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Statistical Applications in Meta-Analysis 

Extracting, Synthesizing and Exploring Variability in Effect Sizes 

PART 1: Introduction to Effect Sizes 

Although Gene Glass (1976) introduced the set of procedures and methods that we now call 
Òmeta-analysis (Meta-analysis is Òthe statistical analysis of a large collection of analysis results 
from individual studies for purposes of integrating the findingsÓ (p.3),Ó the notion that individual 
research studies can be combined and analyzed as a collection goes back more than 100 years 
(Pearson, 1904). Pearson aggregated correlations across a set of studies and came to an overall 
conclusion concerning their average. Others since (Fischer, 1932; Birge, 1932) have worked on 
statistical methodologies for aggregating studies and Fischer wrote that ÒÉi t sometimes happens 
that although few or [no statistical tests] can be claimed individually as significant, É  the 
aggregate gives an impression that the probabilities are lower than would have been obtained by 
chance.Ó (p.99). 

Character istics of an Effect Size and Effect Size Distr ibutions 

The basic unit of analysis in a meta-analysis is an effect size. An effect size is a standardized 
metric that expresses the magnitude of difference between two groups, usually an experimental 
group and a control group, or the magnitude of a relationship between measures. In the case of a 
study of correlation data, the effect size is expressed as a standard correlation coefficient An 
effect size has several important characteristics: 

¥ An effect size is like a z-score, in that it is expressed in units of standard deviation. But a 
distribution of effect sizes does not sum to zero or have a standard deviation of one, as does a 
distribution of z-scores. 

¥ An effect size can be either positive or negative, and can range from 0.0 to over ±3.0. 

¥ A positive effect size indicates that the experimental group outperformed the control group. 
A negative effect size indicates the reverse. 

¥ Effect sizes, under certain conditions, can be averaged and their variability assessed. 

¥ Effect sizes can be calculated from descriptive data (means and standard deviations), the 
results of statistical tests, such as a t-test, ANOVA or ANCOVA, and can be estimated from 
probability statements (e.g., p < 0.05). Even non-parametric statistical tests, such as ! 2 or 
proportional data, can be converted to effect sizes. 

¥ In all methods of either calculating or estimating effect sizes, information about the direction 
of the effect must be present. A statement such as Òthe results were significant at less than "  
equals 0.05,Ó is not useful unless the direction of the effect (positive or negative) is indicated. 

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

Interpretation of Individual Effect Sizes 

Since a standardized mean difference effect size can be interpreted in exactly the same way as a 
Òz-scoreÓ from a Standard Normal distribution, an effect size of 0.80 means that the score of the 
average person in the experimental group exceeds the scores of 79% of the control group. 
Likewise, the percentage difference between the median (i.e., in a normal distribution the mean 
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and he median are the same value) of the experimental group and the control is 79% minus 50% 
or 29%. Table 1 shows conversions of effect sizes to percentiles (Interpretation I) and the 
difference, in percentiles between the median of the experimental group and the median of the 
control group. Figure 1 shows the complete overlap of an effect size of 0.00 and the partial 
overlap of an effect size of 0.80 as a graphical representation. It should be noted that the values 
in Table 1 depend on the assumption of a Normal distribution. The interpretation of effect sizes 
in terms of percentiles is very sensitive to violations of this assumption. 

Table 1. Two interpretations of effect sizes. 

Effect Size 
Percentage of the experimental 
group above the average of the 

control group 

Percentage who lie between the 
median of the experimental 
group and the median of the 
control group (Col. 1 Ð 50%)  

d Interpretation-1 Interpretation-2 

0.00 50% 0% 

0.10 54% 4% 

0.20 58% 8% 

0.30 62% 12% 

0.40 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% 

1.40 92% 42% 

1.60 95% 45% 

1.80 96% 46% 

2.00 98% 48% 

2.50 99% 49% 

3.00 99.9% 49.9% 
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Figure 1. Interpretations I and II for d = 0.00 and d = 0.80. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Another way to interpret effect sizes is to compare them to the effect sizes of differences that 
are familiar. For example, Cohen (1969, p. 23) describes an effect size of 0.20 as ÒsmallÓ and uses 
as an illustration the difference between the heights of 15 year old and 16 year old girls. An effect 
size of 0.50 is described as ÒmediumÓ and is Òlarge enough to be visible to the naked eye.Ó A 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 Ògrossly perceptible and therefore largeÓ and equates it 
to the difference between the heights of 3 year old and 18 year old girls. As a further example he 
states that the difference in IQ between holders of the Ph.D. degree and Òtypical college 
freshmenÓ is comparable to an effect size of 0.80. Cohen does acknowledge the danger of using 
terms like Òsmall,Ó ÒmediumÓ and ÒlargeÓ out of context.  

Glass et al. (1981, p. 104) are particularly critical of this approach, arguing that the effectiveness 
of a particular intervention can only be interpreted in relation to other interventions that seek to 
produce the same effect. They also point out that the practical importance of an effect depends 
entirely on its relative costs and benefits. In education, if it could be shown that making a small 
and inexpensive change would raise academic achievement by an effect size of even as little as 
0.10, then this could be a very significant improvement, particularly if the improvement applied 
uniformly to all students, and even more so if the effect were cumulative over time. By contrast, 
an effect size of 0.50 for an intervention that is very expensive to implement and cannot be scaled 
or generalized to the larger population may not be as large, in practical terms, as it first appears. 
Therefore, effect sizes may be context bound. 

Parametr ic and Non-Parametr ic Estimators of Effect Size 

Under normal conditions, when the dependent variable in an experiment is interval/ratio in 
nature, the mean and standard deviation is reported and use as the basis for calculating a 
parametric effect size. The general assumption underlying the use of parametric statistics is the 
approximate normality of the data set upon which the statistics are calculated. Sometimes this 
assumption is not tenable (i.e., grossly violated) even when the data are interval/ratio, and 
therefore interval/ratio statistics are inappropriate, possibly producing dramatically spurious 
effect estimates. Under these conditions, as with the analysis of any non-normal data set, a non-

Interpretation I      50% 
 
Interpretation II       0% 

d = 0.00 

Overlapping 
Control and 
Treatment 

Interpretation I      79% 
 
Interpretation II     29% 
 

d = 0.80 
 Treatment Control 
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parametric statistical should be considered (see note below). In this case an effect size based on 
medians is likely more appropriate. Hedges and Olkin (1985) address this issue and suggest 
several statistical methods for estimating effect sizes based on medians. However, all of these 
approaches require access to the original data, a limitation that reduces the viability of these 
approaches. 

Note: Normality is important for parametric statistical analysis because when a distribution is 
grossly skewed the mean and standard deviation become poor descriptive representations of its 
central tendency and variability. Outlying data points have the most severe effect on these 
statistics, so that other statistics that do not assume normality, like the median, become more 
appropriately suited. 

It is important to note here that there are approaches to effect size calculation that derive from 
non-parametric methodologies when the data are in nominal form (percentages, ratios, etc.). 
These statistics are non-parametric, by definition, and usually do not require access to the 
original data because the statistics (percentages, medians, etc.) upon which they are based are 
normally contained in the research report. This is discussed in the next section and equations are 
provided. 

Effect Sizes and Research Designs 

The correct interpretation of an effect size cannot be made without consideration of the research 
design from which it is extracted. Because all of the studies included in a meta-analysis are 
considered samples drawn a population, each is an approximation or estimate of the true effects 
in the population. Therefore, individual effect sizes contain error and the extent of this error is 
partially a function of research design strengths and weaknesses. Campbell and Stanley (1966) 
describe two forms of design validity that an experiment can possessÑ internal and external.  

Internal validity is the extent to a research design can reduce or eliminate hypotheses that can 
challenge or rival the intended hypothesis of the study. If an effect size is an estimate of the 
magnitude of difference accruing from the hypothesis test, it follows that stronger designs that 
reduce alternative explanations will more accurately reflect the true effect, while weaker designs 
may contain the influences of some or all of the rival explanations. For instance, if two groups 
are not equal on some important measure at the start of a study, differential outcomes at the end 
of the study, upon which the effect size is based, may be just as attributable to the initial 
difference as they are to the effects of the treatment, making it unclear what the true effects are. 
It is arguable, then that we should place greater emphasis on effect sizes that are extracted from 
stronger designs, all other things being equal, than weaker designs. Textbox 1 provides a 
description of the seven threats to internal validity, originally identified and codified by 
Campbell and Stanley. These are the ÒclassicalÓ threats to internal validity. Others have been 
identified since these first appeared (e.g., Onwuegbuzie, 2003). 

Textbox 1. Seven threats to internal validity identified and described by Campbell and Stanley. 

Mortality is the loss or dropout of participants, especially after the onset of experimentation, 
which can create group inequivalence. Some also think of mortality as occurring between the 
pretest and the posttest. But Campbell and Stanley (1966) assume that incomplete data are 
discarded. If so, mortality is not a threat in designs in which participants are repeatedly tested. 

