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Abstract

It is hard to believe that mainstream meta-analysis, whose primary objective is to provide a summary estimate of effect size from a set of 
completed studies, has a major flaw. Yet because the mainstream treats weights and/or sample sizes as constants, rather than unequivocally 
seriously random variables, this is exactly the situation. Further, the mainstream random effects model does not permit association between 
weights and effect size, which if false, can lead to major bias. For the following scenarios, we provide a fix, relying on ratio estimation from cluster 
sampling, to produce simple and valid asymptotic methods for the following scenarios: Estimation of means or proportions, differences of means 
or proportion from randomized trials, estimation of relative risk from randomized trials, and repeated measures Bland-Altman studies aimed at 
replacing invasive by non-invasive measures. One horror story for mainstream methods saw a highly significant result in a major study become 
insignificant when we kept the study point estimates the same but universally cut the study standard errors by 30%. With over 1400 meta-
analyses papers published per month in 2019, it is essential to use this paper as a springboard to mitigate this situation. 

Keywords: Bland-altman; Effects-at-random; Meta-analysis; Random-effects; Studies-at-random

Abbreviations: ()E : Expectation (Mean Value); ()Cov : Covariance; Var( ): Variance; CCV: Conditional Coefficient of Variation; µ : Population mean; 
σ : Population standard deviation; ρ : Population correlation coefficient; Σ : Sum of
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Meta-Analysis 2020: A Dire Alert and a Fix

Introduction

Meta-Analysis, coined by Glass [1], is the science of combining 
a full collection of completed independent studies of a specific 
research question to obtain an informed inference about it. Most 
use “random-effects” approaches, which allow the true study-
specific parameters of interest to vary from study to study. Almost 
universally, researchers use weighted methods where the global 
estimate of effect size is estimated as a weighted combination 
(usually proportional to the inverse of the estimated variance) 
of the individual study estimated effect sizes. A small minority of 
these applications use a Bayes approach where the true individual 
study effect sizes follow a parametric distribution. A straight-
forward reference to see how Meta-Analysis is now performed can 
be found in Chapter 12 of Borenstein et al. [2]. The backbone of 
these methods relies on a model requiring that 

(a) weights are constants or near constants; and 

(b) the true study effect size has no association with weights. 

In the Methods section, we show in a distribution-free manner 
that both presumptions cannot be trusted, and this leads to the 
possibility of major bias and incorrect variance estimation for the 
global effect size. This suggests important consequences to public 
health in that Meta-Analysis stands at the APEX of most evidence  

 
pyramids as the most credible biomedical evidence (Google 
“evidence pyramid”). There were 17,284 papers published in 
2019 listed by PUBMED that have the term “meta-analysis” 
in the title (1,440 per month). An overwhelming majority of 
these utilize weighted random-effects methods. The succeeding 
Methods subsection offers a ratio estimation method that can be 
an asymptoticly distribution-free replacement for the mainstream 
methods going forward. Note that we do not advocate for any 
weighted method including equal weighting. This subsection 
also includes a description of several common estimation 
scenarios along with a clear definition of their target populations. 
In the Results section, Table 1 will contrast the properties of 
the current mainstream (weighted methods) against the ratio 
estimation method, demonstrating substantial questions about 
the mainstream. 

Also, the Results section provides a summary of 32 highly 
cited meta-analyses, where eight (25%) had major discrepancies 
with our methods, indicating that these eight may have lost their 
evidentiary basis. We zero in on two of these, one showing that 
a published result had a totally counter-intuitive conclusion and 
the second which our re-analysis of a published meta-analysis 
led to a reversal of a US Veterans’ Administration policy that was 
deleterious to patients’ best interests. Finally, in the Discussion, 
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we shall outline a plan for mitigation of the current dangerous 
practices. This article totally concentrates on the analysis of 
the main outcome parameter, and topics such as heterogeneity, 
stratification, meta-regression, and selection bias are beyond the 
scope of this paper. In addition, this paper does not address the 
rare situations where patient-level data are available but relies 
on published summary estimates of effect size. In any case, such 
situations are probably better suited to mixed model or Bayes 
analysis.

