) SD, 3.41 3.41

10. Calculating Effect Sizefrom ANCOVA on Between-Group Pogtest

Example Fuy. =502 ng =17
10.1: Berge, df, =1 N =15
1990) ry =0.85 ©
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_, \/Fadj.(ll r,2)(df, ! D) (€0 22)

d (from ne +ng)(df, ! 2
d (fram (ne +nc)(d, ! 2)
groups _ 2 _
ANCOVA) d=2 5.02(1-0.85")(34 -1 _ 5 45.97 — 0.40
(17 +19)(34-2) 1,152
11. Estimating Effect Size from Multi-Factor ANOV A
Example 7 = 26.49 S§ =0.04df =1
11.1: adepted e F, =3.30 SS,, =16.94df =1
from Smith, . =24.72 _ —
1960) S§, =315.47df = 45
For Between-Group Designs
S led — \/SSB + SSAXB + SSW (EQ 23)
. dfy +dfys * dfy

SD

p

04+16.74 + 31547
= \/0 04 +16.74 = J7.09 =2.65
1 +1+45

V_ 1Y |
_ Ye! Y, _ 26491 2472 —0.67
SDLyoied 2.65

For Within-Group Designs

EQ: 24
d (from Multi-Factor D, = SS+SSs (EQ: 24)
\ df. 1 df, .

ANOVA)
For Mixed Designs
SD - SS, + SSS(B) +85,5 SSAS(B) (FQ:25)
pooled de + de(B) + dexB + deS(B)
For Between-Group Designs

(EQ: 26)

sn, - |55

NI 2

315.67
SD,, = =J6.71=2.59
49-2

Extracting Effect Sizesfor Meta-Andysis 20



d= Ye! Yo _26.49! 24.72

=0.68
SDDOOIed 259
SS =15.78df =1
Example Correlationfor the
11.2: adapted S§ =48.77df =1 n, =17 covaiate:
from Smith, SS, =0.10df =1 n.=19 _
1960) R, =0.85
S§ =121.35df =32
S%alanos = S%/ I S$reatmems
" %
d=+ |5 (y1g)et LS
S S Balance ﬁnE nC &
d for Multi-Factor deyroa =1 RZ 4y
ANCOVA (fromWatson,
1988) SS, e = 48.77+0.10+121.21=170.22
15.78 " 1 %
d=+ 36! 2)g—+—""=0.63
\/170.22( )§17 19&

Ogreneg = 0.63/1—0.85 = 0.63/0.2775= 0.33

12. Calculating Effect Sizesfor Correlations

Data from correlationd designscan be conveted directly to d usng Equaion 28.

Example 12.1: Iy =0.22
from Webb, 1982) N =77
2r
=== (EQ: 28)
2 .
d (for pared 1-ryy

correlationd daa)
d= 2(0.22 _0.44

" Joo95 097

0.45
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Example 12.2:

adgpted from
Glass, 1984)

r,, =0.728
n, =10
n. =17

d (for intraclass
correlationd daa)

When n; = ny:

0,
2, (EQ: 29)

4= §WO§§¢1I g &
Bl

When ny # ny:

t,

d=

Jpayit r,?

i Where pisthepropationof n;  (EQ: 30)

to N and g isthe propottion of n, to N.

13. Estimating Effect Sizes from Proportion Data (! 9)

12=40
Example p<0.05
13.1: ne =n. =50
Directionis postive (+).
| [ 40
v =472 (EQ: 31) Ny =4/———=.20
I2+N xy
d (for 1 2 4.0+100
daa)
q= 2y (Sane as d= 2(0.20 —0.40
N EQ-28) Vil 0.2¢°
Equae" of 1 ?to" of t.
2 When p<0.05 tisat least 1.96.
d( d=+*t ! Note:
ivalent ST \/ ' EQ: 32
equtl\(;t e e (FQ32) d=1.9€;/i+i =0.392
50 50

Information aboutdirection of
effect isrequired.
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14. Estimating Effect Sizesfrom Proportions

P, =0.60
Example -
135 P.=0.40
ng =n. =50
7= PE — Pc
1 1
PA 0.60! 0.40 0.20
E C Z= = =
! % +/0.250.0
whee, \/(0'50)(0'50)§1+1'8/:) \/ 50.049)
P.+P. (EQ: 33) 50 50
2 1 1
dfrom  G=1-p d=2.0, /%+% =2.0/0.04=0.40
raw 1 1
propotti d=z|-—+——
ons £oe
P-P
d=-—Ff==% _0.60+0.40 _
Jpq = =050
where (EQ: 34) g=1-0.50 = 0.50
_RtR 0.60—.040 _ 0.20
> = = =0.50
J(0.50)(0.50)  /0.25
q=1-p

Other Datathat can be Coded Along with Effect Size

The Effect Size
¥Data fromwhich theESis calculated
¥Confidence in ES calculation
¥Method of calculation of effect size