Regression (more fully known as statistical regression toward the mean) is a change in scores 
on retesting when measurement error exists and especially for participants selected on the basis 
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of extreme scores on the pretest. When extreme scores are used at the pretest and a test is not 
perfectly reliable (has some error of measurement), there will usually be a shift of the Y scores 
to less extreme scores at the posttest. That is, the scores regress toward the mean or average 
score, which is the more likely score. 

Selection is the effect of initial group inequivalence often caused by the use of intact groups or 
volunteers who request the novel treatment. Consequently, the researcher cannot be certain that 
groups of participants are equivalent at the outset unless they are randomly assigned. As 
mentioned earlier, random assignment increases the likelihood that individual participant 
differences will be spread evenly across groups, but it is not a guarantee of initial group 
equivalence. By chance, sampling error may create differences between groups. When it is 
possible, matching of participants on the pretest followed by random assignment further 
reduces the risks of initial group inequivalence. 

Maturation includes both short-term and long-term changes to participants, biologically or 
psychologically, due to normal growth and development. Brief, reversible effects including 
fatigue, hunger and irritability are maturational influences as well as sustained, permanent 
changes such as IQ development or reaction time decay. 

Instrumentation is any change in the observational technique or measurement instrument. The 
mechanical measuring device may deteriorate or malfunction. The human judges may change 
because of fatigue, experience or awareness of the study. 

Testing effects are changes that occur to the participant, not the instrument, as a function of the 
initial testing, which affect retesting. The testing influence is due to the reactive or obtrusive 
nature of the measurement tool or experimental setting in which the investigation occurs. 

History is the operation of events external to the treatment that occur between pretest and 
posttest, which may create a change in scores. 

External validity is present in a study when the sample (i.e., participants), materials, procedures, 
measures, etc. can be generalized to the population from which the study was presumably drawn. 
It diminishes as the study is more contrived and therefore less like the conditions to which it is to 
be generalized. As such, issues of external validity are limiting conditions, rather than rival 
hypotheses. In some cases, internal and external validity can be at odds with one another. In such 
situations, stated one way, the more controls for threats to internal validity that are applied, the 
less the study is like the Òreal worldÓ to which it is intended to generalize. Stated another way, 
the more the aspects of a study are left uncontrolled (thereby increasing external validity), the 
less certainty there is as to the influence of extraneous variables on the interpretation of the 
outcome. Clearly, both of these forms of validity are important considerations in designing a 
study, and ideally, a study would be both internally and externally valid. Abrami and Bernard 
(2006) call this the Òdiamond standardÓ (i.e., higher than the gold standard that is often attributed 
to RCTs). This ideal, of course, is not always achieved, particularly in applied fields, like 
Education, where conditions in the field are often not ideal for exercising experimental control. 
For instance, educational studies often require the use of intact classrooms where the initial 
equivalence of participants within groups cannot be firmly established. 

Table 2 lists six commonly encountered research designs, ordered by the extent to which they 
control for internal validity. The designs are not as easily ranked by external validity, since 
contextual factors, applied to any of the designs, can dictate how generalizable they are to a 
population. 
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Table 2. Six research design in order of control for internal validity. 

Characteristics Designs in Order of Control for Threats to Internal Validity 

1. True experimental design (often called random control trial or RCT) Random 
Assignment to 

Groups 2. True experimental design with pretest and posttest 

3. Quasi-experimental equivalent groups design with pretest and posttest 
Intact Groups 

4. Pre-experimental static control group design (posttest only) 

5. Pre-experimental one-group pretest-posttest design 
One Group 

6. Pre-experimental one-shot case study (one or more measures) 

To an extent, the nature of the research design of a study can be used to determine the approach 
to be used to extract an effect size. However, this is modified by the kind and extent of the 
information that is provided by the author of the manuscript under consideration. Table 3 shows 
the six major designs from which effect sizes can be extracted. Comparison of this table with 
Table 3 shows that the same method of extracting an effect size can be applied to several 
designs, regardless of the extent to which internal validity has been controlled. For instance, the 
equation for standardized mean difference (d) is the same for a randomized posttest-only control 
group design (i.e., true experiment) as it is for a non-randomized posttest-only control group 
design (i.e., static groups design), although they differ considerably in the extent to which they 
possess high internal validity. Therefore, random assignment or the use of intact groups does not 
determine the equation that is chosen to extract an effect size. The sole determinant, for control 
group designs is the nature of the statistical information that is provided by the author.  

Table 3. Six standard research designs from which effect sizes can be extracted. 

Name of Research Design 
Type of Research Design 

(Campbell & Stanley 
Notation) 

Notes on Effect Sizes 

One-shot Case Study Design 
(Correlational) O1 O2 É  

¥ Correlations can be treated as 
 effect sizes (in a distribution of 
 correlations) or converted to d. 

Pretest-Posttest One Group 
Design (Comparative) 

 O X O 

¥ Can be treated as gain score 
 means (G ), in regression 
 (residual gain, g ) or as 
 correlational data ( rXY ). 

Posttest Only Control Group 
Design (with random 

assignment or with intact 

  

 R XE O 

 R XC O 

¥ With descriptive data, an exact 
 standardized mean difference 
 can  be calculated.  
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groups)    

  XE O 
  ----------- 

  XC O 

¥ If t-test or ANOVA information 
 is supplied, ES can be 
 calculated.  

¥ If p-value and direction (±) is 
 given, ES can be estimated. 

¥ If data are proportions or ! 2, d 
 can be calculated.   

 R O XE O 

 R O  XC O 

Pretest-Posttest Control Group 
Design (with random 

assignment or with intact 
groups) 

  

 O XE O 
 -------------------- 

  O XC O 

¥ Can be treated as a difference 
 between gain score means or 
 between residual gain score 
 means. 

¥ If the correlation between pretest 
 and posttest is not available, ES 
 will be inflated. 

¥ ES can be extracted from 
 ANCOVA statistical 
 information. 

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

Methods of reporting result can differ widely from study to study and this will determine the 
approach that is taken in extracting effect sizes. Unfortunately, all of these approaches are not 
equally accurate. Table 4 shows the different methods of calculating effect sizes, categorized in 
terms of quality (i.e., accuracy). Notice that, even when full descriptive statistics are not 
reported, the calculation of effect size can still be highly accurate. However, the methods for 
calculating effect sizes in the Medium and Low-quality categories can introduce a degree of 
inaccuracy, or bias, into the effect size. 

Table 4.  
Quality Method of Calculating or Estimating Effect Size 

High 
Quality ES 

¥ Direct calculation based on means and standard deviations 

¥ Algebraically equivalent formulas (i.e., t-test, and two-group ANOVA) 

¥ Exact probability value for a t-test or ANOVA (two groups) 

¥ Approximations based on continuous data (correlation coefficient) 

Medium 
Quality ES 

¥ Estimates of the mean difference (e.g., adjusted means, regression # weight, 
gain score means) 

¥ Estimates of the pooled standard deviation (e.g., gain score standard deviation, 
one-way ANOVA with three or more groups, ANCOVA) 

Low 
Quality ES 

¥ Estimates based on a probability of a significant t using "  (e.g., p < .05) 

¥ Approximations based on dichotomous data 



Extracting Effect Sizes for Meta-Analysis 10 

To examine this further, we will look at a single example from which an effect size can be 
extracted by four different methods: 1) full statistical data (i.e., means, standard deviations, and 
sample sizes); 2) test statistics (e.g., a t-value); 3) an exact probability (i.e., p = an exact 
probability indicating the exact difference between groups); and 4) a probability statement based 
on "  (i.e., p < " ). These statistical data are shown in Table 5. 

Table 5. Statistical data from which effect sizes can be calculated. 

Group N Mean Mean Diff. SD Pooled SD 

Experimental 9 23.22 4.55 

Control 9 18.00 
5.22* 

4.72 
4.63 

* t = 2.391 (df = 16), p = 0.02944 or p < 0.05 

From the data extracted from Table 5, four effect sizes were calculated (Table 6). CohenÕs d (i.e., 
standardized mean difference) was converted to HedgesÕ g to correct for the small sample size 
and the effect size calculated from complete descriptive data was considered 100% accurate, so 
that the other methods could be compared to it. The effect size calculated from the t-value was 
99.99% correct, as was the effect size calculated from an exact probability. However, when only 
the statement, p < 0.05 was used and an effect size estimated from it. Since the exact t-value is 
unknown, a conservative value of 1.96 (i.e., t at $ , "  = 0.05, two-tailed, df = 16). Using the 

equation d ! 1.96
1

nE

+
1

nC

 , d !1.96
1
9
+

1
9
= 1.96 0.22= 1.96(0.47) = 0.92395. Converted 

to Hedges g, this value becomes 0.87996, an effect sizes that underestimates the exact effect size 
and thus is only 82% correct. 

Table 6. CohenÕs d, Hedges g and the accuracy of four methods of calculating effect sizes. 