The intent of this article is not to blame anyone for past 
innocent oversights by highly skilled well-intentioned researchers, 
but rather to begin a process of utilizing alternate methods that 
are asymptotically rigorous, and to encourage review of past 
Meta-Analysis findings that had major public health significance. 
In fact, apart from the methods for obtaining summary 
estimates of the global effect sizes, there have been many critical 
contributions made over the years by meta-analysis researchers. 
For example, uniform standards have been incorporated as to 
how eligible studies are selected and accounted for and authors 
are encouraged to have multiple independent searches to make 
sure all eligible studies are included. Quality assessment has been 
a very important contribution by meta-analysis researchers for 
important secondary analysis. However, this author believes in 
the gold standard of clinical trials, intent-to-treat, and therefore 
objects, absent fraud, to exclusion of any eligible study from the 
main analysis.

Methods

This section has two major subsections: Demonstration that 
the mainstream weighted methods are invalid and providing an 
alternate approach.

Mainstream weighted methods cannot be trusted

Note: Our development is distribution-free and is not based 
on the model in equation (1) below. We also do not support any 
weighted method including uniform weights. We first provide a 
simple but compelling demonstration that the weights used by 
the mainstream are seriously random variables. Suppose we have 
three studies in our meta-analysis (Abbott, Barnes, and Cole) 
with respective weights (0.50, 0.30, 0.20). They are presently 
unindexed. Before we give the data to the biostatistician, we shall 
assign indexes to the three studies randomly where each of the 
six orderings [(1,2,3), (1,3,2), (2,1,3), (2,3,1), (3,1,2), or (3,2,1)] is 
equally likely. The biostatistician has no basis for any complaint, 
since her/his ultimate weighted analysis is not affected by the 
random ordering. If Wj is the weight assigned to Study j, given the 
unassigned weights, it is equally likely to be each of 0.50, 0.30, or 
0.20. Hence the conditional mean and standard deviation of the 
weights are 0.3333 (1/3) and 0.125, respectively. The conditional 
coefficient of variation 100(SD/Mean)% is a substantial 37.5%. 
If the weights are supposed to be constants, this conditional 

coefficient of variation should be zero. If you grasp this, in what 
follows you must reject mainstream weighted methods. The 
mainstream parametric random effects model per Borenstein et 
al. [2] for the true study effect size parameters for study j jθ εΘ = +,  are 
assumed to satisfy:

j jθ εΘ = +   with  ( ) 0.jE ε =
                                                        

(1)

The individual study effect size estimates ˆ
jθ  are assumed to 

be unbiased for the true study effect size .jΘ  The main goal is to 
estimate the overall mean .θ  This model is called “Effects-at-
Random” because all of the true effect sizes in equation (1) are 
drawn with replacement from a single “urn” with mean .θ  The 
global estimator of θ  is ˆ,θ  defined by

ˆ ˆ
j jWθ θ= Σ                                                                                          (2)

with the weights jW  satisfying 1.jWΣ =  The estimated variance 
of θ̂  is claimed to be

 
( ) ( )2ˆ ˆvar var jWjθ θ≈ Σ                                                                         (3)

There are two assumptions behind this formulation. First, 
equation (2) presumes, incorrectly as we shall show, that the 
weights are at least approximately constant. Second, the model 
presumes there is no association between the study weights jW  
and study true effect sizes .jΘ  As we shall see, this cannot be 
nonparametrically guaranteed except for uniformly weighted 
applications. There is no adequately powered diagnostic test for 
this lack of association. 

Framework: Suppose we have M independent studies in our 
meta-analysis, and these are initially unindexed. Let us sequentially, 
without replacement, draw studies one-by-one, completely at 
random and label their indexes as 1,2,3,…M according to the order 
drawn. This labelling will not have any impact on the results (point 
estimate of effect size and its estimated variance) for any published 
method we know of and can be done repeatedly without affecting 
any analysis or equation (4) below. Note that the pairs ( ),j jW Θ  are 
never divorced. Without loss of generality, the pairs ( )ˆ,j jW θ  are 
exchangeable 1,2, , ,j M= …  meaning that for each j, they have the 
same distribution. Since every weight has an equal chance of being 
in position j, parallel to the initial demonstration, it means that 
the weights (except uniform weights 1/M) are seriously random 
variables, not constants. 

Good News: The random assignment of indexes (with or 
without the model) assures us that nonparametrically that all ( )ˆ

jE θ  
are identical, thanks to the exchangeability of the M-pairs ( )ˆ, .j jW θ

Bad News: The jW cannot legitimately be considered as 
constants, so the classical assumption that they are constants 
fails and this failure is well beyond any sampling errors due to 
estimating the so-called optimal weights.