¥Any additiond data needed for calculation of theinverse variance weight

¥Signof theeffect size
Sample Size
ES specific attrition
Research Design
Condruct measured
Point in time when variable measured
Reliability of measure
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Typeof statistical test used

PART 3: Synthesizing Effect Sizes

Example: Meta-Analysis of I nterventions Affecting Learning Critical Thinking Skills
Thedaaused in this exampleis a set of effect sizesrandomy selected from 163 effect sizes tha
represent the standardized mean difference between an experimental group(Critical Thinking
Teaching Intervention) and a control group. Table 10is thedistributon of 25 effect sizes
(HedgesQy), the sample sizes of theexperimental and control conditionsand two coded study
features are. The codes for these two study features are as follow:

ES EXT (Effect Size Extraction Method) RCH DES (Type of Research Design)
0) Calculated from Descriptive Statistics 1) One-group pretest-podtest
1) Calculated from Inferential Statistics 2) Two-group podtest only (nonrandormnized)

3) Two-group pretest-podtest (nor

2) Estimated from Probabilities randorized)

4) Two-group podtest only (randomzed)

5) Two-group pretest-podtest (randomzed)

Table 10. Data (25 cases selected randonly) for the critical thinking meta-andysis.

Case ExperNi r%fental N of Control Hedgesg ES EXT RCH_DES*
1 34 34 244 0 1
2 136 62 2.31 0 3
3 24 25 1.38 2 5
4 42 42 1.17 2 1
> 66 68 0.88 0 3
6 142 143 0.81 2 3
7 222 222 0.80 0 1
8 42 42 0.68 0 1
9 7 7 063 0 3
10 76 76 0.60 2 1
11 24 24 058 2 5
12 92 92 0.32 0 1
13 180 180 0.25 1 1
14 63 44 0.24 1 3
15 84 84 0.24 2 2
16 76 76 0.19 0 1
17 70 70 0.11 1 1
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18 166 166 0.09 0 1
19 44 27 0.02 0 1
20 77 64 0.02 0 5
21 30 29 0.02 0 2
22 34 32 -0.11 0 4
23 29 23 -0.11 0 3
24 40 40 -0.18 2 4
25 214 214 -0.30 0 1

* When RCH_DES = 1, Nsfor experimental and control are equd.
Calculating the Standad Error and Variance for Each Effect Size

Thestandad error of gisthevariability that is predicted when many samples of the same size
are drawn form the popukbtion. More smply stated, it is the standad deviation of the sampling
distribution of standardized mean differences. Standard error is calculated in between-group
designsand within-group designs(one-group, pretest-podtest designg usng Equaion 35.

Lo |11 g ~ 3 .
@g_\/n +n +2(ne+nc) (1 4(ne+nc)—9) (EQ: 35)

e C

Thefirst study is aonegroup pretest-podtest design with equd sample sizes for the pretest and
pogtest and so thestandad error is.

2
oo |1, L1, 248 ( 3 090
“"\34 34 2(34+34)\" 4(34+34)-9

Thesecondstudy is a between-groupsdesign with different sample sizesin the experimental and
control conditionsand the standad error is:

2
) EEPIE T VS T
¢ 136 62 2(136+62) 4(136+62)" 9

Thevarianceis calculated for thefirst sstudy smply by squaring the standad error.
&” =(0.22=0.05
Calculating the Weight for Each Individual Effect Size
Since each study®g is assodated with a different sample size, g is weighted to reflect the greater

or lesser contribution of each study®@sample. Large studies are weighted more heavily than
smaller studies. A weightisfoundby finding thereciprocal of thevariance, thus
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W, =— (EQ: 36)

Theweightfor thefirst studyis:

W, = —2—1 20.00
0.05

A 95" confidenceinterval (i.e., lower and uppe limits) is congructed usng thefollowing
equdaions

Cl.=g+(1.96-6,) (EQ: 37)

Theuppe andlower limits for thefirst study are calculated as such:

Lowe =2.44—-(1.96:0.22 = 2.00
Uppe =2.44+(1.96-0.22 = 2.88

Calculating a z-test for individual Effect Sizes

Thetest statistic z is used to test the effect size for significance usng thefollowing equéion:

2, =4 (EQ: 38)

This equaionyieldsthefollowing z-valuefor thefirst study:

zZ= 244 10.89
0.22

In the Unit Normal Distribution Table, atwo-tailled z of 7.39 lies beyondthelevel of p = 0.0001,
so this effect size is consdered significant. Note that some of the other effect sizes are not
significant.

Creating a Distribution of Effect Sizes

Table 11, calculated in Microsoft Excel, is thedistribution of 25 effect sizes and the statistical
information related to each effect size.
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Table 11. Statistics for each effect sizein thecritical thinking study.