Method of Extraction d g Accuracy 

Standardized Mean Difference 
Y !Y

SDPooled

 1.12716 1.07348 100.00 

Calculated from exact t (t = 2.391) 1.12713 1.07346 99.99 

Calculated from exact p (p = 0.2944) 1.12713 1.07346 99.99 

Estimated from p < 0.05 0.92395 0.87996 81.97 

As shown in Table 7, the estimated effect size becomes even more inaccurate as the true effect 
size increases or decreases. At g = 0.67, the estimated effect size overestimates calculated g at 
131%, while at g = 2.07, the estimated effect size underestimates at 43% correct. Only when 
calculated g is 0.87, is the estimated g correct. Since it is unknown whether estimated g is 
overestimating or underestimating (or is correct), this illustrates 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% 

1.27 0.88 69% 

2.07 0.88 43% 

PART 2: Equations for Calculating and Estimating Effect Sizes 

1. Calculating the Standardized Mean Difference Between Groups with Descr iptive Data 

The basic information required for a standardized mean difference effect size is a mean for the 
experimental (YE ) and control (YC ) conditions, sample size data (nE & nC ) and standard 
deviations ( SD

E
& SD

C
) for each group. 

Example 1.1: 

(Webb, 1982) 

YE = 12.7

YC = 10.9
 

nE = 29

nC = 15
 

SDE = 3.0

SDC = 3.3
 

GlassÕ! (Glass et al. 1981) divides the difference between two means by the standard deviation 
of the control condition (Equation 1).  

GlassÕ !  
(biased 

standardized 
difference) 

! =
YE " YC

SDC

  (EQ: 1) ! =
12.7" 10.9

3.3
=

1.8
3.3

= 0.545 

CohenÕs d (1977) divides the difference between two means by the pooled standard deviations of 
the experimental and the control conditions (Equation 2). This approach is most easily justified 
when homogeneity of variance has been established. But there is a case to be made even when it 
hasnÕt been established. If there is a large difference between the SD of the treatment and the 
control (in either direction) using only the SD of the control (GlassÕ ! ) as the denominator of 
the effect size will either under or overestimate the true effect size. In fact, the use of 
GlassÕ! seems more justified if homogeneity of variance exists (i.e., there will be less variation 
between GlassÕ !  and CohenÕs d). 
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SD
Pooled

=
(n

E
!1)SD

E

2
+ (n

C
!1)SD

C

2

(n
E
!1) + (n

C
!1)

 (EQ: 2) 

Pooled SD 

SD
Pooled

=
(29 !1)3

2
+ (15 !1)3.3

2

(29 !1) + (15 !1)
= 3.10  

 

CohenÕs d 
(biased 

standardized 
difference) 

d =
Y
E
!Y

C

SD
Pooled

 (EQ: 3) d =
12.7!10.9

3.1
= 0.58 

Rosenthal (1991) provides an alternative approach to calculating d (Equation 4). In this equation, 
the estimated sampling error of d (!

d
) is calculated to form the denominator of the difference in 

two population parameters (µ
E

& µ
C

). Since these parameters are unknown, sample statistics 

(Y
E
&Y

C
) are used. Equation 4 provides a slightly larger estimate of d than Equation 3.  

d 
(biased 

standardized 
difference) 

d =
µE ! µC

"
,where

" d = SDPooled

df
N

#
$%

&
'(

 (EQ: 4) 

! d = 3.1
42

44

"
#$

%
&'

= 3.1(0.955) = 2.96

d =
12.7 (10.9
2.96

= 0.61

 

HedgesÕ g (Hedges & Olkin, 1985, p. 78) contains a multiplier applied to d to correct for small 
sample bias (i.e., N < 40), since studies of this size tend to over-estimate d (Equation 5). The 
multiplier approaches 1.0 as sample size increases, so that in large samples, d and d are the same.  

g ! d 1"
3

4N " 9
#
$%

&
'(

  (EQ: 5) g 
(Unbiased 

standardized 
difference) g ! 0.58 1"

3
(4(29+15)) " 9

#
$%

&
'(

= 0.58 1" 0.018( ) = 0.57 

As is obvious from Table 8, HedgesÕ g is most effective at correcting for bias in studies with 
very low sample sizes, and less so in samples of 40 and up. Since CohenÕs d and HedgesÕ g are 
virtually identical in the sample size range commonly encountered in most research situations, a 
recommendation that all effect sizes be converted to g is warranted. 
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Table 8. CohenÕs d compared to HedgesÕ g with different sample sizes.     

N Cohen's d Multiplier1 Hedges' g 

50 0.58 0.98 0.57 

40 0.58 0.98 0.57 

30 0.58 0.97 0.56 

20 0.58 0.96 0.56 

10 0.58 0.90 0.52 
1Based on Equation 5. 

2. Standardized Difference Between Groups for Mean Gain or Change Scores 

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

Example 2.1: 
(from Watson, 

1988) 

G
E

= 2.62

G
C

= 1.15
 

n
E
= 17

n
C
= 19

 
SDEg

= 2.59

SDCg
= 2.08

 

 

GlassÕ !  
Raw-score 

method 
! =

GE " GC

SDCg

 (EQ: 6) ! =
2.62" 1.15

2.08
=

1.47
2.08

= 0.71 

Sometimes, information as to the correlation between the pretest and posttest is available in the 
report of the study or, for standardized instruments, the test-retest reliability is available. In either 
of these cases, the gain can be adjusted for this correlation. In Equation 7, r = 0.85 is applied in 
the numerator of %. After adjustment, the standardized % is considerably reduced (% = 0.39) as 
compared with the unadjusted % = 0.71. Unfortunately, this correlation coefficient is not usually 
available, so Equation 6 would normally be used.  

GlassÕ !  
Adjusted by 

rXY 

! =
GE " GC

SDCY

 

where,SDCY
=

SDCg

2(1! rxy )
 

(EQ: 7) 

rXY = 0.85
1

SDCY
=

2.08

2(1! 0.85)
=
2.08

0.55
= 3.80

" =
2.62 !1.15

3.80
=
1.47

3.80
= 0.39

 

1Where rXY is the correlation between pretest and posttest can be found in the literature or is 
reported. 
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It is possible, of course, to estimate the correlation 
(e.g., r = 0.50), but this results in the same outcome as 
the unadjusted %. So adjustment is only a concern 
when r > 0.50. 

 

rXY = 0.50

SDCY
=

2.08

2(1! 0.50)
=

2.08
1

= 2.08

" =
2.62!1.15

2.80
=

1.47
2.80

= 0.71

 

If d is to be extracted, (i.e., pooled SD), posttest SDs can first be pooled (see Equation 4) and the 
adjusted pooled SD substituted into Equation 7.  

d 
Adjusted 
by rXY 

SDAdjusted =
SDPooled

2(1 ! rXY )
 (EQ: 8) 

SDPooled = 2.33

SDAdjusted =
2.33

2(1! 0.85)
= 4.26

dAdjusted =
1.47
4.26

= 0.34

 

One-group pre-test-posttest design. When a one-group pretest-posttest design is encountered 
(where d is based on the gain or change from pretest to posttest), d can be either unadjusted or 
adjusted. The first decision, however, is which standard deviation to use when both a pretest and 
a posttest standard deviation is reported. One approach is to used the pooled standard deviation 
(pretest and posttest), but a better solution is to use the standard deviation of the posttest, since 
the pretest and posttest are likely to be correlated. The following calculations show the effects on 
d when the posttest standard deviation. 

We will use the data from the previous example, so that the gain between pretest and posttest is 
1.47 and the posttest standard deviation is 2.33. For the adjusted SD, we will assume that the 
empirical correlation is unknown and use an estimated correlation of r = 0.50. Note that, as 
expected) the unadjusted d is smaller than the adjusted d. 

Note that the one difference between Equation 8 and Equation 10 is the multiplier of 2 in the 
denominator of Equation 8. His difference is because Equation 8 is for a two-group design and 
Equation 10 is for a one-group design. 

d 
Unadjusted 

d =
Y
P osttest ! X

Pr etest

SDUnadjusted

 (EQ: 9) d =
1.47
2.33

= 0.63 

d 
Adjusted 

by r = 0.50 

d =
YPosttest ! XPr etest

SDAdjusted

,where

SDAdjusted =
SDUnadjusted

1! rXY

 (EQ: 10) 
SDAdjusted =

2.33

1! 0.50
=

2.33
0.71

= 3.28

dAdjusted =
1.47
3.28

= 0.45

 

Difference between !, d and g. Table 9 demonstrates the differences and similarities among 
effect sizes under different conditions of means and standard deviations. In hypothetical Study 1, 
roughly equal variability results in roughly equal effect sizes (i.e., GlassÕ! , CohenÕs d, and 
HedgesÕ g). In Study 2, the lower SD for the control condition used in the denominator of ! , 
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results in a large difference between GlassÕ!  and CohenÕs d. In Study 3 the standard deviations 
are reverse, illustrating that GlassÕ! can just as easily underestimate effect size. This 
demonstration suggests that, under certain conditions of unequal variability, GlassÕ!  either over 
or underestimates the effects of the treatment, compared with CohenÕs d.  

