
ABSTRACT 

LONDON, JENNIFER ELISE. Sources of Error in Meta-Analysis Results in Industrial and 

Organizational Psychology: An Application of Mega-Regression Analysis. (Under the 

direction Dr. Mark Wilson). 

 

Meta-analysis has been criticized for a number of conceptual and methodological weaknesses 

that may jeopardize the validity of results.  Most of the conversation on this topic has been 

speculative, in part because meta-analyses are difficult to compare because of their opacity in 

terms of method and disclosure.   This study coded for common criticisms of meta-analyses 

within a sample of meta-analyses (N=57), all of which found an effect size for the 

relationship between cognitive ability and performance.  The purpose of this study was to use 

mega-regression to quantitatively analyze the simultaneous influence of inclusivity, 

publication bias, effects model, and degree of methodological disclosure on the meta-analytic 

estimated effect size.  Of these, only degree of disclosure was statistically significant; in 

other words, as the author discloses less about his meta-analytic procedure, the resulting 

effect size increases and vice versa.  Implications of this finding and suggestions for 

increasing transparency and accountability are discussed. 
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Sources of Error in Meta-Analysis Results in Industrial and Organizational Psychology: 

An Application of Mega-Regression Analysis 

Meta-analysis has become increasingly popular in journals of all types and 

particularly so in industrial and organizational (IO) psychology.  There have been entire 

journal issues dedicated discussing the implications of meta-analysis for the field of I-O 

Psychology, such as a recent Organizational Research Methods issue (Vol 11, (1), 2008).  

Although it is clearly an important tool, it is not without critics.  The research community has 

debated appropriate meta-analytic technique since its inception (e.g., Eysenck, 1978), and 

critics continue to point out flaws that may unduly affect the estimated effect size generated 

in a meta-analysis.  At present, no one has comprehensively reviewed or categorized the 

concerns that have been expressed.  In addition, few studies (Dieckmann, Malle, & Bodner, 

2009) have examined existing meta-analyses to determine how prevalent these criticisms are 

in the literature.  Finally, only a few studies have examined the extent to which the result of a 

meta-analysis is affected by a particular criticism (Hunter & Schmidt, 2000) and none, to my 

knowledge, have explored whether and to what extent multiple criticisms simultaneously 

affect the estimated effect size. 

There are five stages of the meta-analysis process: problem identification, inclusion, 

coding, analysis, and reporting (Borenstein, Hedges, Higgins, & Rothstein, 2009; Hunter & 

Schmidt, 2004; Wanous, Sullivan & Malinak, 1989), and the criticisms were organized based 

on where they fell in these stages.  As can be seen in Figure 1, the estimated effect size in a 

meta-analysis can be seen as a function of each of these categories.  Problem identification is 

the initial conceptualization of the problem and the specification of the research domain.  
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Inclusion is the criteria and process by which the meta-analyst selects studies.  Coding is the 

process of searching for and assigning values for characteristics of interest such as 

moderators or results pertaining to the research question.  Analysis is the estimation of the 

overall effect size and moderator strength from the data gathered in coding.  Finally, 

reporting is the disclosure of process and interpretation of the meta-analytic result.  Mistakes 

made at each of these five steps could contribute to errors in the estimated effect size of the 

meta-analysis, as illustrated in Figure 1.   

Problem Identification.  Conceptual errors have been cited as a criticism in the 

problem identification stage of meta-analysis.  They can be made at any point in the meta-

analytic procedure (Streiner, 2005), but they have the most far-reaching consequences at the 

problem identification stage because when they occur at this stage they affect all subsequent 

stages.  For example, failing to differentiate between two similar constructs will influence the 

types of studies that are collected and types of moderators that are coded, the accuracy of the 

reporting, and ultimately the estimated effect size (L'Hommedieu, Menges, & Brinko, 1987).  

Furthermore, conceptual errors are the only type of error that can be made at this stage, 

because procedures have not been formalized. 

