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ABSTRACT
Experiments that are run with few experimental subjects are often
considered not to be very reliable and deemed, as a result, to be
useless with a view to generating new knowledge. This belief is
not, however, entirely correct. Today we have tools, such as metaanalysis, that we can use to aggregate small-scale experiments
and output results that are equivalent to experiments run on large
samples that are therefore reliable. The application of metaanalysis can overcome some of the obstacles that we come up
against when running software engineering experiments (such as,
for example, the practitioner availability problem).
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1. INTRODUCTION
Suppose that a hypothetical Dr. Smith is a university researcher
working on testing techniques. Recently, Dr. Smith has read about
a new inspection technique A that looks as if it might outperform
other techniques, like, for example, technique B. And so, she
decides to run an empirical study to test this hypothesis. To do
this, she puts out a call for final-year BSc in Software
Engineering students to participate in the study. As a result of the
call, she manages to recruit 16 students, and 8 are trained in the
new technique and the other 8 in the pre-existing technique.
During the experiment, each group applies the respective
technique to the same program. She measures the number of
defects detected as the response variable. Table 1 shows the
results (aggregated by group).
Technique A
Means (Ye) = 12.000 defects
Standard Deviation (Se) = 2.673

Technique B
Means (Yc) = 11.125 defects
Standard Deviation (Sc) = 2.800

Table 1: Results of the experimental study by Dr. Smith
Based on these values, Dr. Smith runs a hypothesis test (a t-test
assuming variances to be equal) with α = 0.05. This test returns a
p-value of 0.53. Therefore, technique A cannot be said to perform
better than B.
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Although the results are not promising, Dr. Smith decides to go
ahead with their publication in the hope that the experiment will
be replicated and the aggregation of data will better explain the
comparison between A and B. Dr. Smith submits the paper and, at
the end of the review process, receives the following assessment.
Originality:

Neutral

Importance:

Strong Reject

Overall:

Reject

Detailed
comments:

Your paper is interesting but has two major
pitfalls. First, it was developed with very few
experimental subjects (which, on top of this, are
not practitioners). Second, the study results are
not significant, meaning that it provides no useful
information.
Figure 1: Results of the paper review process

The above example, albeit fictitious, is representative of many
real pieces of empirical software engineering (ESE) research. On
the one hand, many researchers interpret hypothesis testing too
restrictively, focusing on whether or not the results are significant.
On the other hand, there is a tendency not to take experimental
studies that were built with students as evidence, as this research
is not considered to be extrapolable to real-world environments.
However, there is a shortage of subjects (be they practitioners or
students) that are willing to participate in experimental studies.
Additionally, the more subjects an experiment has, the more
costly it will be in terms of workload, infrastructure, etc., and this
can discourage researchers. On the other hand, the cost of
experiments run with fewer subjects is likely to be more
affordable. These factors clearly limit SE researchers’ prospects
of being able to generate new empirically validated knowledge.
Fortunately, there are some alternatives for exploiting the results
of small-scale studies. In this paper we will focus on one: metaanalysis. Essentially, meta-analysis is a statistical technique for
aggregating more than one study, thereby increasing the number
of experimental subjects involved in the hypothesis testing and
outputting more reliable results. In our research we have analyzed
whether meta-analysis [1] could be applied in ESE to combine the
results of several small-scale experiments, with the aim of
increasing the power of experiments with small samples.
We will proceed as follows. Section 2 will describe how sample
size affects hypothesis testing. In Section 3 we will outline how to
use meta-analysis to combine the results of more than one small
study and thus increase their power. Finally, Section 4 will
discuss whether meta-analysis is reliable when applied to ESE.
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It is more dangerous for an experiment to lead to the belief that
there actually is a difference between two tested techniques when
there really is none (error α) than to believe that there is no
difference (because none is observed in the experimental sample)
when there really is (error β). Therefore, the value of α is set at
extremely low values, such as 0.1, 0.05 or even 0.01 (10%, 5%
and 1%, respectively).
Unfortunately, α and β are not independent: according to
statistical theory, a hypothesis test is characterized by five factors
[3]: α, β, the mean difference d, the level of variation of the
response variable s (measured as the variance or standard
deviation) and the number of experimental subjects, or, to be
more precise, sample size, n. Equation 1 shows the relationship
between these factors1 [4], where z represents the typified normal
distribution,

z1− β

nd
=
− z1−α .
2 s

(1)