Table 9. Comparison of GlassÕ! , CohenÕs d and HedgesÕ g under different conditions of Y s and SDs 

Study nE  nC  Y
E
 Y

C
 SDE  SD

C
 SDPooled  !  dC  gH  

Study 1: Equal ns and roughly equal standard deviations 

S-1 41 41 62.5 59.3 7.0 5.6 6.3 0.57 0.51 0.50 

Study 2: Roughly equal ns and different standard deviations 

S-2 19 22 62.5 48.6 14.1 5.6 12.2 2.48 1.14 1.11 

Study 3: Roughly equal ns and different standard deviations (the reverse of S-2) 

S-3 19 22 62.5 48.6 5.6 14.1 12.2 0.86 1.14 1.11 

It is difficult to provide a general rule as to which approach, % or d, is better overall. One fairly 

involved approach would be to use the standard test for homogeneity of variance F =
s2Maximum

s2Minimum

!

"#
$

%&
 

and KeppelÕ criterion (FCritical ! 3.0) as a way of deciding which approach to take. If the FMax 

does not exceed the criterion of F = 3.0, then % can be used. If FMax. exceeds the criterion, d 
should definitely be used. In this example for S-2 and S-3, 

F =
s2Maximum

s2Minimum

=
14.1

2

5.6
2
=
198.81

31.36
= 6.34

!

"#
$

%&
, FMax exceeds 3.0 and so CohenÕs d should be used. In 

other words, the over and underestimation produced by GlassÕ % is not justifiable in this case. 
However, even when homogeneity of variance is present, as in S-1 above, % and d will be close 
enough to justify the use of CohenÕs d in all cases. 

In regards to HedgesÕ g, the adjustment is most acute in studies with sample sizes less than 40 
(see Table 8) and doesnÕt effect studies with larger sample sizes. So as a general rule, the biased 
d should be calculated for all studies, and converted to the unbiased g. 

3. Between Group Residual Mean Gain or Covar iance Adjusted Means  

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

Administering parallel forms of the achievement test before [O1] and after [O2] 
instruction, then subtracting the pretest score from the posttest score [O2 - O1] for each 
student produces a measure that is far closer to the researcher's notion of a measurement 
of an achievement gain. One difficulty remains: Such a posttest-minus-pretest measure, 
[O2  - O1], is contaminated by the regression effect, usually correlate negatively with the 
pretest scores [O1] É A better method to measure gain or change is to predict posttest 
scores [O2] from pretest scores [O1] and use the deviation [O2 - O2] as a measure of 
gain, above and beyond what is predictable by the pretest alone. (p. 167) 
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One approach to achieve this, when residual gain means and the regression slope (bXY) are 

available is to estimate G
E
!G

C
from the residual gain means ( gE! & gC

! ), adjusted by bXY. 

However, this method requires that both the slope and the means of the pretest ( XE & XC ) be 
available. 

!adj . =
GE "GC

SCT

where,GE "GC = (gE " gC ) " (1" bxy )(XE " XC )

 (EQ: 11) 

GlassÕ !  
(adjusted by 

bXY) If the SD of the control group or the residual scores are given, the SD of the final-
status can be estimated using: 

SDCgain
=

SDC

1! rXY

, and substituted into Equation 8. 

If only the covariance-adjusted pooled within-group mean square (M !S
W

) is known, a pooled 
estimate of the within-group SD on final status means can be obtained. This method also 
provides a more conservative estimate of effect size than that resulting from Equation 7. Notice 
that this method gives the same result as was derived from Equation 8. This is because, in both 
cases, the denominator is pooled, albeit from different sources of data. In this example, 
M !SW = 5.162  and dfW = 33. 

d adjusted 
by M !S

W
  

SDW =
M !SW (dfW " 1)

(1" rxy
2)(dfW " 2)

 (EQ: 12) 
SDW =

5.16(33 ! 1)
(1 ! .852 )(33 ! 2)

= 4.38

dadj . =
2.62 ! 1.15
4.38

= 0.34

 

4. Estimating Effect Sizes from Independent t-test Data 

In some studies, only a t-value is reported, a statistical test of the hypothesis that µ1 = µ2. If this 
information is supplemented by sample size data then an effect size can be calculated that 
approaches the precision of an effect size (d or g) obtained from full descriptive information (see 
Table 6. Separate equations are applicable when n1 " n2 (Equations 14a and 15a) and when n1 = 
n2 (Equations 14b, 14b and 15b). 
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Example 4.1 

(Webb, 
1982) 

t = 1.78 
nE = 29

nC = 15
  

 

When nE ! nC , 

d = t
1

n
T

+
1

n
C

 (EQ: 13a) d = 1.78
1
29

+
1

15
= 1.78(0.32) = 0.57 

When nE = nC , 

d = t
2
n

 
  (EQ: 13b) Does not apply in this situation. 

d (derived 
from t) 

When nE = nC , 

d =
2t

N
 (EQ: 13c) Does not apply in this situation. 

When a direct calculation of g is desired (as opposed to converting d to g in a separate step), 
Equations 14a and 14b can be used. 

When nE ! nC , 

g =
t(nE + nC )

df nEnC
 (EQ: 14a) g =

1.78(29+15)

42 (29)(15)
=

78.32
135.17

= 0.58 

g derived 
from t When nE = nC , 

g =
2t

df
 

(EQ: 14b) Does not apply in this situation. 

5. Estimating Effect Size from the Significance of t  

In rare situations, specific information about the exact t-value is not reported but information 
about its significance is (e.g., Òthe t-value was significant at p < 0.05Ó). In this situation, an 
estimate of the effect size can be derived (as long as sample size and the direction of the effect is 
reported) by setting t at a value associated with "  and/or the p-value that is supplied. If an exact 
probability is supplied (p = 0.012), a more precise estimate of the effect size can be extracted. 

Example 5.1: 

(Webb, 1982) 
p < 0.10 

n
E

= 29

n
C

=15
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Look up the critical value of t for               
df = N Ð 1; t

Critical
 (df = 43) = 1.684.  

d ! 1.684
1

n
E

+
1

n
C

 
(EQ: 15) d ! 1.684 0286= 0.54 

d (from p) 

If the exact probability is provided, a more exact estimate of t can be substituted 
into Equation 13. 

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

Here we examine a situation that was encountered earlier for gain scores in Section 2. Without 
correction for the correlation between pretest and posttest, the d that results is higher than it is 
when the correlation is taken into account.  

Example 6.1: 

Smith, 1960) 
t = 3.2  n

E
= n

C
= 29 r = 0.58  

 

d 
Unadjusted by r d = t

2
n

 
Same as 
EQ: 13b d = 3.2

2
29

= 3.2(0.263) = 0.84 

 

d = t
2
n

(1! rXY )  (EQ: 16) d = 3.2
2

29
(1 ! 0.58) = 3.2 0.03 = 0.55  

d 
Adjusted by r 

d =
2t

n
1! rXY  (EQ: 17) d =

2(3.2)

2(29)
1! .058 = (0.84) 0.42 = 0.54  

In this case it might be advantageous 
(and conservative) to apply an 
estimated r = 0.50.  

d = 3.2
2
29

(0.50) = 3.2 0.034= 3.2(0.19) = 0.59 

Practically, it appears that applying an estimated r (even in the absence of empirical statistical 
data) provides a more conservative (and perhaps more accurate) estimate for d. 

7. Estimating Effect Size from a t-value Based on Gain Scores 

Example 7.1: 
Watson, 1988) 

tgain = 1.886 
nE = 17

nC = 19
 r = 0.85  
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d = tgain 2(1! rXY )
1

nE
+
1

nC

"

#$
%

&'
 (EQ: 18) 

d calculated from t-test 
on gain scores 

d = 1.886 2(1! .85)
1

17
+

1
19

"
#$

%
&'
= 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  

nE = 29

nC = 15
  

 

d (from 
between-
groups F-

ratio) 

d = F
1
n
E

+
1
n
C

!

"#
$

%&
 (EQ: 19) d = 3.17

1

29
+
1

15

!
"#

$
%&

= 0.32 = 0.57  

g (from 
between-
groups F-

ratio) 

g =
2 F

dfW
 (EQ: 20) g =

2 3.17

29+15! 2
=

3.56
6.48

= 0.55 

9. Estimating Effect Size from an F-ratio Based on Gain Score Means 

Example 
9.1: Berge, 

1990) 

F = 0.13

MSW = 11.66

dfW = 9

 n
1
= n

2
= n

3
= 4  

G1 = 2.92

G2 = 1.90

G3 = 2.01

 

 

d (from 
Within-

Groups F-
ratio) 

SD
W

= MS
W

 

d =
G

E
! G

C

SD
W

 
 (EQ: 21) 

SD
W
= 11.66= 3.41 

d =
2.92 ! 1.90
3.41

=
1.02

3.41
= 0.30  

10. Calculating Effect Size from ANCOVA on Between-Group Posttest 

Example 
10.1: Berge, 

1990) 

Fadj . = 5.02

dfB = 1

rXY = 0.85

 
nE =17

nC =15
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d = 2
Fadj.(1! rxy

2)(dfW ! 1)

(nE + nC )(dfW ! 2)
 (EQ: 22) d (from 

within-
groups 

ANCOVA) d = 2
5.02(1! 0.85

2
)(34 !1)

(17 +19)(34 ! 2)
= 2

45.97

1,152
= 0.40  

11. Estimating Effect Size from Multi-Factor ANOVA 

Example 
11.1: adapted 
from Smith, 

1960) 