Inclusion.  The second category is inclusion, which was defined as the level of 

inclusivity or exclusivity in terms of study selection and publication bias.  The determination 

of which studies to include in a meta-analysis is important because, ideally, a meta-analysis 

is a representation of all empirical evidence in a content domain (Finfgeld, 2003; Rothstein, 

Sutton, & Borenstein, 2005; Thornton & Lee, 2000; Wanous et al., 1989).  There are a 

number of criticisms that center on inclusion.  The most frequently voiced criticism is that 
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meta-analysts do not include enough unpublished studies (e.g., Bobko & Stone-Romero, 

1998).  They have also been criticized for being too exclusive as a result of having a 

construct operationalism that is too narrow or simply because of inadequate sampling (Glass, 

1976).  Contrarily, there is concern that meta-analyses might be too inclusive of poor quality 

literature, which introduces meaningless error into the analysis and is the basis of the phrase 

“garbage in, garbage out” (Eysenck, 1994).  Because the effect size is an aggregate of values 

obtained from the included sample of studies, a meta-analysis is only as good as its sample.  

Applying sampling theory to meta-analysis is useful in that low quality bias might cancel out 

because error is random and distributed normally around the true score.  More concerning is 

systematic bias which is not normally distributed and pulls the estimated effect size higher or 

lower.   

Another inclusion issue is publication bias, also known as the file drawer problem.  A 

number of articles focus solely on this issue, and whole books have been written on the topic 

(e.g., Gillet, 2001; Rothstein et al., 2005).  The problem is a practical one.  Researchers are 

more likely to include only those studies that have been published chiefly because acquiring 

unpublished studies, dissertations, and technical reports can be difficult and time-consuming 

(Thornton & Lee, 2000).  Although published studies have the advantage of being peer 

reviewed, most journals only publish significant results (Rosenthal, 1979).  Therefore, for 

every study claiming a significant relationship between two variables, we cannot know the 

proportion of unpublished dissenting findings that exist stored away in file drawers.  It might 

also be the case that unpublished literature tends to produce more extreme scores, since 

sample sizes might be smaller and the methodology not subject to peer review.  Since the 
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premise of meta-analysis is that the full spectrum of results in the domain is aggregated, 

justification must be made if one is excluding this body of literature.  Unfortunately, it is 

impossible in most cases to determine how much unpublished research exists, let alone 

collect all of it.  Managing publication bias is therefore more art than science.  One means of 

measuring it is the funnel plot analysis, which uses a scatterplot of the effect size on the 

horizontal axis and the study size on the vertical axis.  In ideal circumstances it creates a 

symmetrical, funnel-shaped plot.  Deviation from this shape represents bias that can be 

evaluated visually (Rothstein et al., 2005).  Unfortunately, an investigation by Dieckmann et 

al. (2009), which investigated reporting frequencies in a diverse sample of meta-analyses, 

found that only 5% of meta-analyses reported this type of information.  An appropriate 

sample of literature should be acquired prior to continuing to the coding stage.   

Coding.  Coding is an area of weakness addressed by several critics (e.g., Bullock & 

Svyantek, 1985; Levine, Asada, & Carpenter, 2009).  The most frequently cited concern 

regarding coding is that of interrater reliability indices such as agreement and intraclass 

correlations among raters involved in coding meta-analyses (e.g., Harwell & Maeda, 2008).  

Such reliabilities are important because of their implications for the trustworthiness of the 

data.  As an example, McGuire et al. (1985) examined the extent to which raters agreed in a 

group of six graduate students in a methodology course and six nationally prominent 

researchers.  They were told to judge methodological quality based on a framework of 

internal validity criteria with which everyone was familiar.  For the graduate students, the 

authors found rater agreement to be nonsignificant ( ² = 15.64, p > .05) and interrater 

reliability to be .29, suggesting that there was very little reliability among raters.  The experts 
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had nearly identical agreement ( ² = 7.07, p > .05) and identical reliability (.29) to the 

students, suggesting that even under the best of circumstances agreement and reliability can 

be difficult to achieve.  In addition, Dieckmann et al. (2009) found that only a fraction of 

meta-analyses reported whether they conducted interrater reliability analyses (34%).   

  Critics have also noted that coding meta-analyses is difficult and subjective, and that 

the number of coders might influence meta-analytic data (e.g., DuVernet, 2010; Harwell & 

Maeda, 2008; Nurius & Yeaton, 1987).  It has been suggested that employing multiple coders 

for each study produces results with the fewest errors (Hunter & Schmidt, 2004).  Coding is 

rarely a straightforward process; coders must make decisions as the work progresses and then 

consistently apply them once they are made.  Furthermore, it can sometimes be confusing to 

identify the correct value amongst the other information presented in an article and it can at 

times require scrutiny of the entire text.  It is most often argued that multiple coders have a 

better chance of catching these errors (Harwell & Maeda, 2008), but it is possible that the 

continual reevaluation of decision rules makes keeping a consistent rule set more difficult.   