These five factors form a closed system. This means that an
increase or decrease in any one of the factors leads to increases or
decreases in the others. In practice, the factor that really is
affected is n, as type I (α) and type II (β) errors are set
beforehand, and both d and s are circumscribed by the
experimental context and cannot therefore be manipulated at
liberty by the researcher [5].
This is perhaps the most important, albeit not the only, reason
why experiments are required to have a large number of
experimental subjects. When the number of experimental subjects
is small and α is set at 0.05, β returns very high values.
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d and s are usually presented as a single factor d ÷ s, called effect.
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As Table 2 shows, α is the error associated with the alternative
hypothesis (H1: there is a difference between tested techniques)
being accepted when the null hypothesis (H0: there is no
difference between the tested techniques) holds for the
population, and β is the likelihood associated with the opposite
event.

The influence of the number of subjects on type II error is even
clearer if we look at how β decreases as more experimental
subjects join, all other factors being equal.
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Any statistical test is subject to two types of errors: α, or type I
error, and β, or type II error [2]. These errors occur due to the
uncertainty associated with estimating population parameters
(means and standard deviation) from a sample of the population.
Remember that an experiment observes what happens in a sample
(the subjects that tested the techniques) to estimate what happens
in a population (the reality of the tested techniques).

Let us go back to the example of Dr. Smith’s experiment.
Applying Equation 1 we get β = 0.83, that is, the test will detect
significant differences 17% of the time, whereas it will fail to do
so in 83% of the cases, even though they possibly do exist in the
population/reality (as in fact they do, see Table 2, row 1 and
column 2).

β

2. SAMPLE SIZE AND ITS
RELATIONSHIP TO TYPE I AND TYPE II
ERRORS

n

Figure 2: Decrease in type II error against the increase in n
It is usual practice to use the term reliability instead of α to refer
to type I error and statistical power instead of β to refer to type II
error. Reliability is calculated as 1 - α and power as 1 - β. For an
experiment to be considered reliable, it is usual to set type I error
at α = 0.05 (that is, a reliability of 0.95 or 95%) and type II error
at β = 0.2 (that is, a power of 0.8 or 80%).
As Figure 2 shows, Dr. Smith would have needed a total of 120
subjects (60 in each group) for her experiment to be considered
reliable.
Fortunately, there are several strategies designed to overcome the
problems of low power caused by the use of experiments that
have few experimental subjects. In this paper, we will look at
meta-analysis.

3. HOW TO EXPLOIT SMALL-SCALE
EXPERIMENTS
Meta-analysis is a statistical technique for combining the results
of more than one experiment developed previously to achieve a
greater statistical power than any of the individual experiments on
their own [5].
Although usually associated with medicine, the term metaanalysis as it is now known was developed in psychology.
In many cases of psychology, the treatments studied have very
small effects on experimental subjects, meaning, as illustrated in
Figure 2, that experiments need a very large sample size (usual
guidelines are around 150). In many cases, however, not that
many subjects are available for experiments and studies reporting
insignificant effects predominate over others that do detect
significant effects, as studies of low statistical power accumulate.
This was the way things were in psychotherapy, the specialized
field with which Dr. G.V. Glass, creator of meta-analysis as we
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The parallelisms with ESE, in respect of the potential contribution
of small studies, are evident. For example, suppose that Dr. Smith
published her paper on her laboratory web site. Later Dr. Thomas
visited the web site, found the experiment interesting and decided
to replicate it. In this case, Dr. Thomas managed to recruit no
more than eight advanced MSc in Software Engineering students,
four of which he assigned to each of the experimental groups. His
results are shown in Table 3.
Technique A
Means (Ye) = 13.000 defects
Standard Deviation (Se) = 1.800