Y
E
= 26.49

Y
C
= 24.72

 FA = 3.30  

SSB = 0.04,df = 1

SSAxB = 16.94,df = 1

SSW = 315.47,df = 45

 

 

For Between-Group Designs: 

 SDpooled =
SSB + SSAxB + SSW
dfB + dfAxB + dfW

 
(EQ: 23) 

SDpooled =
0.04 +16.74 + 315.47

1+1+ 45
= 7.09 = 2.65  

d =
YE ! YC

SDPooled

=
26.49 ! 24.72

2.65
= 0.67  

For Within-Group Designs: 

 SDpooled =
SSS + SSAxS

dfS + dfAxS

 
 (EQ: 24) 

For Mixed Designs: 

SDpooled =
SSB + SSS(B) + SSAxB + SSAS(B)

dfB + dfS(B) + dfAxB + dfAS(B)

 
 (EQ: 25) 

For Between-Group Designs:  

SDW =
SSW

N ! 2
 

(EQ: 26) 

d (from Multi-Factor 
ANOVA) 

SD
W
=

315.67

49 ! 2
= 6.71 = 2.59  
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d =

YE ! YC

SDPooled

=
26.49! 24.72

2.59
= 0.68 

 

Example 
11.2: adapted 
from Smith, 

1960) 

SSA = 15.78,df = 1

SSB = 48.77,df = 1

SSAxB = 0.10,df = 1

SSW = 121.35,df = 32

 
n
E
= 17

n
C
= 19

 
Correlation for the 

covariate: 

RXY = 0.85 

 

SSBalance = SSW ! SSTreatments  

d = ±
SS

A

SS
Balance

(N ! 2)
1
n
E

+
1
n
C

"

#$
%

&'
 

d
Corrected

= 1! R2
XY

  

(EQ: 27) 

d for Multi-Factor 
ANCOVA (from Watson, 

1988) SSBalance = 48.77+ 0.10+121.21= 170.22 

d = ±
15.78

170.22
(36 ! 2)

1

17
+
1

19

"
#$

%
&'

= 0.63  

dCorrected = 0.63 1! 0.852 = 0.63 0.2775= 0.33 

12. Calculating Effect Sizes for Correlations 

Data from correlational designs can be converted directly to d using Equation 28. 

Example 12.1: 
from Webb, 1982) 

rXY = 0.22

N = 77
 

 

d =
2r

XY

1! r
XY

2
 (EQ: 28) 

d (for paired 
correlational data) 

d =
2(0.22)

0.95
=

0.44
0.97

= 0.45 
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Example 12.2: 
adapted from 
Glass, 1984) 

rpq = 0.728

nE =10

nC =17

 

 

When n1 = n2: 

d =
N ! 2

N

"

#$
%

&'
2rpq

1! rpq
2

"

#
$
$

%

&
'
'

 (EQ: 29) 

 d =
25
27

!

"#
$

%&
1.46

2.04
!
"#

$
%&

= 0.71 d (for intraclass 
correlational data) 

When n1 " n2: 

d =
rXY

pq 1! rpq
2

 Where p is the proportion of n1 

to N and q is the proportion of n2 to N. 

(EQ: 30) 

13. Estimating Effect Sizes from Proportion Data (! 2) 

Example 
13.1: 

! 2 = 4.0

p < 0.05

nE = nC = 50

 

Direction is positive (+). 

 

rXY =
! 2

! 2 + N
 

 

(EQ: 31) rXY =
4.0

4.0+100
= .20 

d (for ! 2 
data) 

d =
2rXY

1! rXY
2

 (Same as 
EQ-28) 

d =
2(0.20)

1! 0.202
= 0.40 

d (! 2 
equivalent 

to t 

Equate "  of ! 2 to "  of t. 

d = ±t
1

n
E
+ n

C

 Note: 

Information about direction of 
effect is required. 

(EQ: 32) 

When p < 0.05, t is at least 1.96. 

d = 1.96
1
50

+
1
50

= 0.392 
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14. Estimating Effect Sizes from Proportions 

Example 
13.2: 

P
E

= 0.60

P
C

= 0.40

n
E

= n
C

= 50

 

 

z=
PE ! PC

pq
1
nE

+
1
nC

"
#$

%
&'

where,

p =
PE + PC

2
q = 1! p

d = z
1
n
E

+
1
n
C

 

 (EQ: 33) 

z=
0.60! 0.40

(0.50)(0.50)
1
50

+
1
50

"
#$

%
&'

=
0.20

0.25(0.04)
= 2.0 

d = 2.0
1
50

+
1
50

= 2.0 0.04 = 0.40 
d from 

raw 
proporti

ons 

d =
PE ! PC

pq

where,

p =
PE + PC

2

q =1! p

 (EQ: 34) 

p =
0.60 + 0.40

2
= 0.50

q =1! 0.50 = 0.50

d =
0.60 ! .040

(0.50)(0.50)
=
0.20

0.25
= 0.50

 

Other  Data that can be Coded Along with Effect Size 

The Effect Size 

 ¥ Data from which the ES is calculated 

 ¥ Confidence in ES calculation 

 ¥ Method of calculation of effect size 

 ¥ Any additional data needed for calculation of the inverse variance weight 

 ¥ Sign of the effect size 

Sample Size 

ES specific attrition 

Research Design 

Construct measured 

Point in time when variable measured 

Reliability of measure 
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Type of statistical test used 

PART 3: Synthesizing Effect Sizes 

Example: Meta-Analysis of Interventions Affecting Learning Cr itical Thinking Skills 
The data used in this example is a set of effect sizes randomly selected from 163 effect sizes that 
represent the standardized mean difference between an experimental group (Critical Thinking 
Teaching Intervention) and a control group. Table 10 is the distribution of 25 effect sizes 
(HedgesÕ g), the sample sizes of the experimental and control conditions and 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-posttest 

1) Calculated from Inferential Statistics 2) Two-group posttest only (non-randomized) 

2) Estimated from Probabilities 
3) Two-group pretest-posttest (non-
randomized) 

 4) Two-group posttest only (randomized) 

 5) Two-group pretest-posttest (randomized) 

Table 10. Data (25 cases selected randomly) for the critical thinking meta-analysis. 

Case 
N of 

Experimental N of Control Hedges g ES_EXT RCH_DES* 

1 34 34 2.44 0 1 
2 136 62 2.31 0 3 
3 24 25 1.38 2 5 
4 42 42 1.17 2 1 
5 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 0.63 0 3 
10 76 76 0.60 2 1 
11 24 24 0.58 2 2 
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, Ns for experimental and control are equal. 

Calculating the Standard Error and Variance for Each Effect Size 

The standard error of g is the variability that is predicted when many samples of the same size 
are drawn form the population. More simply stated, it is the standard deviation of the sampling 
distribution of standardized mean differences. Standard error is calculated in between-group 
designs and within-group designs (one-group, pretest-posttest designs) using Equation 35. 

ö! g =
1
ne

+
1
nc

+
g2

2(ne + nc)
1"

3
4(ne + nc) " 9

#

$%
&

'(
 (EQ: 35) 

The first study is a one-group pretest-posttest design with equal sample sizes for the pretest and 
posttest and so the standard error is: 

ö! g =
1
34

+
1
34

+
2.442

2(34+ 34)
1"

3
4(34+ 34) " 9

#
$%

&
'(

= 0.22 

The second study is a between-groups design with different sample sizes in the experimental and 
control conditions and the standard error is: 

ˆ!
g

=
1

136
+
1

62
+

2.31
2

2(136 + 62)
1 "

3

4(136 + 62) " 9
#
$%

&
'(

= 0.17  

The variance is calculated for the first study simply by squaring the standard error. 

ö! 2
g = (0.22)2 = 0.05 

Calculating the Weight for Each Individual Effect Size 

Since each studyÕs g is associated with a different sample size, g is weighted to reflect the greater 
or lesser contribution of each studyÕs sample. Large studies are weighted more heavily than 
smaller studies. A weight is found by finding the reciprocal of the variance, thus: 
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2ö
1

!
=

i
w  (EQ: 36) 

The weight for the first study is: 

w1 =
1

0.05
! 20.00 

A 95th confidence interval (i.e., lower and upper limits) is constructed using the following 
equations: 
 

C.I . = g ± (1.96 ! "̂ i )  (EQ: 37) 

 
The upper and lower limits for the first study are calculated as such: 

Lower = 2.44! (1.96"0.22) # 2.00

Upper = 2.44+ (1.96"0.22) # 2.88
 

Calculating a z-test for individual Effect Sizes 

The test statistic z is used to test the effect size for significance using the following equation: 
 

zg =
gi
ˆ! i

 (EQ: 38) 

This equation yields the following z-value for the first study: 

z1 =
2.44
0.22

= 10.89 

In the Unit Normal Distribution Table, a two-tailed z of 7.39 lies beyond the level of p = 0.0001, 
so this effect size is considered 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 the distribution of 25 effect sizes and the statistical 
information related to each effect size.   
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Table 11. Statistics for each effect size in the critical thinking study. 