~ Standad , h _ :

HedgesC  Error Varl__anoe L95t 95" Uppe Va Va Weights Weighted
(67)  SOWE iy ZYaue pvaue g

° U T Limit D)

244 0.22 0.05 200 2.88 10389 0.00 1994 48.65
231 0.17 0.03 1.98 264 1359 0.00 3460 7993
1.38 0.30 0.09 0.79 1.97 4.60 0.00 1111 1533
117 0.19 0.04 0.80 1.54 6.16 0.00 27.70 3241
0.88 0.17 0.03 0.55 121 5.18 0.00 3460 3045
0.81 0.12 001 0.57 1.05 6.75 0.00 6944 5625
0.80 0.08 001 0.64 0.96 10.00 0.00 15625 12500
0.68 0.18 0.03 0.33 1.03 3.78 0.00 30.86 2099
0.63 051 0.26 -0.37 1.63 124 0.22 3.84 242

0.60 0.13 0.02 0.35 0.85 4.62 0.00 5917 3550
0.58 0.29 0.08 001 1.15 200 0.05 11389 6.90

0.32 011 001 0.10 0.54 291 0.00 8264 2645
0.25 0.08 001 0.09 041 3.13 0.00 15625 3906
0.24 0.20 0.04 -0.15 0.63 1.20 0.23 2500 6.00

0.24 0.15 0.02 -0.05 0.53 1.60 0.11 4444 1067
0.19 0.12 001 -0.05 043 1.58 0.11 6944 1319
0.11 0.12 001 -0.13 0.35 0.92 0.36 6944 7.64

0.09 0.08 0.01 -0.07 0.25 1.13 0.26 15625 1406
0.02 0.24 0.06 -045 049 0.08 0.93 1736 0.35

0.02 0.17 0.03 -0.31 0.35 0.12 091 3460 0.69

0.02 0.26 0.07 -0.49 0.53 0.08 0.94 14.79 0.30

-0.11 0.24 0.06 -0.58 0.36 -0.46 0.65 1736 -191
-0.11 0.28 0.08 -0.66 044 -0.39 0.69 12.76 -140
-0.18 0.22 0.05 -0.61 0.25 -0.82 041 2066 -3.72
-0.30 0.06 0.00 -042 -0.18 -5.00 0.00 27778 -8333

0.330 0.03 0.00 0.28 0.38 1262 0.00 145821* 48187*

Note: *T hese values are sums.

Thedistribution shown in Figure 2 was generated in Comprehendve Meta-Andysis (Biogat,
2006)alongwith a Forest Plot of the effect sizes. Thelines surrounding each effect size
represent the 95" Confidence Interval for each effect size. Notice that theintervals tha pass over
zero (0) are notsignificant according to the z-test. Also notice thelarger dots representing means
These studies have small standad errors (larger sample sizes).
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Figure 2. Effect size statistics and Forest Plot gengated in Comprehendve Meta-Andysis

Meta Analysis of CT Studies
Study name Statistics for each study Hedges's g and 95% CI
Hedges's Standard Lower Upper

g error Variance limit limit 2Z-Value p-Value
1.000 2.440 0.224 0.050 2.001 2.879 10.895 0.000
2.000 2.310 0.170 0.029 1.977 2.643 13.588 0.000
3.000 1.380 0.300 0.090 0.792 1.968 4.600 0.000 —
4.000 1.170 0.190 0.036 0.798 1.542 6.158 0.000 —
5.000 0.880 0.170 0.029 0.547 1.213 5.176 0.000 —
6.000 0.810 0.120 0.014 0.575 1.045 6.750 0.000 ——t
7.000 0.800 0.080 0.006 0.643 0.957 10.000 0.000 ——
8.000 0.680 0.180 0.032 0.327 1.033 3.778 0.000
9.000 0.630 0.510 0.260 -0.370 1.630 1.235 0.217
10.000 0.600 0.130 0.017 0.345 0.855 4.615 0.000 -
11.000 0.580 0.290 0.084 0.012 1.148 2.000 0.046
12.000 0.320 0.110 0.012 0.104 0.536 2.909 0.004 ——]
13.000 0.250 0.080 0.006 0.093 0.407 3.125 0.002 ——
14.000 0.240 0.200 0.040 -0.152 0.632 1.200 0.230
15.000 0.240 0.150 0.023 -0.054 0.534 1.600 0.110
16.000 0.190 0.120 0.014 -0.045 0425 1.583 0.113 e —
17.000 0.110 0.120 0.014 -0.125 0.345 0.917 0.359 —_
18.000 0.080 0.080 0.006 -0.067 0.247 1.125 0.261 —+u—
20.000 0.020 0.240 0.058 -0.450 0.490 0.083 0.934
19.000 0.020 0.170 0.029 -0.313 0.353 0.118 0.906 —_—
21.000 0.020 0.260 0.068 -0.490 0.530 0.077 0.939
22.000 -0.110 0.240 0.058 -0.580 0.360 -0.458 0.647
23.000 -0.110 0.280 0.078 -0.659 0.439 -0.393 0.694
24.000 -0.180 0.220 0.048 -0.611 0.251 -0.818 0.413
25.000 -0.300 0.060 0.004 -0.418 -0.182 -5.000 0.000 -