The statistical power, however, has improved in part. Whereas Dr.
Smith’s and Dr. Thomas’ tests had a power of 0.17 and 0.11,
respectively, the meta-analysis achieved a power of 0.13. Note
that if it had been possible to use 8 + 4 = 12 subjects per group in
a single experiment, it would have been possible to achieve a
power of 0.22.
Using meta-analysis it is possible to gradually increase the
statistical power as more experiments are added. This way
experiments with a small sample size can supplement each other.
The more experiments (no matter how small the number of
subjects per experiment is) that are aggregated using metaanalysis, the more powerful the results and, consequently, the
greater the possibility of detecting false-negatives will be.
Suppose that there are three more replications of Dr. Smith’s
research, whose results are shown in Table 4 (note that they all
return insignificant results). Figure 4 charts how the power of the
meta-analysis increases as more of these studies are added.
In this example, even though the test fails to achieve the desired
power level of 80%, it does, in any case, manage to output
significant differences at a power of almost 57% (which is much
greater than the best experiment separately, estimated at 24%).
This is noteworthy, as the example was designed based on the fact
that the inspection technique efficiency actually IS different.
100
Statistical Power

know it today, was concerned. Using an argument very similar to
the one brandished in ESE today (small studies are useless),
psychotherapy was judged to be ineffective. Dr. Glass, who did
not agree with this interpretation, took a different road to
demonstrate his belief: instead of excluding studies (on the
grounds of their size or statistical significance), he tried to
consider as many studies as possible upon which to base his
findings. Looking back, the hardest thing was to find a way of
aligning the wide range of metrics used in the different
replications to measure the response variables [6]. Appendix I sets
out the technical details. The solution was to come up with what
is today the well-known concept of effect size, briefly mentioned
in Section 2. Effect size is a non-scalar measure calculated as the
difference between the treatment means divided by the pooled
standard deviation. After calculating the effect size of each
experiment, all Glass had to do was average the results of the
individual experiments to arrive at a global effect using a
procedure dating back to the mid-19th century [7]. This value
represents the effect that, theoretically, a single experiment
having a greater sample size and, consequently, a smaller type II
error than any of the original experiments would have achieved.
This way he demonstrated that psychotherapy was indeed
effective [8].

Technique B
Means (Yc) = 12.000 defects
Standard Deviation (Sc) = 1.700
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Table 3: Results of Dr. Thomas’ experimental study

In response to these questions, the sample size is still not big
enough to return significant results (there are only 12 subjects per
technique). Figure 3 (showing the statistical power of the metaanalysis for a population with an effect size 2 of 0.5 and α=0.05)
indicates that about 70 experimental subjects would be necessary
for a meta-analysis to achieve what is usually considered as a
discriminative statistical power (1-β = 0.8).
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Figure 3: Increase of the statistical power in a meta-analysis
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Dr. Thomas ran a t-test on these results (assuming variances to be
equal at α = 0.05) and also found insignificant differences (pvalue = 0.57). What would happen if these two studies were
combined using meta-analysis to achieve a new result? Would the
differences be significant? Would the test be more powerful?

40

Number of subjects per group

50
40
30
20
10
0
2

2

The example used throughout the article has an effect size of approximately 0.5. In
conformity with the guidelines, we have assigned the largest variances to the
experiments with the smallest sample sizes, which means that experiments have
effect sizes of different magnitudes. Equation 4 (described in Appendix I), for
example, can be used to calculate the effect size for the studies by Dr. Smith and Dr.
Thomas:

d = 0.870 *

13 − 12.250
= 0.369
1.768

12 − 11.125
d = 0.954 *
= 0.302
2.737

3

4

5

Num be r of e xpe rim e nts

Figure 4: Increase in the statistical power by accumulating
small-scale replications
3

N = number of subjects; M = mean; S = standard deviation; e = results linked to

the new technique; c = results linked to the perspective-based technique.