HedgesÕ 
g 

Standard 
Error 
( ˆ! g ) 

Variance 
( ö! 2

g ) 

95th 
Lower 
Limit 

95th Upper 
Limit 

z-Value p-Value 
Weights 

( wi ) 

Weighted 
g 

(wi )(gi )  

2.44 0.22 0.05 2.00 2.88 10.89 0.00 19.94 48.65 
2.31 0.17 0.03 1.98 2.64 13.59 0.00 34.60 79.93 
1.38 0.30 0.09 0.79 1.97 4.60 0.00 11.11 15.33 
1.17 0.19 0.04 0.80 1.54 6.16 0.00 27.70 32.41 
0.88 0.17 0.03 0.55 1.21 5.18 0.00 34.60 30.45 
0.81 0.12 0.01 0.57 1.05 6.75 0.00 69.44 56.25 
0.80 0.08 0.01 0.64 0.96 10.00 0.00 156.25 125.00 
0.68 0.18 0.03 0.33 1.03 3.78 0.00 30.86 20.99 
0.63 0.51 0.26 -0.37 1.63 1.24 0.22 3.84 2.42 
0.60 0.13 0.02 0.35 0.85 4.62 0.00 59.17 35.50 
0.58 0.29 0.08 0.01 1.15 2.00 0.05 11.89 6.90 
0.32 0.11 0.01 0.10 0.54 2.91 0.00 82.64 26.45 
0.25 0.08 0.01 0.09 0.41 3.13 0.00 156.25 39.06 
0.24 0.20 0.04 -0.15 0.63 1.20 0.23 25.00 6.00 
0.24 0.15 0.02 -0.05 0.53 1.60 0.11 44.44 10.67 
0.19 0.12 0.01 -0.05 0.43 1.58 0.11 69.44 13.19 
0.11 0.12 0.01 -0.13 0.35 0.92 0.36 69.44 7.64 
0.09 0.08 0.01 -0.07 0.25 1.13 0.26 156.25 14.06 
0.02 0.24 0.06 -0.45 0.49 0.08 0.93 17.36 0.35 
0.02 0.17 0.03 -0.31 0.35 0.12 0.91 34.60 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 17.36 -1.91 
-0.11 0.28 0.08 -0.66 0.44 -0.39 0.69 12.76 -1.40 
-0.18 0.22 0.05 -0.61 0.25 -0.82 0.41 20.66 -3.72 
-0.30 0.06 0.00 -0.42 -0.18 -5.00 0.00 277.78 -83.33 

0.330 0.03 0.00 0.28 0.38 12.62 0.00 1458.21* 481.87* 
Note: *These values are sums. 

The distribution shown in Figure 2 was generated in Comprehensive Meta-Analysis (Biostat, 
2006) along with a Forest Plot of the effect sizes. The lines surrounding each effect size 
represent the 95th Confidence Interval for each effect size. Notice that the intervals that pass over 
zero (0) are not significant according to the z-test. Also notice the larger dots representing means. 
These studies have small standard errors (larger sample sizes). 
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Figure 2. Effect size statistics and Forest Plot generated in Comprehensive Meta-Analysis 

 
Calculating the Mean Effect Size (g+) 

The mean of g (g+) is found by dividing the sum of the weighted effect sizes by the sum of the 
weights. This is shown in Equation 39. 

g+ =
(wi ) gi( )

i=1

k

!

wi

i=1

k

!
 (EQ: 39) 

From the last two columns of Table 11, we divide the sum of the weighted g by the sum of the 
weights to obtain: 

g+ =
481.87

1458.21
= 0.330  

The mean of the distribution of effect sizes, then is 0.3474 or 0.35. This is considered a moderate 
effect size, according to CohenÕs criteria. It say that, on average, the treatment group or the 
intervention group outperformed the mean of the control group by 62.93% and that the 
participants at the median of the treatment group outperformed participants at the median of the 
control group by 12.93% (i.e., 62.93% Ð 50% = 12.93%). 
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Calculating the Variance and the Standard Error of g+ 

Next, we find the variance of effect size distribution by finding the reciprocal of the sum of the 
weights (Equation 40a). The standard error of the mean is found by finding the square root of the 
variance (40b) 

ö! 2
g+ =

1
ö! 2

i =1

k

"#
$%

&
'(

) 1

=
1

1
ö! 2

i =1

k

"
=

1

wi
i =1

k

"
 

2öö !! =
+g  

(EQ: 40a & 40b) 

 

ö! 2
g+ =

1
1458.21

= 0.0007

ö!
g+ = 0.00= 0.0265

 

 

Calculating the Lower and Upper Limits of the 95th Confidence Interval 

The variance is 0.0007 and the standard error is 0.065. From this we can calculate the lower and 
upper limits of the 95th confidence interval (C.I.). This is accomplished by adding g+ to 

±1.96(!̂ 2
) . Remember that ö! g+ = ö! 2 or the standard error. 

Lower = g + ! 1.96( ö" )

Upper = g + +1.96( ö" )
 (EQ: 41a & 41b) 

 

Lower = 0.347! 1.96(0.0265) = 0.28

Upper = 0.347+1.96(0.0265) = 0.38
 

Calculating a z-test for g+ 

The lower and upper limits of C.I. for g+ do not contain zero (0) (i.e., they are both positive) and 
the average effect size of 0.347 is significant. Calculating a z and testing it on the Unit Normal 
Distribution further confirm this.  

z
g+ =

g +
ö!
g+

 (EQ: 42) 
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zg+ =
0.330

0.0265
! 12.62  

A calculated z-value of 12.99 lies far beyond the z criterion of z = 3.10 at "  = 0.001. So we reject 
the null hypothesis that g+ = 0. 

These findings are summarized in Table 12a. 

Table 12a. Summary of the Findings 
 Effect size and 95% confidence interval Test of null (2-Tail) 

k 
Point 

estimate 
Standard 

error Variance 
Lower 
limit 

Upper 
limit z-value p-value 

25 0.33 0.03 0.00 0.28 0.38 12.62 0.00 

Calculating the Heterogeneity Statistic Q 

Now we are interested in testing the distribution of effect size for heterogeneity of effect size. 
The Q-statistic is used for this and is tested with the sampling distribution of ! 2 with p Ð 1 
degrees of freedom. Q is calculated using Equation 9. Each deviation of g from g+ is squared and 
divided by its individual variance. These values are then summed. 

Q =
(g ! g+)2

ö" 2
gi=1

k

#  (EQ: 43) 

 

QTotal =
(2.44! 0.330)2)

0.11
+

(2.31! 0.330)2

0.03
+ ...

(! 0.18! 0.330)2

0.22
+

(! 0.30! 0.330)2

0.07
= 469.54 

The sum of 469.54 is tested using ! 2 (! 2
critical [df = 24] = 36.42) and is found to be statistically 

significant. This result is shown in Table 12b. 
 
Table 12b. Heterogeneity Analysis 

Q-value df (Q) P-value 

469.54 24 0.000 

This finding tells us that the distribution is significantly heterogeneous and that the g+ of 0.330 is 
not a good fit for the distribution. In other words, there are many places in the distribution that 
are equally good representations of the average effect size. However, it signal that there is a large 
amount of unexplained variation in the distribution and that we can proceed to examine the 
influences of moderator variables in an attempt to explain this variation. 
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PART 4: Moderator Var iable (Study Feature) Analysis and Meta-Regression 

Conducting Moderator Variable Analysis 

Moderator variable analysis follows the finding of heterogeneity of effect size (i.e., significant 
QTotal). If homogeneity is established, the analysis stops at that point because all of the available 
variability has been explained. This, in a sense, is analogous to the finding in factorial ANOVA of 
Òno significant interaction.Ó Figure 3 depicts the difference between a homogeneous and a 
heterogeneous distribution of effect sizes. The gray area in Distribution 2 is variability, not 
contained in Distribution that is available to be explained through moderator analysis or meta-
regression. Note that in a homogeneous distribution the mean provides a good ÒfitÓ to the data, 
while in a heterogeneous distribution the location of the population mean remains unknown.  

Figure 2. Comparison between a homogeneous distribution and a heterogeneous distribution. 
 

 

In this example, two coded study features, ÒTypes of Research DesignsÓ and ÒExtraction Method 
UsedÓ are explored as moderator variables. Table 13a shows the results of the first analysis of 
research designs. Although the means vary somewhat, as a group they are not significantly 
different. 

Table 13b shows the test for heterogeneity for each individual mean, and at the bottom, QTotal is 
partitioned into QWithin and QBetween. Both components are heterogeneous and significant, when 
tested using the ! 2 distribution. The difference between the significant non-parametric ! 2 test in 
Table 13a and the parametric F-ratio in Table 13b is that ! 2 is not based on a ratio of explained 
and unexplained variation, as is the F-test. However, the important point is that considerable 
variance is left unexplained, so that the interpretation is that ÒResearch Design,Ó while 
accounting for a significant component of variation, is not explanatory enough. But research 
design is only one of several study features that could be coded to help explain methodological 
quality. As well, other substantive study features might add explanatory value.  

g+ 

Distribution1:  
Homogeneous  

Distribution 2: 
Heterogeneous  

Gray shaded area is 
variation left to be 
explained by 
moderators. 