Biased Estimation. Based on Shuster [3], 

 
( ) ( )ˆ ˆ, .j jE M Cov Wθ θ θ= +                                                            (4)

http://dx.doi.org/10.19080/BBOAJ.2021.10.555788


How to cite this article: Jonathan J S. Meta-Analysis 2020: A Dire Alert and a Fix. Biostat Biom Open Access J. 2021; 10(3): 555788. 
DOI: 10.19080/BBOAJ.2021.10.5557788075

Biostatistics and Biometrics Open Access Journal

We rederive equation (4) for interested readers in Appendix 1.

Thus, for θ̂  to be unbiased, the bias term ( )ˆ, 0j jM Cov W θ =  
and this can only be guaranteed nonparametrically under equal 
weighting. Note that if we repeated the random label assignment, 
the bias term would not change. Also note that a positive (negative) 
covariance is associated with bias trends toward overestimating 
(underestimating) the mean response θ, respectively.

Next, note that since the mainstream uses equation (3) there 
is a presumption that the weights are constants. This is not a valid 
formula if both jW  and ˆ

jθ  are random variables. 

The correct formula is presented in equation (5), which is not 
the same as equation (3).

  
( ) ( ) ( )2 2ˆ ˆ ˆvar .J j J jE W E Wθ θ θ ≈ Σ − Σ  

                                      (5)

We conclude the following about the classical weighted 
estimates: 

(i) It is dangerous to presume there is no association 
(interaction) between the weights and the estimates.  

(ii) Equation (3) is technically incorrect.

(iii) The overwhelming majority of random-effects Meta-
Analysis publications are suspect. Those with public health impact 
need to be looked at under more rigorous methodology.

(iv) With this random labelling, the conditional coefficient of 
variation of the weights (CCV), given the actual unindexed set of 
the M weights can be substantial and does not vanish when the 
number of studies, M, is large:

{ ( ){ }2
100 1CCV SQRT M Wj M 

 
= Σ −  (6)

This major random variability in the weights has not been 
recognized in the mainstream.

A rigorous large-sample fix

This section is asymptotically (in the number of studies 
combined) distribution-free.

Studies-at-Random, as described in the next paragraph, 
provides a simple and effective framework for random effects 
Meta-Analysis. The concept will be seen to be identical to that of 
randomized clinical trials. We state both frameworks as follows, 
with the words “clinical trial” taking the role of “Meta-Analysis” 
and “patients” taking the role of “studies”. If you buy into this 
concept for randomized clinical trials, you should also buy into 
this for random-effects Meta-Analysis.

Inferential framework: A Meta-Analysis (clinical trial) 
inference is based on the sample of studies (patients) in the Meta-
Analysis (clinical trial) as a conceptual random sample of past, 
present, and future studies (patients), drawn from a large target 
population of studies (patients) with the same eligibility criteria. 
The inference is to this target population. Note that Borenstein 
[4] supports this framework under Bullet B, Section 7,4,3, page 
26 where he defines assumptions of random effects to include, 

“The studies that were performed are a random sample from that 
universe”.

We shall depend upon classical cluster sampling methodology, 
and ratios of sample means as estimates of their target population 
counterpart.

Ratio estimation

Two types of Ratio Estimates are described below, with or 
without a natural log transform. Let ( ),j jY Z  be M independent 
identically distributed random vectors with mean ( ),y zµ µ  
randomly sampled from a large population.

From classical single stage cluster methods per Cochran [5] 
the following are true for large M:

(A) If the ( ),j jY Z  are certain to be non-negative, then based 
on smooth transformations of asymptotically bivariate normal 
estimators as described in Serfling [6], the natural log of the ratio 
of sample means ( )Y Z  has the following property.

( )Log Y Z  has an asymptotic t-distribution with M-2 degrees 
of freedom, with mean ( )y zLog µ µ  and asymptotic variance

( ) ( ) ( )( ){ }2 22   2  y y yz yz z zV Mσ µ σ µ ρ σ µ σ µ= + −  (7)

,yσ  zσ  and ρ  are the population standard deviations of Y 
and Z and the correlation between Y and Z.