Coding strategies might also be operationalized in such a way as to introduce bias.  For 

example, one could artificially dichotomize ages such that 0-18 was young and 18 and over 

was old.  This might lead to finding significance as a moderator, but it could also be 

misleading. 

Critics have also noted that the extent to which coders are independent of research 

author could be an important factor affecting the estimated effect size.  On the one hand, with 

only a few critics citing independence of coders as a concern, it does not seem that critics 

believe coders are blatantly fabricating values, with the possible exception of the medical 
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fields where financial pressures are high (Jørgensen, Maric, Tendal, Faurschou, & Gøtzsche, 

2008).  On the other hand, recalling that coding can be a highly ambiguous process where 

judgment calls play a significant role, independent coders can ensure that decisions remain 

objective.  Finally, it is inevitable that coders will make errors.  Although having more coders 

per study reduces the risk of transcriptional errors or mistaken values, the risk can only be 

mitigated (Junhua et al., 2007).  The process of transcription is susceptible to error and 

differences of opinion, and discrepancies directly affect the dataset used to conduct the 

analyses.   

Analysis.  Critics are often concerned with analysis, especially the use of fixed 

effects models (e.g., Flather, Farkouh, Pogue & Yusuf, 1997; Spector & Thompson, 1991).  

For a fixed effects model to be used appropriately, one must be able to say either that the 

sample is functionally equivalent to the entire population of interest, and so there is no need 

to account for random error, or that the studies are so alike that there are no random elements 

(Field, 2003).  This might be the case in highly controlled medical experiments where 

replication of a drug test leads to virtually identical conditions.  In general we would expect 

study results to differ based on the type of participant, the measures used, or maybe even the 

researcher conducting the study.  These examples are not random at all, but demonstrate 

characteristics on which studies can be said to vary systematically.  The alternative to fixed 

effects models are random effects models, which assumes that there are real differences 

between studies that should be accounted for. Statistically speaking, fixed effects models 

measure only the within-study variability and ignores any between-study variability that 

might exist.  Alternatively, random-effects models, account for between-study error.  
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Because the random-effects model accounts for both within- and between-study error, it is 

slightly more difficult to calculate and it produces more conservative estimates of the 

population effect size.  A study by Hunter and Schmidt (2000) compared results from a meta-

analysis conducted with both models, and found that fixed effects models consistently 

overestimates the effect size.  The use of fixed effects vs. random effects model has been 

debated for some time, and at least in I-O Psychology a general consensus has been reached 

in favor of the random effects model (Hunter & Schmidt, 2004).  Unfortunately fixed effects 

models continue to be used inappropriately (Chow, 2001), and the problem of inflation 

caused by not accounting for between-study variability can be compounded by the use of 

corrections. 

Another issue of concern is that of correcting correlations for reliability.  Most 

researchers agree that corrections should be used in meta-analysis, but some of the critics 

expressed concern over the extent to which corrections should be used (e.g., Bobko & Stone-

Romero, 1998).  Some researchers believe that a meta-analysis that does not correct for as 

many artifacts as possible is an incomplete meta-analysis and that corrections should be 

made for every possible source of error.  Hunter and Schmidt (2004) have enumerated a list 

of the possible sources of error, which can be found in Table 1.  There are also several ways 

to obtain reliabilities and other correctable information.  One way is to find the information 

in each study and correct for it individually.  Although this gives the meta-analyst the most 

accurate value, the reliability values are rarely reported.  The alternative is to create an 

artifact distribution, which uses the values that are available to create distributions for 

observed correlations, reliability of the independent and dependent variables, and range 
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departure.  The result can then be corrected based on the values provided by the distributions.  

The argument for using a full complement of corrections is that there are many points in 

which data will be attenuated, and ignoring the attenuation is just as inappropriate as 

overcorrecting for it (Hunter & Schmidt, 2004).  The counterpoint is that, given the general 

lack of specificity in study-level reporting, corrections can be based on arbitrary factors that 

satisfy no real need in the data (Bobko & Stone-Romero, 1998).  Correction directly affects 

the strength of the effect size, with more corrections leading to larger size.  Therefore, the 

contention amongst critics is that the analysis might lead us to conclude that relationships 

exist when they do not, or it might fail to find a relationship that exists.   