0.330 0.026 0.001 0.279 0.382 12.619 0.000 L)

-1.00 -0.50 0.00 0.50 1.00
Favors No CT Control Favours CT Intervention

Meta Analysis

Calculating the Mean Effect Sze (g+)

Themean of g (g+) isfoundby dividing the sum of theweighted effect sizes by the sum of the
weights. Thisis shown in Equaion 39.

k

>w(s)

gr=l—— (EQ: 39)

i=1

Fromthelast two columnsof Table 11, we dividethe sum of theweighted g by the sum of the
weightsto obfain:

Lo 48187

=————=0.330
1458.21

Themean of thedistribution of effect sizes, thenis0.34740r 0.35. Thisis congdered a modeaate
effect size, according to Cohen@ criteria. It say tha, on average, thetreatment groupor the
intervention group outperformed the mean of the control groupby 6293%and tha the
paticipants at the median of thetreatment group outperformed participants at the median of the
control groupby 12.93%(i.e., 6293% B50%= 1293%).
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Calculating the Variance andthe Standad Error of g+

Next, we find the variance of effect size distribution by finding thereciprocal of the sumof the
weights (Equaion 409. The standad error of themean is foundby finding the squae root of the
variance (40Db)

Lo #1811 1
7 = ol _
o g(i)=1 102( IIk 1 nk
L (EQ: 40a& 40b)
Ibg+ = /167
) 1 _
&, = = 0.0007
7 1458.21

®,, =v0.00=0.0265

Calculating the Lower and Uppe Limits of the 95" Confidence Interval

Thevarianceis 0.0007and the standad error is 0.065. From this we can calculate thelower and
uppe limits of the95™ confidence interval (C.1.). Thisis accomplished by adding g+ to

+1.96(67). Remember that &,, = J& or thestandad error.

Lowe =g+!1.9§0)

.. EQ: 41 41
Uppe = g++1.9§(6) (FQ 41a& 41b)

Lowe = 0.347! 1.960.0265 = 0.28
Uppe = 0.347+1.960.0265 = 0.38

Calculating a z-test for g+

Thelower and uppe limits of C.1. for g+ do nat contain zero (0) (i.e., they are bath postive) and
theaverage effect size of 0.347is significant. Calculating a z and testing it onthe Unit Normal
Distribution further confirm this.

Ty = (EQ: 42)
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_0.330

= 112.62
& 0.0265

A calculated z-valueof 1299 liesfar beyondthezcriterionof z=3.10at " = 0.001.So weregject
thenull hypohesistha g+ = 0.

These findingsare summarized in Table 12a

Table 12a Summary of the Findings

Effect size and 95% confidence interval Test of null (2-Talil)
Point Standad . L ower Uppe
K estimate error varanee iy limit zvalue  p-vaue

25 0.33 0.03 0.00 0.28 0.38 1262 0.00

Calculating the Heterogendty Statistic Q

Now we are interested in testing the distribution of effect size for heterogenety of effect size.
The Q-statistic is used for this and is tested with the sampling distribution of ! 2 with p D1
degrees of freedom Q is calculated usng Equaion 9. Each deviation of g from g+ is squaed and
divided by itsindvidud variance. These values are then summed.

o=# 88 (EQ: 43)

(2.44! 03307) (2.31! 0.330° ~ (10.18! 0.330° (!0.30! 0.330°

= 469.54
0.11 0.03 0.22 0.07

QTotaI =

Thesum of 46954 istested usng! % (! %yitica [df = 24] = 36.42) and is foundto be statistically
significant. Thisresult isshown in Table 12hb

Table 12b.Heterogenaty Andysis

Q-vaue df (Q) P-value

46954 24 0.000

Thisfindingtells usthat thedistributionis significantly heterogeneousand tha theg+ of 0.330is
notagoodfit for thedistributon. In other words there are many placesin thedistribution that
are equdly goodrepresentationsof theaverage effect size. However, it signd tha thereisalarge
amountof unexplained variation in thedistributon and tha we can proceed to examinethe
influences of modeator variables in an attempt to explain this variation.
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PART 4: Moderator Variable (Study Feature) Analysisand M eta-Regression
Conducting Moderator Variable Analysis

Modeator variable andysis follows thefinding of heterogendaty of effect size (i.e., significant
Qo). If homogendty is established, theandysis stopsat tha point because dl of theavailable
variability has been explained. This, in asense, isandogousto thefindingin factorial ANOVA of
ho significant interaction OFigure 3 depicts the difference between a homogeneousand a
heterogeneousdistribution of effect sizes. Thegray areain Distribution 2 is variability, nat
contained in Distributiontha is available to be explained throughmodeator andysis or meta-
regression. Note tha in a homogeneousdistributiion the mean provides a goodGitOto the data,
while in ahaerogeneousdistribution thelocation of the popuktion mean remainsunknown.