A consistent estimate of 2 ,V 2V̂  is obtained by replacing 
the parameters in equation (7) by their sample moments. An 
asymptotic t-distribution implies that for large M, the estimate 
minus its asymptotic mean divided by its asymptotic standard 
deviation is approximately central t-distributed with M-2 degrees 
of freedom. Of course, asymptotic normality and asymptotic t with 
large degrees of freedom are equivalent limiting distributions, 
but at least in the rare event binomial trial context, Shuster et al. 
[7] found that the t-approximation worked well while the normal 
approximation produced considerable under coverage of the 
purported 95% confidence intervals, when the number of trials 
was small (ranging from 5-20).

One can use this information to obtain point estimates, 
confidence intervals, and P-values for ( )y zLog µ µ  and by natural 
antilogs, for ( ).y zµ µ  Note that the point estimate for ( )y zµ µ  is 
( ) ,Y Z  so although a log transformation is used, the point estimate 
is in its original scale.

(B) If either of jY or jZ  can take on negative values, we cannot 
use logs, and are forced to work with the raw values as follows, 
again using classical survey sampling methods. ( )Y Z  has an 
asymptotic t-distribution with M-2 degrees of freedom with mean 
( )y zµ µ  and asymptotic variance

( ) ( ) ( ){ }222 2 3 2 y z y z z y y z zV Mσ µ µ σ µ ρ µ σ σ µ= + −  (8)

A consistent estimate of 2 ,V  2V̂  is obtained by replacing the 
five population parameters by their sample moments in equation 
(8). As in (A) above, the point estimate and asymptotic variance 
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can be used to make inferences about the targeted parameter 

( ).y zµ µ

Two-sided P-values can be calculated from the standardized 
score, absolute value of the estimate less the null hypothesized 
value, divided by ˆ,V  and calculated as the probability that the 
absolute value of a central T-distributed random variable with (M-
2) degrees of freedom exceeds this standardized score. Confidence 
intervals are obtained via the estimate +/- the product of the 
T-value from the central T-tables (M-2 degrees of freedom) and ˆ.V  

Application scenarios

 Note that in our Meta-Analysis framework, the completed 
studies’ results are known without error and that the inference 
is to the results in the total conceptual target population of 
completed studies. For the completed studies, there are no relevant 
data to the target population beyond what was already collected. 
This greatly simplifies the analysis. Specifically, this eliminates 
the need to consider within study variability when estimating the 
global effect size. For each scenario we identify the Numerator, jY  
and the Denominator, jZ  in the ratio estimator.

(i) A single global mean or proportion: We denote the 
study sample mean or proportion by ,jΘ  and the total sample 
size by .jN  j j jY N= Θ  and .j jZ N= Use the Log transformation (A) 
if all observations must be non-negative or (B) the raw values if 
negative values are possible. The targeted parameter is the mean 
or proportion of all observations in the entire urn of studies. The 
estimator (consistent) is the corresponding value in the sample. 

(ii) Estimation of a difference in means or proportions from 
a collection of randomized clinical trials: Here again, 

j j jY N= Θ  
and j jZ N=  but with jΘ  the mean difference in treatment means 
or proportions (Treatment 2 - Treatment 1), and jN  the combined 
sample size for study j. The global parameter projects what the 
true difference would be in the urn if all patients receive Treatment 
2 vs. that if all patients receive Treatment 1. We use (B) since 
negative values in the numerator are possible. The population 
parameter (consistent) would be identical to the estimate if all 
trials in the population were sampled. 

(iii) Estimation of Relative Risk: In the log transformation 
method for non-negative values (A), the roles of jY  and jZ  are 
played by 2̂j jN P  and 1̂j jN P  respectively. The îjP are the sample 
proportions for Treatment i, study j while jN  is the combined 
sample size for study j. See Shuster et al. [7] and Shuster and 
Walker [8] for details. The interpretation is that we are projecting 
the failure rate ratio of giving all patients in the urn Treatment 
2 to that of giving all patients Treatment 1. The estimate is the 
projected ratio in the actual sample of studies. The population 
value corresponds to the sample value if all studies in the 
population were included. Note that by estimating proportions 
and not individual study relative risk, we do not have problems 
when the event rates are low. As noted in Shuster et al. [7], zero 
event rate treatment arms are only a part of the problem with 
methods such as DerSimonian and Laird [9] for low event-rate 

binomial trials.