3

So far we have given an example of how meta-analysis can be
used to take advantage of studies with small sample sizes that,
separately, return results that are insignificant but, together, could
provide valuable evidence. The question now is, are these results
possible in the real world?

3.

Very true. One of the hypotheses underlying most
statistical techniques (including meta-analysis) is large
sample theory. This means that meta-analysis does not
achieve the levels of reliability and real power specified
levels by the theory unless it includes a high number of
subjects (typically 30). Fortunately, research conducted
recently has been able to reduce this number
considerably. Back in 1986, Larry V. Hedges (one of
the most influential researchers in the meta-analysis
world) demonstrated that meta-analysis techniques are
reliable as of 10 subjects per group [15]. Now, in even
worse conditions than set by Hedges, we have been able
to demonstrate using Monte Carlo simulations that
meta-analysis (specifically, its most popular variant
WMD, see Appendix I) is reliable even when
aggregating studies with as few as four subjects per
group [16]. This is a key finding, as it opens the door to
the aggregation of very small-sized studies.

4. IS META-ANALYSIS RELIABLE?
Nowadays meta-analysis has a sound reputation as a statistical
technique (although this has not always been the case [7]). In
eminently experimental disciplines, like medicine or physics, for
example, meta-analysis is regularly used according to their
respective traditions, and its results are considered to be highly
reliable within both disciplines [9].
Nonetheless, we have compiled possible objections to a
researcher using meta-analysis in SE with the aim of increasing
the power of his or her experimental results:
1.

There are many co-variants in SE. This leads to studies
that return inconsistent results and cannot be combined with
each other.
This argument can be traced back to Miller [10]. Miller
tried in [10] to apply meta-analysis to a small set of SE
experiments. The experimental data were very
heterogeneous, that is, appeared to be taken from
different populations (for a better definition of
heterogeneity, see Appendix I). Miller’s finding was:

4.

2.

Articles on experiments in SE are of poor quality
Miller [10] again could be considered the source of this
criticism, although it has been repeated in several works
since [12]. There can be no doubt that, as Miller himself
says, we have to learn to experiment better in SE. This
is precisely what ESE is all about. But, again, this
limitation can be construed as a challenge. Our research
[13], as well as investigations conducted in other
disciplines [14], shows that the concept of experimental
quality is very elusive. It is not easy to determine when
an experiment returns true or false results. The really
important thing is to have enough experiments to be
able to detect which are biased and which are not.
Again, the key is the availability of replications
irrespective of how alike and good they are.

SE experiments do not report enough data to run metaanalyses
In many cases this is true, and is also perfectly
understandable. It has happened in other disciplines as
well [17]. Nobody told SE researchers that they had to
report the number of subjects, means and variances. On
the contrary, for a long time we thought that hypothesis
testing and p-values were the really important results of
our experiments. However, this problem is easy to
solve. There are now reporting guidelines, such as [18],
which, once interiorized by researchers, will remedy
this defect. In the meantime, we can use non-parametric
techniques (see Appendix II) or simply e-mail the
authors of a poorly reported experiment and request the
raw or aggregated data.

“the discipline must embark upon a period of
improvement to reduce the variability between
replicated experiments or experiments examining the
same hypothesis.”
This is quite true, but, as Miller himself said, this
problem should be viewed as a challenge but not as a
limitation. There is more than one alternative for
dealing with experimental heterogeneity in metaanalysis [11], but they all involve having a large
experimental database. Precisely because of this, we
propose in this paper that experiments with small
sample sizes can also be useful. In other words, instead
of shying away from running experiments, we should
experiment more.

Meta-analysis requires more than 4 or 8 subjects per
study

5.