Figure 2. Comparison between a hompogeneousdidribution and a heterogeneousdistribution.

Distribution1:
Homogeneous

Gray shaded areais
variation left to be
explained by
moderators. Distribution 2:
. Heterogeneous
No variation
left to be
explained by
moderators. 1 | ==

g+

In this example, two coded study features, OTypes of Research DesigngOand (Extraction Method
UsedQOare explored as modeator variables. Table 13ashows theresults of thefirst andysis of
research designs Althoughthe meansvary somewha, as a groupthey are not significantly
different.

Table 13bshows thetest for heterogeneity for each individuad mean, and at the bottom, Qroa iS
patitionad into Quitin and Qgeween- BOth components are heterogeneousand significant, when
tested using the! 2 distribution. The difference between the significant non-parametric ! ? test in
Table 13aand the parametric F-ratio in Table 13bistha ! ? isnotbased on aratio of explained
and unexplained variation, asis the F-test. However, theimportant point is tha consderable
variance isleft unexplained, so tha theinterpretation is that GResearch Design,Owhile
accouning for asignificant component of variation, is notexplanaory enough But research
designisonly oneof several study features tha could be coded to hdp explain methodobgical
qudity. Aswell, othe subgdantive study features might add explanaory value
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Table 13a Modeator variable andysis for Type of Research Design

Effect size and 95% confidence interval Test of null

Groups Lower Uppe
5 re pp . !
k g+ ® J limit limit zvaue p-value

One-group, pre-pog 1100 0.25 0.03 0.00 0.19 0.31 841 0.00

Twogroupposonly 555 o055 012 001 002 048 212 003

(nonrandom
Twogroup prepod 255 0g1 007 000 068 095 1189  0.00
(nonrandom
Twogoupposonly — ,n5 15 016 003 -047 017 -091 036
(random)
Twogroupprepos 500 055 019 004 018 092 294 000
(random)
Overall 25 033 003 000 028 038 1262 000

Table 13b.Heterogenaty andysisfor Type of Research Design.

Group Heterogenaty
Q-vaue df (Q) p-value

One-group, pre-pog 26932 10 0.00
Two-group pog only (nonrandom)  2.08 2 0.35
Two-group pre-pod (nonrandom) 11866 6 0.00
Two-group pog only (random) 0.05 1 0.83
Two-group pre-pog (random 1253 1 0.00
Total within 40264 2000 0.00
Total between 66.90 400 0.00
Overall 46954 2400 0.00

Thefindingsfor Method of ES Extraction are essentially the same as for Research Design (Table
143. Themeansvary somewhd, but notsignificantly. The heerogendty andysis reveals tha
while the set of meansaccountfor a significant component of variation (Qgetween), they do not
accountfor enoughvariability in g to lead to homogendty (Qwithin)-
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Table 14a Modeator andysis for Method of ES Extraction

Effect size and 95% confidence interval Test of null
Groups k g+* o & I_I?r\rq\:? Lljim? zvalue p-vaue
Descriptive Statistics 15 0.29 0.03 0.00 0.22 0.35 8.89 0.00
Inferential Statistics 3 0.21 0.06 0.00 0.09 0.33 3.33 0.00
Estimated from p vaues 7 0.63 0.06 0.00 0.50 0.75 981 0.00
Overdl 25 0.33 0.03 0.00 0.28 0.38 1262 0.00

Table 14b.Heterogenaty andysisfor

Heterogenaty
Q-value df(Q) p-vaue

Groups

Descriptive Statistics 40456 14 0.00

Inferential Statistics 0.97 2 0.62
Estimated frompvaues 3697 6 0.00
Total within 44250 22 0.00
Total between 2704 2 0.00
Overall 46954 24 0.00

It should be nated tha part of these andyses could have been conduded in SPSS usng the
weighting fundion. While theweighted means per groupare thesame asin CMA, the standad
errors are nat.

Conducting Meta-Regression

Meta-regressionis the abbreviated name for Weighted Least Squaes Regression (either smple
or multiple). It is based onthe same statistical principles as standard regression and shaesiits
purpose as atool for modding factors related to the outcome variable (in this case effect sizes).
Althoughdummy coding can beused in regression to test for the significance of moderator
variables (i.e., preceding section), its uniquecontribution is when study feature codes are treated
as quasi-continuouspredictor variables (Note: Of course true continuousvariables, such as year
of publication, can also be used). In the case of simple regression, there is onepredictor variable
and oneoutcome variable. We will examinetwo computer outputsfor regression. Thefirstis
weighted ssimple linear regression produced in Comprehensve Meta-Andysis (Biogdat, 2006,
Version 2.2.027for Windows), a dedicated meta-andysis software. The secondisweighted
multiple regression output produced with the general SPSS package (Verson11.0.4 for
Macintosh OS).
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Conmprehensive Meta-Analysis (Simple Linear Regression)

In our CMA example (Tables 15aand b), Orype of Research DesignQ's the predictor and
Qralues or gOis the outcome. Since in this form of regression, we are dealing with samples and
notindividud paticipants, g mus beweighted to reflect the differential sample size. Thisisthe
same inverse variance weight (w) that was used earlier in the calculation of g+.