No variation 
left to be 
explained by 
moderators. 
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Table 13a. Moderator variable analysis for Type of Research Design 

Effect size and 95% confidence interval Test of null 
Groups 

k g+ ö!  ˆ! 2  
Lower 
limit 

Upper 
limit z-value p-value 

One-group, pre-post 11.00 0.25 0.03 0.00 0.19 0.31 8.41 0.00 

Two-group, post only  
(non-random) 

3.00 0.25 0.12 0.01 0.02 0.48 2.12 0.03 

Two-group, pre-post  
(non-random) 

7.00 0.81 0.07 0.00 0.68 0.95 11.89 0.00 

Two-group, post only  
(random) 

2.00 -0.15 0.16 0.03 -0.47 0.17 -0.91 0.36 

Two-group, pre-post  
(random) 

2.00 0.55 0.19 0.04 0.18 0.92 2.94 0.00 

Overall 25 0.33 0.03 0.00 0.28 0.38 12.62 0.00 

Table 13b. Heterogeneity analysis for Type of Research Design. 

Heterogeneity 
Group 

Q-value df (Q) p-value 

One-group, pre-post 269.32 10 0.00 

Two-group, post only (non-random) 2.08 2 0.35 

Two-group, pre-post (non-random) 118.66 6 0.00 

Two-group, post only (random) 0.05 1 0.83 

Two-group, pre-post (random) 12.53 1 0.00 

Total within 402.64 20.00 0.00 

Total between 66.90 4.00 0.00 

Overall 469.54 24.00 0.00 

The findings for Method of ES Extraction are essentially the same as for Research Design (Table 
14a). The means vary somewhat, but not significantly. The heterogeneity analysis reveals that 
while the set of means account for a significant component of variation (QBetween), they do not 
account for enough variability in g to lead to homogeneity (QWithin).   
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Table 14a. Moderator analysis for Method of ES Extraction 

Effect size and 95% confidence interval Test of null 
Groups 

k g+*  !̂  ö! 2  
Lower 
limit 

Upper 
limit z-value p-value 

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 values 7 0.63 0.06 0.00 0.50 0.75 9.81 0.00 

Overall 25 0.33 0.03 0.00 0.28 0.38 12.62 0.00 

Table 14b. Heterogeneity analysis for  

Heterogeneity 
Groups 

Q-value df (Q) p-value 

Descriptive Statistics 404.56 14 0.00 

Inferential Statistics 0.97 2 0.62 

Estimated from p values 36.97 6 0.00 

Total within 442.50 22 0.00 

Total between 27.04 2 0.00 

Overall 469.54 24 0.00 

It should be noted that part of these analyses could have been conducted in SPSS using the 
weighting function. While the weighted means per group are the same as in CMA, the standard 
errors are not. 

Conducting Meta-Regression 

Meta-regression is the abbreviated name for Weighted Least Squares Regression (either simple 
or multiple). It is based on the same statistical principles as standard regression and shares its 
purpose as a tool for modeling factors related to the outcome variable (in this case effect sizes). 
Although dummy coding can be used in regression to test for the significance of moderator 
variables (i.e., preceding section), its unique contribution is when study feature codes are treated 
as quasi-continuous predictor variables (Note: Of course true continuous variables, such as year 
of publication, can also be used). In the case of simple regression, there is one predictor variable 
and one outcome variable. We will examine two computer outputs for regression. The first is 
weighted simple linear regression produced in Comprehensive Meta-Analysis (Biostat, 2006, 
Version 2.2.027 for Windows), a dedicated meta-analysis software. The second is weighted 
multiple regression output produced with the general SPSS package (Version 11.0.4 for 
Macintosh OS). 
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Comprehensive Meta-Analysis (Simple Linear Regression) 

In our CMA example (Tables 15a and b), ÒType of Research DesignÓ is the predictor and 
Òvalues or gÓ is the outcome. Since in this form of regression, we are dealing with samples and 
not individual participants, g must be weighted to reflect the differential sample size. This is the 
same inverse variance weight (wi) that was used earlier in the calculation of g+. 

Table 15a shows the results of the regression analysis and Table 5b shows the results of the 
heterogeneity analysis. Slope in the output is the simple regression coefficient (#) indicating the 
strength of the relationship. Intercept is the point on the Y-axis that the regression line passes 
through. The standard error of # is the standard deviation of the sampling distribution of slopes 
and the lower and upper limits of the 95th confidence interval of # tell us whether the slope falls 
within these limits. Confidence limits can tell us if the slope (i.e., Type of Research Design) is a 
significant predictor of g (effect size). Since the interval does not contain zero (0), we reject the 
null hypothesis that # = 0. The z-test provides the same information, but in true hypothesis 
testing terms. If the z-value exceeds the critical value of z = 1.96, the hypothesis of # = 0 is 
rejected. A regression equation can then be written to express the relationship between g and the 
predictor. The general form of the regression equation is: 

!g = a + "
1
X  

where g& is a predicted value of g, # is the slope and 

X is a value of Type of Research Design. 

(EQ: 44) 

Thus the regression equation is: 

!g = 0.14 + 0.13X  

Table 15a. Simple linear regression analysis produced in CMA. 

 
Point 

Estimate 
Standard 

Error 
Lower 
limit 

Upper 
limit z-value p-value 

Slope 0.13 0.03 0.07 0.18 4.64 0.00 

Intercept 0.14 0.05 0.05 0.24 2.94 0.00 

Table 15b shows the results of a test for heterogeneity of effect size, where QTotal is partitioned 
into QRegression and QResidual (referred to as Model and Residual in CMA). This is analogous to 
ANOVA in standard regression output, but the three terms are tested with the ! 2 distribution with 
1, 23 and 24 degrees of freedom. We have already the test of QTotal in an earlier section. The test 
of QRegression tells us that Type of Research Design is a significant predictor of g. The test of 
QResidual tells us whether there the variability remaining is significant. From the table, it is clear 
that the variance accounted for in QRegression is significant (something we already knew from 
Table Xa) and that QResidual is also significant, indicating that considerable variability remains in 
values of g.  
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Table 15b. Heterogeneity statistics produced in CMA. 
 Q df p-value 

Model 21.57 1 0.00 

Residual 447.96 23 0.00 

Total 469.54 24 0.00 
 
Figure 4. Scatterplot produced in CMA. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
SPSS (Multiple Regression) 

Meta-regression, both simple and multiple, can be produced in SPSS. Unlike CMA, where the 
inverse variance weighting is done automatically, in SPSS the weighting must be explicitly 
applied in Linear Regression. It can also be done globally through the Weight Cases dialogue 
box, but this produces inaccurate sample sizes. In this example of SPSS, we are running 
hierarchical multiple regression, with the two predictors, Research Design and Extraction 
Method. Research Design is entered first, followed by Extraction Method. The results on the first 
entry should match the results achieved in CMA. The second will not because CMA is limited to 
simple multiple regression. 

Table 16a and b contain the two-part output that SPSS gives. First letÕs look at the test of 
heterogeneity (called ANOVA in SPSS) (Table 16a). Note that there are two blocks (Models), one 
containing the first variable entered and the second containing both variables. The weighted total 
sum of squares is the same as QTotal. Likewise, SSBetween and SSWithing are the same as Q between 
and within. The degrees of freedom are the same. However, the mean square in Regression is not 
used, and is therefore not included in Table 16a. The MS residual is used for another purpose, as 
we will see later on, and so is retained in Table 16b. The test of significance is based on the ! 2 
distribution at the degrees of freedom listed in the table. In this case, the Regression and 
Regression terms are significant, indicating that Model 2 (with two predictors) significantly 

Regression of ResDesNum on Hedges's g

ResDesNum

H
e
d
g
e
s
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g

0.60 1.08 1.56 2.04 2.52 3.00 3.48 3.96 4.44 4.92 5.40

3.00

2.66

2.32

1.98

1.64

1.30

0.96

0.62

0.28

-0.06

-0.40
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predicts levels of g and that there is still a significant amount of variability left over .In other 
words, these two predictors do not account for enough variability to reach homogeneity. Clearly, 
there are other study features that need to be investigated. 

Table 16a. Heterogeneity analysis produced in SPSS linear regression. 

Model Source of Variation SS (Q) df p MS MSError  

1 Regression 21.57 1 0.00   

 Residual (Error) 447.97 23 0.00 19.48 4.42 

 Total 469.54 24    

2 Regression 29.49 2 0.00   

 Residual (Error) 440.05 22 0.00 20.00 4.47 

 Total 469.54 24       

The # coefficients for the slope of the predictor (Research Method Used) and its y-intercept 
(called Constant in SPSS) on the first entry are the same as CMA. However, there are several 
corrections to the SPSS output that are necessary for it to match CMA (Hedges & Olkin, 1985). 
The first and most important one is to the standard error, since it affects the others. The standard 
error ( ö! " ) is incorrect by a factor of MSResidual , so dividing the unadjusted SE by the square 

root of MSResidual (this term is also referred to as the within-groups or pooled standard deviation 
in ANOVA) produces the correct value for the SE (see Equation 45). 
 