Experimentation in SE is not as rigorous as in other
sciences
We are inherently “softer”, because of the multiple
factors involved and the low quality of the data. This
makes it impossible to aggregate separate experimental
results using meta-analysis.

Many SE experimenters agree with the above statement. Those
that do will be quite surprised to find out that it was more or less
what L.V. Hedges said in 1987 about a completely different
discipline: education. The literal citation is [19]:
“Those of us […] know intuitively that there is
something ‘softer’ and less cumulative about our
research than about those of physical sciences. […]
distinguished researchers have cited the pervasive
presence of interactions or historical influences as
reasons not to expect a cumulative […] science. Still
others have cited the low quality of data […] as a
barrier.”
ESE researchers would do well to read the above article. While it
is true that other articles cause similar impressions (for example,
papers on experimental economics [20]), the above adds to the
strength of data argument to the discourse. Specifically, Hedges
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compares the reliability of the data collected in experiments in the
field of education with data gathered in physics. His finding was:
“What is surprising is that the research results in the
physical sciences are not markedly more consistent […]
data do suggest that results from replicated experiments
do not always tend to be consistent”
The question is, why should experiments in education be more
consistent than in SE? Could it be that we have a very pessimistic
view of ourselves?

5. CONCLUSIONS
In this paper we have shown that there are options open to
researchers to generate pieces of empirical SE knowledge more
efficiently than they do today. We have shown that meta-analysis
is able to increase the power of experiments, enabling a set of
small studies that individually do not return statistically
significant differences to do so, if taken together. This way we
can solve some of the problems related to the accumulation of a
sizeable number of experimental subjects by a single researcher,
as we can put together a large-scale experiment by metaanalyzing replications of small studies.
In summary, we can say that:
1)

It is worthwhile running experiments even if they do not
have many experimental subjects, as they can be
combined to form a larger scale study;

2)

It is worthwhile publishing studies even if they do not
return significant results, as this can be very often due
to the low power of the statistical method.
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As mentioned in Section 3, the quantitative synthesis of
experimental studies involves the aggregation of the results of a
set of previously identified experiments analysing the
performance of a pair of treatments (circumstances or
interventions [21]) with the aim of giving a synthetic quantitative
estimate of all the available studies [15]. As a quantitative
synthesis aggregates studies previously developed and analyzed
by their authors, this type of study also goes by the name of metaanalysis, a term coined by Glass [22] in the field of psychology
and used in most sciences.
If all the studies included in a meta-analysis process were equally
accurate, it would suffice just to average the results of each study
to arrive at a final conclusion. In practice, however, not all studies
have the same accuracy. For this reason, when they are combined,
a greater weight must be assigned to the studies from which more
reliable information can be gained. To do this, we combine the
results using a weighted mean [15]. Also as the results of the
different studies are sometimes measured differently, the
dependent variable in a meta-analysis must be able to combine the
different metrics used. This is done by estimating the effect size.
Effect size is a standardized, non-scalar estimator of the
relationship between treatments (for example, the number of
defects detected by an inspection technique). The weighted mean
difference (WMD) is the method par excellence for use with
continuous variables (commonly used in SE) [23]. This method is
conceptually simple [24]: the effect size of each study is
estimated as the mean difference divided by the pooled variance
of both treatments (Equations 2 and 3):
g is the effect size
Y is the mean of the experimental (E) &
control (C) groups

(2)

Sp is the pooled standard deviation

SP =

(n − 1)( s ) + (n − 1)( s C ) 2
n E + nC − 2
E

E 2

C

S is the standard
deviation
of
the
experimental
(E)
&
control (C) groups

Y is the mean of experimental (E) &
control (C) groups

(4)

Sp is the pooled standard deviation

APPENDIX I: Meta-analysis statistics

YE −YC
SP

d is the effect size

J is Hedges’ correction factor

[28] Miguez, E. & Bollero, G; 2005; Review of Corn Yield
Response under winter cover cropping systems using MetaAnalytic Methods; Crop Science Society of America

g=

YE −YC
SP

(3)

n is the number of
experimental subjects in
the experimental (E) &
control (C) groups

Note that Hedges and Olkin [15] optimized Equation (2) by
adding a correction factor “J” (4). This factor is used to increase
the reliability of the method when the studies to be aggregated do
not have many experimental subjects. The new equation is known
as “d” and is recommended in [25] for use in SE.