Table 15ashows theresults of theregression andysis and Table 5b shows theresults of the
heterogendty andysis. Slopein the outputis the simple regression codficient (#) indicating the
strength of therelationdhip. Intercept is the point on the Y -axis that theregression line passes
through.The standad error of # isthe standad deviation of the sampling distribution of dopes
and the lower and uppe limits of the 95" confidence interval of # tell uswhether the lopefalls
within these limits. Confidence limits can tell usif thedope(i.e., Typeof Research Design)isa
significant predictor of g (effect size). Since theinterval does not contain zero (0), we reject the
null hypothesisthat # = 0. The z-test provides the same information, butin true hypothesis
testing terms. If the z-value exceedsthecritical valueof z=1.96, thehypahesisof #=0is
rejected. A regression equéion can then bewritten to express the relationship between g and the
predictor. Thegeneral form of theregression equdionis:

g =a+pX
where g&is a predicted value of g, # is theslopeand (EQ: 44)

Xisavaueof Typeof Research Design.

Thustheregression equdionis:

¢’ =0.14+0.13X

Table 15a Simple linear regression andysis producd in CMA.

Point Standad Lower Uppe
Estimate  Error limit limit zvaue p-vaue

Slope 0.13 0.03 0.07 0.18 464 0.00
Intercept 0.14 0.05 0.05 0.24 294 0.00

Table 15bshows theresults of atest for heterogenety of effect size, where Qqoa IS partitionad
INt0 Qregresson aNd Qresidua (referred to as Modd and Residud in CMA). Thisis anadogousto
ANOVA in standad regression output, but thethree terms are tested with the! 2 distributionwith
1, 23 and 24 degrees of freedom We have aready thetest of Qo in an earlier section. Thetest
of Qregression tells ustha Typeof Research Designis a significant predictor of g. Thetest of
Qresidua tellsuswhether there thevariability remaining is significant. Fromthetable, it isclear
tha thevariance accounted for in Qreyression 1S Significant (something we already knew from
Table Xa) andtha Qresiaua 1S adso significant, indicating tha consderable variability remainsin
values of g.
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Table 15b. Heterogenaty statistics produced in CMA.

Q df p-value
Modd 2157 1 0.00
Residud 44796 23 0.00
Total 46954 24 0.00
Figure 4. Scatterplot producd in CMA.
Regression of ResDesNum on Hedges's g
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SPSS(Multiple Regression)

Meta-regression, both ssimple and multiple, can beprodued in SPSS. Unlike CMA, where the
inverse variance weighting is doneautomatically, in SPSS theweighting mug be explicitly
applied in Linear Regression. It can aso bedoneglobdly throughthe Weight Cases dialogue
box, butthis produces inaccurate sample sizes. In this example of SPSS, we are running
hierarchical multiple regression, with thetwo predictors, Research Design and Extraction
Method. Research Designis entered first, followed by Extraction Method. Theresults on thefirst
entry should match theresults achieved in CMA. The secondwill not because CMA islimited to
simple multiple regression.

Table 16aand b contain thetwo-part outputtha SPSS gives. First let@look at thetest of
heterogenaty (called ANOVA in SPSS) (Table 169. Note that there are two blodks (Modds), one
containing thefirst variable entered and the second containing both variables. Theweighted total
sum of squaresis the same as Qrotal. Likewise, SSeween aNd SSQuithing are thesame as Q between
and within. Thedegrees of freedomare the same. However, the mean square in Regressionis not
used, andistherefore notinduded in Table 16a The MSresidud is used for another purpos, as
we will see later on, and so is retained in Table 16b. Thetest of significanceis based onthe! 2
distribution at the degrees of freedomlisted in thetable. In this case, the Regression and
Regression terms are significant, indicating tha Modd 2 (with two predictors) significantly
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predicts levels of g andtha there is still a significant amountof variability left over .In other
words these two predictors do notaccountfor enoughvariability to reach homogenety. Clearly,
there are other study features tha need to beinvestigated.

Table 16a Heterogendty andysis produed in SPSS linear regression.