!̂ B(Adjusted) =
!̂ " (Unadjusted)

MSError

 (EQ: 45)  

The confidence intervals must also be adjusted to reflect the new SE. This is shown in Equation 
45a and b. 

Lower = ! i " 1.96( ö# ! (Adjusted ) )

Upper = ! i +1.96( ö# ! (Adjusted )
 (EQ: 46a and 46b) 

Likewise, the t-value is incorrect an must be changed to a z-value using Equation 47. 

z =
! 1

ö" ! (Adjusted )

                                                                   (EQ: 47) 

Notice in Table 16b, that the output for Model 1 matches the results obtained through CMA 
(Table 15a). These adjustments are also made to the SE in Model 2, using the MSResidual from 
Model 2 in Table 16a. The results indicate that both Type of Research Design and Extraction 
Method Used are significant predictors of g. SPSS also produce the multiple correlation and its 
square (R and R2). The R2, in particular is useful in interpreting these results. For Model 2, R = 



Extracting Effect Sizes for Meta-Analysis 37 

0.251 and R2 = 0.063, accounting for only 6.3% of the variance in g. In another study, Bernard et 
al. (2004) accounted for as much as 50% of the variance in g with a block of eight 
methodological predictors. 
 
Table 16b. Weighted multiple regression produced in SPSS Linear Regression. 

       Models !  SE ö! B(Adjusted )  
95th 

Lower 
95th 

Upper 
z p 

       (Constant) 0.14 0.21 0.05 0.05 0.24 2.94 0.00 

       1 Type of Research 
Design 0.13 0.12 0.03 0.07 0.18 4.67 0.00 

       (Constant) 0.12 0.22 0.05 0.03 0.22 2.47 0.00 

       Type of Research 
Design 0.11 0.13 0.03 0.05 0.16 3.68 0.00 

       

2 

ES Extraction Method 0.10 0.16 0.04 0.03 0.17 2.77 0.00 

PART 5: Publication Bias and Sensitivity Analysis 

After a meta-analysis has been completed, it is useful to investigate how robust the findings are 
to a variety of influences. One of these influences is called publication bias and has to do with 
the completeness of the literature search. The influences of outliers are investigated through a 
statistical technique called sensitivity analysis. 

Publication Bias 

Publication bias is sometimes called the Òfile drawer problemÓ (Rosenthal, 1979) because it 
concerns whether there are undiscovered studies still remaining in the literature that would 
adversely affect or change the findings of the current studyÑ studies still in the file drawers of 
researchers. The most extreme version of this problem would result if only 1 out of 20 studies 
conducted was published and the remaining 19 studies were located in researchers' file drawers. 
If there were no influences due to publication selection, that is the effects of missed literature 
were random, then there would be no bias. Bias occurs when the effect is not random; when it 
systematically influences the outcomes of a meta-analysis. The usual reason given for 
publication is that the least difficult literature to obtain, journal articles, has a built-in bias 
towards significant results that support the researcherÕs hypotheses (e.g., Greenwald, 1975). 
Conversely, the most difficult to obtain, sometimes called the Ògrey literatureÓ or the 
unpublished literature, contain studies of no significant difference findings or outcomes that are 
contrary to the researcherÕs expectations or that go against the established findings in a field of 
study. Even in the published literature, it is arguable that the more prestigious the journal is, the 
greater the bias there is in results obtained from it. This, of course, can be coded as a study 
feature and investigated. 

Publication bias can be investigated through a number of statistical techniques (e.g., fail-safe N), 
but it is often done so graphically, through the use of a funnel plot. First introduced by Light & 
Pillemer (1984), a funnel plot is really just a special form of scatterplot, with effect size 
represented on one axis and sample size on the other (it doesnÕt matter which). The standard 
error of effect size, a reflection of sample size, is often used in place of raw sample sizes. 
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Symmetry of the funnel plot indicates that publication bias is likely not present. That is, studies 
of relative the same standard error group equally around the mean of the distribution. The 
distribution represented in Figure 5 is fairly symmetrical, except for two studies with large 
positive effect sizes and one study with a moderate g but with a large sample size. Through a 
visual inspection of Figure 5, it appears that there is positive bias. Remember, however that this 
is a fractional sample of a much larger study and so these results may not be indicative of the 
overall results. 

Figure 5. Funnel plot of CT meta-analysis outcomes. 

 

 

 

 

 

 

 

 

 

 

 

Sensitivity Analysis 

Sensitivity analysis seeks to answer additional questions related to the robustness of a meta-
analysis. We have already addressed approaches to moderator analysis in regards to research 
design and methodology and effect size extraction, which can inform a sensitivity analysis. 
Additional issues may relate to the quality and consistency of measures, fidelity of the treatment, 
etc. While a Òone study removed analysisÓ (Table 17) does not pinpoint the exact reasons  for 
inconsistency across studies, it does indicate whether inconsistency results. One study removed 
analysis is the equivalent of Òone item removed in reliability analysis. The question being 
addressed in Òone study removedÓ is: ÒWhat happens to g+ when each study is systematically 
removedÓ?  

Table 17 shows the output that CMA provides and Figure 6 shows this graphically. Notice that 
the removal of Study 7 and Study 25 greatly influences g+, in opposite directions. Examination  
of Table 11 reveals that there are actually four studies with unusually high weights (w): Studies 
7, 13, 18 and 28. These are the studies with the largest sample sizes, 222, 180, 166 and 214, 
respectively. They are also all one-group pretest-posttest designs. Table 18 summarizes their 
influence on the #wi (QTotal). Clearly, all four of these studies have outlying weights, but in 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 the largest contributors to fluctuation in g+. What 
about these studies are aberrant, besides their large sample sizes. We might discover this if we 
went back to the original reports. Without access to additional information, these two studies 
might represent good candidates for removal as outliers. 

Table 17. Statistics with one study removed. 
Study Point SE Variance Lower limit Upper limit z-Value p-Value 
1.00 0.30 0.03 0.00 0.25 0.35 11.42 0.00 
2.00 0.28 0.03 0.00 0.23 0.33 10.65 0.00 
3.00 0.32 0.03 0.00 0.27 0.37 12.26 0.00 
4.00 0.31 0.03 0.00 0.26 0.37 11.88 0.00 
5.00 0.32 0.03 0.00 0.27 0.37 11.96 0.00 
6.00 0.31 0.03 0.00 0.25 0.36 11.42 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 12.20 0.00 
9.00 0.33 0.03 0.00 0.28 0.38 12.57 0.00 
10.00 0.32 0.03 0.00 0.27 0.37 11.93 0.00 
11.00 0.33 0.03 0.00 0.28 0.38 12.49 0.00 
12.00 0.33 0.03 0.00 0.28 0.38 12.28 0.00 
13.00 0.34 0.03 0.00 0.29 0.39 12.27 0.00 
14.00 0.33 0.03 0.00 0.28 0.38 12.57 0.00 
15.00 0.33 0.03 0.00 0.28 0.39 12.53 0.00 
16.00 0.34 0.03 0.00 0.28 0.39 12.58 0.00 
17.00 0.34 0.03 0.00 0.29 0.39 12.73 0.00 
18.00 0.36 0.03 0.00 0.30 0.41 12.96 0.00 
20.00 0.33 0.03 0.00 0.28 0.39 12.69 0.00 
19.00 0.34 0.03 0.00 0.29 0.39 12.75 0.00 
21.00 0.33 0.03 0.00 0.28 0.39 12.68 0.00 
22.00 0.34 0.03 0.00 0.28 0.39 12.74 0.00 
23.00 0.33 0.03 0.00 0.28 0.39 12.71 0.00 
24.00 0.34 0.03 0.00 0.29 0.39 12.81 0.00 
25.00 0.48 0.03 0.00 0.42 0.54 16.45 0.00 
Total 0.33 0.03 0.00 0.28 0.38 12.62 0.00 
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Figure 6. Graph of one study removed distribution. 

 

Table 18: The influence of four studies on the outcome of the meta-analysis. 
Studies with 

High   
Weighted g+ 

g g+ 
g+ with 
study 

removed 
Difference (w) (g)(w) 

%* 
Influence 

    Study 7 0.80 0.330 0.27 -0.06 156.25 125.00 25.9 

Study 13 0.25 0.330 0.34 +0.04 156.25 39.09 8.1 

Study 18 0.02 0.330 0.36 +0.06 156.25 14.06 2.9 

Study 25 -0.30 0.330 0.48 +0.15 277.78 -83.33 17.41 

Totals     746.53  54.31 
*% Influence = (g)(w)/481.87 (100) 

Conclusion 

At this point we would need to decide whether or not to remove the two outliers (studies 7 and 
25) indicated earlier. This is not an easy decision in this meta-analysis because they represent 
2/25 or 8% of the sample. The increase in the weighted mean after removal is from 0.33 to 0.43, 
not an inconsiderable gain. Although it is reduced considerably, the Q-statistic for the 23 studies 
is still significant. The only real way to decide is to go back to the original studies and determine 
if these two are enough like the others to be considered part of the population to which this meta-
analysis is intended to generalize. This, of course, is not a totally satisfying ending to this story, 
but it is not an uncommon ending. 
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