After estimating the effect size, we have to estimate the
confidence interval (see Equations 5 and 6). The confidence
interval provides a range of values (minimum and maximum)
within which the mean population is located. When the difference
between the two means is significant, the confidence interval of
the effect size must not contain the value 0 (value for which both
means are equal), that is, equality is not a possibility within the
range of possible effect size values.
d is the effect size

d − Zα / 2 v ≤ λ ≤ d + Zα / 2 v

Z is the number of standard
deviations that separate, at a
given significance level, the
mean from the endpoint.
Generally, 1.96 (α = 0.05) is
used.

(5)

v is the standard error.

v=

ñ+d
2( n E + n C )
2

ñ = (nE+nC) / (nE*nC)

(6)

After estimating the effect size for each study, we can estimate
the general or global effect. To do this, we use the following
Equation (7):

d* =

∑ d /σ
∑1 / σ

2

i

2

i

i

(d )

(d )

d* is the global effect size

∑d

i

/ σ 2 i (d ) is the sum of the

(7)

individual effects

∑ 1/σ

2

i

( d ) is the sum of the

inverse variance

To make the results easier to interpret, they are generally charted
as a forest plot. The forest plot shows the values of the confidence
intervals on the x-axis, whereas the y-axis plots the different
meta-analyzed experiments, together with the global effect. This
way, it is extremely easy to see which confidence interval
contains the value 0 and how near to or far from 0 it is.
Equation (7) is also known as the fixed effects model, because it
assumes that the variation between the results of the experiments
is due exclusively to experimental error [26]. There are
improvements on this formula for use when there are other types
of variations, such as publication bias and experimental
heterogeneity. In this paper, however, we will deal with the fixed
effects model only, because, as SE meta-analyses typically
include few experiments, it is very hard to precisely estimate the
variables (e.g. between study variance) required by such
improvements. For more details on how to apply the above
formulae, interested readers are referred to [15].
One of the drawbacks of the meta-analysis estimated using WMD
is that it is not straightforward to interpret, that is, it is not
immediately clear how much better one treatment is than the
other. Generally, a result equal to 0 is assumed to mean a null
effect (the treatments behave equally), a result equal to 0.2 means
a small effect size (one of the treatments is slightly better than the
other), a result equal to 0.5 means a medium effect size (one of
the treatments is clearly better than the other) and a result equal to
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0.8 means a large effect size (one of the treatments is very much
better than the other) [15]. As the effect size estimated using
WMD is symmetrical with respect to the treatments, a positive
value indicates that the experimental treatment mean is greater
than the control treatment mean, whereas a negative value means
the opposite.

(8)

The response ratio is the method of meta-analysis recommended
for synthesis processes enacted within the field of ecology [24]. It
involves estimating an effect index or ratio between two
treatments by calculating the quotient of the two means. This
quotient estimates the how much better one treatment is than the
other [24]. For example, a ratio of 1.3 will indicate that the
experimental treatment is 30% better than the control treatment,
whereas a ratio of 1 will signify that there is no difference in the
performance of the two treatments. A ratio of less than 1 means
that the control treatment is better than the experimental
treatment.