Modd Source of Variation SS(Q) df p MS  JMS..
1 Regression 2157 1 0.00
Residud (Error) 44797 23 0.00 1948 442
Total 46954 24
2 Regression 2949 2 0.00
Residud (Error) 44005 22 0.00 2000 447
Total 46954 24

The# codficients for thedopeof the predictor (Research Method Used) and its y-intercept
(called Condant in SPSS) onthefirst entry are thesame as CMA. However, there are several
correctionsto the SPSS outputthat are necessary for it to match CMA (Hedges & Olkin, 1985)
Thefirst and mog important oneisto the standad error, since it affects the others. The standad
error (/0.) isincorrect by afactor of \|MS;.qq.. » SO dividing theunadjused SEby the square

root of MResaua (thistermis also referred to as the within-groupsor pooled standard deviation
in ANOVA) produees the correct valuefor the SE (see Equaion 45).

o _
A __ "~ B(Unadjuged) .
o-B(Adjuﬂed) - \/W (EQ 45)
rror

Theconfidence intervals mug also be adjuged to reflect thenew SE. Thisis shown in Equédion
45aand b.

Lower = 'Ii " 19a7@’ (Adjusted))

n (EQ: 46aand46b)
Upper = , i + 19&7@’ (Ad]'usted)

Likewise, thet-valueisinoormrect an mug bechanged to a zvalueusng Equaion 47.

/
"1

= (EQ: 47)

! (Adjusted)

Noticein Table 16b,tha theoutputfor Modd 1 matches theresults obtained throughCMA
(Table 159. These adjugments are a'so madeto the SEin Modd 2, usng the MSesigua from
Modd 2 in Table 16a Theresultsindicate tha both Type of Research Design and Extraction
Method Used are significant predictors of g. SPSS also produc the multiple correlation and its
squae (Rand R?). TheR?, in paticular is useful in interpreting these results. For Modd 2, R =
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0.251and R? = 0.063 accouningfor only 6.3% of thevariancein g. In another study, Bernard et
al. (20049 accounted for as much as 50% of thevariance in g with a block of eight
methodobgical predictors.

Table 16b.Weighted multiple regression produced in SPSS Linear Regression.

} 95" 95"
&,
Modds ﬁ SE B(Adjusted) L ower Uppe’ P
(Congant) 014 021 005 005 024 294 000
1
EypeOfR%a'Ch 013 012 003 007 018 467 000
esign
(Congant) 012 022 005 003 022 247 000
2 EypeOfR%a'Ch 011 013 003 005 016 368 000
esign

ES ExtractionMethod 0.10  0.16 004 0.03 0.17 2.77 0.00

PART 5: Publication Biasand Sensitivity Analysis

After ameta-andysis has been completed, it is useful to investigae how robug thefindingsare
to avariety of influences. One of these influencesis called publication bias and has to do with
the completeness of theliterature search. Theinfluences of outliers are investigated througha
statistical technique called sengtivity andysis.

Publication Bias

Publication bias is sometimes called the Gile drawer problemO(Rosenthd, 1979)because it
concernswhether there are undscovered studies still remainingin theliterature tha would
adversaly affect or changethefindingsof the current studyN studies still in thefile drawers of
researche's. Themos extreme version of this problem would result if only 1 out of 20 studies
condcted was published and theremaning 19 studies were located in researchers file drawers.
If there were noinfluences dueto publication selection, that is the effects of missed literature
were random then there would beno bias. Bias occurs when the effect is notrandont when it
systematically influences the outcomes of a meta-andysis. Theusud reason given for
publicationistha theleast difficult literature to obtain, joumd articles, has a built-in bias
towards significant results that suppot theresearcher@ hypoheses (e.g., Greenwald, 1975)
Convesely, themog difficult to obtain, sometimes called the Qyrey literatureOor the
unpublshed literature, contain studies of no significant difference findingsor outcomes that are
contrary to the researcher® expectationsor that go againg the established findingsin afield of
study. Even in the published literature, it is arguéble tha the more prestigiousthejoumd is, the
greater thebiasthereisin results obtained fromit. This, of course, can be coded as a study
feature and investigaed.

Publication bias can beinvestigaed througha number of statistical techniques (e.g., fail-safe N),
butit isoften doneso graphically, throughtheuse of afunné plot. First introduced by Light &
Pillemer (1984, afunnd plotisreally jud a specia form of scatterplot, with effect size
represented on oneaxis and sample size onthe other (it doesn®matter which). The standad
error of effect size, areflection of sample size, is often used in place of raw sample sizes.
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Symmetry of thefunné plotindicates that publcation biasislikely nat present. Tha is, studies
of relative the same standad error groupequdly aroundthe mean of thedistribution. The
distribution represented in Figure 5 isfairly symmetrical, except for two studies with large
postive effect sizes and onestudy with amodeate g butwith alarge sample size. Througha
visud ingection of Figure 5, it appears tha there is postive bias. Remember, however tha this
isafractiond sample of amuch larger study and so these results may not beindicative of the
oveal results.

Figure 5. Funnd plot of CT meta-andysis outcomes.