As with other types of statistical analysis, meta-analysis can be used to data mine 

when the meta-analyst codes a great number of moderators.  Data mining is an informal term 

that describes the process of defining and coding many tangentially relevant moderators, with 

the intention of creating hypotheses that justify any significant relationships.  If or when any 

of the relationships turn out to be significant or interesting, the meta-analyst can make it the 

focus of a publication, even though he previously had no theoretical basis for examining the 

relationship (Sharpe, 1997).  Meta-analysis without theory fails to explain interactions and 

reduces rich and nuanced data into a single number devoid of context (Raudenbush, 1994; 

Serlin, 1987).  Unfortunately, there is no way to tell which meta-analyses were subject to 

data mining short of the analyst reporting doing so.   

Reporting.  Reporting is a key category of meta-analysis because so much of it is 

determined by the individual conducting the research and not by a set of standardized rules.  

The extent to which meta-analysts disclose their procedural choices and rationale is very 
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much a concern (e.g., Cook & Leviton, 1980; Wanous et al., 1989).  The need for judgment 

disclosure is present in every aspect of the meta-analysis, including inclusion, statistical, and 

coding decisions.  Wanous et al. (1989) published an article detailing points in the analytical 

process at which the meta-analyst has to make judgment calls (see Table 2).  In full, eight out 

of eleven points were dependent on judgment calls, with 22 specific pieces of information to 

look for.  The only points that are purely objective are those where the results are being 

calculated.  Similarly, Dieckmann, et al. (2009) took a random sample of meta-analyses from 

all fields and topics and found that only a small percentage of studies reported even 

fundamental choices.  Without sufficient disclosure, it is impossible to make any sort of 

evaluation such as whether the inclusion criteria were justified or if there were enough coders 

(Dixon-Woods, Booth, & Sutton, 2007).  This becomes especially important in those cases 

where meta-analyses examining the same relationship produce quite different results 

(Jørgensen et al., 2008). Most worryingly, insufficient disclosure makes replication of a 

meta-analysis a nearly impossible task.  Full disclosure about criteria forming processes and 

explicit operationalizations of constructs is highly recommended in order to avoid misleading 

readers.   

Overview 

 The main goal of this study was to answer the question of which criticism or 

criticisms of meta-analysis predicted the meta-analytic result.    To achieve this goal, several 

different research stages had to be completed before culminating in a mega-analysis and 

mega-regression, which are like meta-level analyses except that they use meta-analyses as 

the sample instead of participant-level studies.  In other words, the mega-analysis and mega-
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regression allowed for the examination of differences and prediction of effect on the meta-

analytic level.  The preparatory stages were complex, but the process can be explained 

generally to make the overall methodology easier to understand. The first stage was to decide 

what was going to be considered a criticism of meta-analysis and then gather a sample of 

criticism articles.   The second stage consisted of defining and collecting a sample of meta-

analyses to provide the data required by the mega-analysis. Third, the criticisms and other 

characteristics of the sample were coded within this sample of meta-analyses.  Finally, the 

coded data was used to calculate the mega-analytic result and run the mega-regression.  The 

findings of the mega-regression provided an answer to the research question: 

 RQ1:  What is the relative impact of the criticisms of meta-analysis on the 

estimated effect size? 

Mega-analyses types.  There are two fundamentally different ways in which mega-

analyses have been conducted.  The first and most direct way is to simply gather all the result 

effect sizes from a sample of meta-analyses and calculate a new overall value (e.g., Cialdini 

& Fultz, 1990).  This method is analogous to regular meta-analytic procedure in which 

information and results are harvested from participant-based studies.  The second way is to 

acquire the raw data from a sample of meta-analyses and calculate the effect size from that 

(McArdle & Horn, 2002).  The technique espoused by McArdle and Horn allows for the 

researcher to exercise a great deal of consistency with the data because it eliminates many 

sources of error in the form of meta-analysis specific decision-making and error.  However, 

in the current competitive research climate it is almost impossible to gather enough raw 

datasets from researchers to make such an approach feasible.  The goal of both of these 
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methods is usually to provide a more comprehensive estimation of a particular relationship 

between two constructs than is available from participant-level research.  Also, the 

relationship of interest is the focus of both the participant- and meta-level research.  This 

study differs from that model in that the main interest is not on a relationship between two 

constructs.  Instead, the participant-level research is irrelevant and the focus is on the 

idiosyncratic differences between meta-analyses.   Thus, this study used the first technique 

described because the differences were the subject of interest here; the second technique 

eliminates the idiosyncratic differences altogether. 

The primary criticism to the mega-analysis procedure as first described is that the 

meta-analyst-specific bias and data errors are compounded, and the overall effect size from 

such an analysis is no longer a meaningful metric of the relationship between two constructs.  