(9)

The method is applied similarly to WMD. First, we have to
estimate the ratio of each experiment and then, based on these
ratios, estimate the global ratio using a weighted mean of the
individual ratios (10), where each study is weighted based on its
inverse variance (11):

Finally, let us look at Equations 8 and 9 [27]. They are the
functions of statistical power estimation for a meta-analysis used
in Section 3:

power= 1−φ(Cα / 2 − λ) +

φ(−Cα / 2 − λ)

λ=

φ(x) is the standard normal
cumulative distribution function
Cα/2 is the standard normal critical
value for the two-sided test at level
α

(θ1 −θ )

θ1 is the sample effect size
θ is the endpoint effect size

V

v is the standard error

k

The functions of meta-analysis power estimation can accurately
estimate the statistical power of a meta-analysis when the set of
experiments that are part of the aggregation process are
homogeneous [15, 26]. As ESE studies are generally small,
however, the variations in the results are, as a rule, large due to
experimental error. Such variations tend to lead to false
heterogeneity.
When this happens, the power of the meta-analysis (we mean a
fixed effects model) tends to decline, as, incidentally, Hedges and
Olkin found [15] and our experiments confirmed [16]. Figure 5
illustrates a chart showing the estimated power for the studies
with low (0.2), average (0.5) and large (0.8) effect sizes, where α
= 0.05. The power values are systematically smaller than the
values calculated using Equations 8 and 9.
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Figure 5: Simulated power for a meta-analysis

APPENDIX II: Alternative meta-analysis
methods
Although WMD is the most commonly used meta-analysis
technique, there are other alternative techniques with beneficial
properties for certain experimental settings (for example, when
the experiments have reporting defects). These techniques are: the
parametric and non-parametric response ratio, and statistical vote
counting. These methods are described in the following.

RR =

vi =

*
∑ Wi RRi

i =1

∑ik=1 Wi

*

RR is the global effect size
RRi is the individual effect size
Wi is the weight factor = 1/vi

S E2
S C2
+
n EY E nCY C

(10)

v is the standard error
S2 is the standard deviation of the
experimental (E) & control (C)
groups

(11)

Y is the mean of the experimental
(E) & control (C) groups
n is the number of experimental
subjects in the experimental (E)
& control (C) groups

To make the combination of a set of studies more accurate, the
natural logarithm was added to the method. Applied to the effects
of the individual studies, this logarithm linearizes the results and
normalizes their distribution. Note importantly that after
estimating the global effect index, the anti-logarithm must be
applied to the result to calculate the final effect size. For more
details on how to apply the above formulae, readers are referred
to [24].
There is a non-parametric version of the method. This method is
essentially the same as the above parametric version, the
difference being that the studies are weighted by the number of
subjects (12) and not by the inverse variance [28]. The main
advantage of this version of the technique is that no knowledge of
the experiment variances is required for its application. This is
especially useful when reports are incomplete, as is often the case
in SE.

v=

nC + nE
Ln( RR 2 )
+
nE nC
2(nC + nE )

v is the standard error
n is the number of experimental
subjects in the experimental (E)
& control (C) groups

(12)

Statistical Vote Counting
The vote counting method requires very little information to be
applied. All we need to know in this case is whether or not there
is a difference between the treatment means (which we will call
“vote”) and the number of experimental subjects used in each
study (used as a weighting factor of the “vote”) [15]. Based on
these data, a maximum likelihood estimation process is enacted.
The aim of this process is to determine the effect size (generally
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selected from a list ranging from -0.5 to 0.5) that WMD would
most likely have estimated if all the data had been available. The
main estimation function is:
L(δ | X 1 ,....., X i ) =

[ (

)]
)

⎧⎪ X i ln 1 − φ − ñδ + ⎫⎪
⎬
⎨
∑
i =1 ⎪
⎩(1 − X i ) ln φ − ñδ ⎪⎭
k

(

L(δ|X1,….Xn) is the likelihood of the
effect size
δ is the effect size to be tested
Xi is the value of the vote in each
study

(13)

ñ = (nE+nC) / (nE*nC)

Note that the effect size returned by SVC is similar to WMD and,
therefore, has the same meaning. For more details on how to
apply the specified formulae, see [15].
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