(iv) Bland-Altman studies, [See Bland and Altman [10] and 
Tipton and Shuster [11] ] with repeated measures on participants: 
This may not seem like Meta-Analysis, but the role of “study” is 
played by the subject. To evaluate the ability of a non-invasive 
test S to approximate an invasive test T, we define for subject j, 
observation i, ij ij ijD S T= −  as the difference between the non-
invasive measure and the invasive measure for the i-th observation 
from patient j.

The role of jZ  is played by the subject’s personal sample size, 
.jN  The role of the jY  is played by jN  times the subject’s absolute 

mean or mean square error of the subject’s ,ijD  for assessment of 
absolute bias or global mean square error, respectively. Since all 
of these are non-negative, we recommend use of the log transform 
followed by antilogs. The mean square error provides a measure 
of relative accuracy. Note that the classical “limits of agreement” 
a single mean +/- 2 standard deviations are not meaningful 
since subjects are expected to have differing mean ,ijD  values. 
This would be akin to a fixed effects analysis, as opposed to our 
random-effects approach.

Unlike the competitors, this repeated measures Bland-Altman 
method does not require independence of the observations within 
patients or normal distributions within or between subjects, 
thanks to the single stage clustered nature of the data. In our 
inferential framework, the patients’ participant data are complete, 
and no further data from a participant are part of the target 
population, making their absolute mean differences and mean 
square errors known without error.

Computations

Calculations are simple. In SAS, all you need is PROC CORR, 
PROBT, and TINV. A relative risk documented SAS Macro can be 
found at

https://hobi.med.ufl.edu/files/2015/02/meta_low_event_
web.sas

Results

Table 1 provides information on the traits of Studies-at-
Random (Ratio Methods) vs. Effects-at-Random (Mainstream). 
The former needs fewer assumptions, while the shortcomings of 
the latter are virtually never disclosed to readers or subject matter 
clients. Another drawback to the mainstream method is the need 
but difficulty in estimated between study variability via τ2 . This 
is shown by Bakbergenuly, et al. [12] (Table 1). To give the reader 
the concept that the impact of the mainstream methods can 
often be more than trivial, we combine Shuster et al. [7], Shuster 
and Walker [8], and Borst et al. [13]. These papers collectively 
reanalyzed 32 Meta-Analyses, selected for their high citation rate, 
not looking for disparities, and found eight with major quantitative 
or qualitative differences, thereby invalidating the scientific basis 
of the eight which relied on unsupportable methods. A striking 
practical example of how effects-at-random can negatively impact 
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public health appears in Borst et al. [13], where they reanalyzed a 
Meta-Analysis of Xu et al. [14]. Based largely on the Xu et al. [14] 
assessment of excess cardiac risk, the US Veterans Administration 
(VA) blocked testosterone replacement prescriptions to the 
overwhelming majority of their male subjects. However, in part 
due to Borst et al. [13] using the methods of Shuster et al. [7], 
which overturned the evidence basis, the VA resumed offering the 
treatment. It is now thought to be modestly beneficial to cardiac 
health, while being beneficial to quality of life.

A puzzling mainstream case from the 32 that were investigated 
comes from Neto et al. [15], where uniformly doubling the failure 
numbers and sample sizes (keeping the same point estimates while 
cutting within study standard errors uniformly by 30%) moved 
the needle from statistically significant (P=0.004 two-sided) to not 
significant (P=0.15 two-sided). This type of counterintuitive result 
cannot happen with our methods. How can a signal weaken when 
the noise is uniformly reduced by a constant percentage?

Discussion 

Limitations and future research 

One limitation common to all meta-analysis is that 
the asymptotic behavior needs more vetting. While our 
T-approximation is more conservative, and works well for low-
event binomial trials, more vetting is needed by the research 
community for other Studies-at-Random applications. While 
Shuster et al. [7] did this successfully for low event binomial 
trials, with nearly 40,000 scenarios and 100,000 simulations each 
for combination of low event binomial trials, the other areas of 
application need vetting when the number of studies is small 
(5-20). Below five trials, we do not recommend random effects 
Meta-Analysis, and the well-known speed of convergence of the 
central limit theorem should offer comfort when over 20 studies 
are combined. Based on Shuster et al.’s [7] experience with the 
binomial vetting, the application with the fewest parameters to 
manipulate, it appears that this will need external funding and 
access to supercomputers. But in the meanwhile, we recommend 
caution when using these methods with 5-20 studies and to 
disclose this caution under limitations in publications. However, 
readers need to recognize that no mainstream method has been 
properly vetted outside of the questionable Effects-at-Random 
presumptions with non-random sample sizes.