Funnel Plot of Standard Error by Hedges's g

Senditivity Analysis

Sengtivity andysis seeks to answver additiond questionsrelated to therobugness of a meta-
andysis. We have already addressed approaches to modeator andysisin regardsto research
design and methodobgy and effect size extraction, which can inform a sengtivity andysis.
Additiond issues may relate to thequdity and consistency of measures, fiddity of thetreatment,
etc. While a @nestudy removed andysisO(Table 17) does not pinpdnt the exact reasons for
incongstency across studies, it does indicate whether inconsstency results. One study removed
andysisis the equivalent of neitem removed in reliability andysis. The question being
addressed in nestudy removedOis: OVha hgppensto g+ when each study is systematically
removedC?

Table 17 shows the outputthat CMA provides and Figure 6 shows this graphically. Notice tha
theremovd of Study 7 and Study 25 greatly influences g+, in opposte directions Examinaion
of Table 11 revealstha there are actudly four studes with unusidly high weights (w): Studies
7,13, 18and 28. These are the studies with thelargest sample sizes, 222,180,166and 214,
respectively. They are also all onegroup pretest-podtest designs Table 18 summarizes thar
influence ontheY w; (Qrota). Clearly, al four of these studies have outlying weights, butin terms
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of leverage or influence, only 7 and 28, because of their extreme effect sizes, have an outlying
weighted g (column 7 in Table 18) and are thelargest contributors to fluctuaionin g+. Wha
aboutthese studies are aberrant, besides thar large sample sizes. We might discover thisif we
went back to theorigind reports. Withoutaccess to additiond information, these two studies
might represent goodcandidates for removd asoutliers.

Table 17. Statistics with onestudy removed.
Study Point SE  VarianceLower limit Uppe limit z-Vaue p-Vaue

1.00 0.30 0.03 0.00 0.25 0.35 1142 0.00
200 0.28 0.03 0.00 0.23 0.33 1065 0.00
3.00 0.32 0.03 0.00 0.27 0.37 1226 0.00
4.00 031 0.03 0.00 0.26 0.37 11388 0.00
5.00 0.32 0.03 0.00 0.27 0.37 1196 0.00
6.00 031 0.03 0.00 0.25 0.36 1142 0.00
7.00 0.27 0.03 0.00 0.22 0.33 9.89 0.00
8.00 0.32 0.03 0.00 0.27 0.37 1220 0.00
9.00 0.33 0.03 0.00 0.28 0.38 1257 0.00
10.00 0.32 0.03 0.00 0.27 0.37 1193 0.00
11.00 0.33 0.03 0.00 0.28 0.38 1249 0.00
1200 0.33 0.03 0.00 0.28 0.38 1228 0.00
13.00 0.34 0.03 0.00 0.29 0.39 1227 0.00
1400 0.33 0.03 0.00 0.28 0.38 1257 0.00
1500 0.33 0.03 0.00 0.28 0.39 1253 0.00
16.00 0.34 0.03 0.00 0.28 0.39 1258 0.00
1700 0.34 0.03 0.00 0.29 0.39 12.73 0.00
18.00 0.36 0.03 0.00 0.30 041 1296 0.00
2000 0.33 0.03 0.00 0.28 0.39 1269 0.00
1900 0.34 0.03 0.00 0.29 0.39 12.75 0.00
2100 0.33 0.03 0.00 0.28 0.39 1268 0.00
2200 0.34 0.03 0.00 0.28 0.39 12.74 0.00
2300 0.33 0.03 0.00 0.28 0.39 1271 0.00
2400 0.34 0.03 0.00 0.29 0.39 1281 0.00
2500 048 0.03 0.00 042 0.54 1645 0.00
Total 0.33 0.03 0.00 0.28 0.38 1262 0.00
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Figure 6. Graph of onestudy removed distribution.

Sensitivity Analysis of CT Data
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Table 18: Theinfluence of four studies on the outcome of the meta-andysis.

Studi_es with g+ with _ o+
_ngh g g+ study Difference (w) (9)(w) Influence
Weighted g+ removed
Study 7 080 0.330 0.27 -0.06 15625 12500 259
Study 13 025 0.330 0.34 +0.04 15625 39.09 8.1
Study 18 002 0.330 0.36 +0.06 15625 1406 29
Study 25 -0.30 0.330 048 +0.15 27778  -8333 1741
Totals 74653 5431

*0% Influence = (g)(w)/48187 (100
Conclusion

At this point we would need to decide whether or not to removethetwo outliers (studies 7 and
25) indicated earlier. Thisisnotan easy decisionin this meta-andysis because they represent
2/25 or 8% of thesample. Theincarease in thewelghted mean after removd isfrom0.33t0 0.43,
notan incongderable gain. Althoughit isreduced consderably, the Q-statistic for the 23 studies
isstill significant. Theonly real way to decideisto go back to theorigind studies and determine
if these two are enoughlike the others to be consdered pat of thepopuktion to which this meta-
andysisisintended to generalize. This, of course, is notatotally satisfying ending to this story,
butit isnotan unadmmon ending.
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