A second limitation, as well as a caution, is that all meta-analysis 
is at risk for “P-hacking” as described especially well in Section 4.3 
of Ioannidis [16]. At present, our methods have no multivariate 
analog that handles repeated looks at a single outcome, looks at 
multiple outcomes, or both. The inference is based on a single 
look, and multiple looks in dimensions or time without taking this 
fully into account would be a misuse of statistics. 

Inverse weighted methods are counterintuitive

The phenomenon we saw with the Neto et al. [14] paper, where 
doubling the sample sizes while keeping the point estimates the 

same, counterintuitively made a highly significant treatment effect 
non-significant, is hardly unique. Whenever an inverse variance 
weighted random effects method such as  DerSimonian-Laird [9] 
produces a statistically significant result and the corresponding 
equally weighted analysis produces a non-significant result, you 
can find a factor K, where if the sample sizes are all multiplied 
by a common value of at least K, and the point estimates are held 
constant, the inverse variance weighted random effects analysis 
will produce a non-significant result.  To understand this, we note 
that the variance of the individual study estimates are the sum of 
two components: (a) Between study variance, which is the same 
for all studies and (b) Within study variances which go to zero as 
the sample sizes increase toward infinity.  This means that as the 
sample sizes increase toward infinity, the inverse variance weights 
all become the same, leading to equal weights for the studies.  
This fact alone should be a complete deterrent to using inverse 
weighted random effects methods.  In statistical applications, 
when you uniformly reduce random variation and keep the signals 
constant, you would expect stronger significance (not weaker 
significance) of your results. The Neto [15] result behaved in this 
counterintuitive manner, making the published result not credible.

A quick way to check if a highly cited  published inverse 
variance weighted random effects Meta-Analysis may have 
credibility problems is to simply reanalyze the data using equal 
weights. If this analysis qualitatively or quantitatively disagrees 
with the published result, the paper could be flagged for reanalysis 
by the ratio estimation methods advocated in this paper.

Conclusions and Implications for the future

Unfortunately, without a full-court press on mitigation, this 
paper alone will not substantially change practice.  Concrete steps 
might include the following: 

(1) The author would contact the top medical journals that 
publish important Meta-Analyses, and offer to have these papers 
reviewed by expert volunteers;  

(2) Set up a debate with key players from the mainstream at a 
future national or international meeting;  

(3) Get this issue into the mainstream press; 

(4) Negotiate incorporation of these methods into short 
courses, texts, and software and add mainstream warnings into 
the current short courses and software:  

(5) Since the mainstream methods have inappropriately 
treated studies as strata rather than as clusters, it is critical that 
Meta-Analysis be incorporated into graduate courses in survey 
sampling.   This field of statistics needs to play a leading role in 
Meta-Analysis research.
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Appendix 1

Derivation of Equation (4)

Let us study ( )ˆ,j jCov W θ  from the Subsection on the validity challenge in Methods.

We showed ( )ˆE θ θ=  and since the weights sum to 1.00, ( ) 1jE W M= (M=Number of studies) 

By definition of Covariance, ( ) ( ) ( ) ( ) ( )ˆ ˆ ˆ ˆ, .j j j j j j j jCov W E W E W E E W Mθ θ θ θ θ= − = −

Hence, ( ) ( ) ( )ˆ ˆ ˆ, .j j j j jE E W MCov Wθ θ θ θ= Σ = +

Table 1: 

Issue Studies-at-Random
(Ratio Estimation)

Effects-at-Random
(Mainstream methods)

Asymptotic in M Yes Yes

Asymptotic in Nj No Yes

Approximation T (M-2 df) Normal

Valid Asymptotics Yes No (Ignores randomness of weights)

Association with weights Allowed Not Allowed

Within study errors Not needed Needed

Easy to interpret parameter Yes Muddied by Association With weights

Presumes weights are random variables Yes No

Transforms and back transforms within studies Never Often (e.g. log of odds ratio)

M=Number of Studies Nj=Number of subjects in Study j.
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