An example of meta-analyst specific bias is that, with all of the different conceptualizations 

of the constructs of interest, there is not enough of a unified operationalization to make 

conclusive statements based on results (Olkin, 1995).  This is also a weakness of regular 

meta-analysis, but again the problem is compounded by being another step removed from 

actual participant data.   

There is value in this mega-analysis because the purpose is to measure the 

characteristics of the meta-analyses and not a construct such as intelligence that would be 

inherent to participants.  Whereas in a normal meta-analysis it is typical to code for 

characteristics of the sample of studies and participants, this study coded for the 

characteristics of the meta-analyses that comprised the sample, such as amount of disclosure 

or number of coders.  The goal was not to obtain a superordinate estimate the effect of a 
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construct but to evaluate the relative impact of meta-analysis features on an effect size.  

Therefore, the level of separation between the analysis and the data is not two degrees, but 

one.   

Moderator analysis types.  The criticisms of meta-analysis were evaluated using 

moderator analysis, of which there are several types.  Although not an ideal solution, one of 

the most popular ways to examine whether a criticism affected the meta-analytic effect size 

would be to perform subgroup analyses that examine the presence or absence of that variable 

(Borenstein et al., 2009).  To do this, one would need to determine a cutoff point above 

which a criticism would be considered “present” and below which it would be considered 

“absent”.  Those studies that manifested the criticism are then considered a subgroup separate 

from the remaining sample.  The meta-analytic effect size is calculated separately for the 

subgroup and the remaining group.  If the subgroup produces an effect size that is different to 

a statistically significant degree from the remaining group, then it is considered to be a valid 

moderator.  Subgroup analysis cannot provide information about how the subgroups relate to 

each other.  For these reasons, subgroup analysis is useful in specific contexts, but not for 

determining the relative impact of meta-analytic criticisms on the overall estimated effect 

size.  

A more suitable method of examining whether a variable affects the estimated effect 

size in relation to other variables is regression analysis.  The purpose of a mega-regression is 

the same as multiple regression and meta-regression: to model, estimate, and explain 

variation in a quantitative manner (Roberts & Stanley, 2005).  Unlike subgroup analysis, 

mega-regression allows for multiple continuous variables to be used, and it also allows for 
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multiple factors to be investigated simultaneously and in relation to each other (Borenstein et 

al., 2009).  Conceptually, a regression takes into account sample size, where large studies 

carry more weight than smaller studies (Borenstein et al., 2009).  In this study, the unit of 

analysis was the meta-analysis, so bigger meta-analyses carried more weight than small ones.  

Like multiple regressions, predictors in a mega-regression must be interval scale or dummy-

coded so as to represent interval scale, and there should be at least 10 studies per predictor in 

order to have sufficient power (Higgins & Green, 2006; Littell, Corcoran & Pillai, 2008).   

Method 

Preliminary Research 

The first stage in collecting data for the mega-analysis was to determine what was to 

be considered a criticism of meta-analysis.  To accomplish this, an attempt was made to 

identify all the published criticisms by means of an exhaustive literature search, after which a 

taxonomy of meta-analytic criticisms was created (see Table 3).  The search was conducted 

in PsycINFO, and the subject keywords “meta-analysis,” “quantitative review,” and 

“research synthesis” was used to identify articles that addressed meta-analysis.  A refining 

search was then run on the results with the same three keywords as the titles of articles.  A 

third search was then performed keeping the title keywords “meta-analysis,” “quantitative 

review,” and “research synthesis” but adding the subject keyword “methodology.”  The most 

relevant criticisms found from each level of this search were examined for their reference 

information, and those articles were also be examined and included.  All articles that were 

criticisms of meta-analysis were included.  A total of 51 articles were found that contained 

criticisms of meta-analysis. 
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After reviewing each article, each conceptually unique criticism was assigned its own 

column in Table 3.  When a redundant criticism was expressed in another article, it received 

a tally in the corresponding column.  Fourteen unique categories of criticisms were 

discovered by examining and aggregating the criticisms in the articles. These categories were 

then rationally sorted into the five broad meta-analytic stages (Figure 1) in which they were 

most likely to occur.  As a result, Table 3 tells us the types and frequencies of criticisms of 

meta-analysis that have been expressed.   

Sample of meta-analyses.  In order to examine the extent to which the criticisms 

identified in Table 3 affect the results of meta-analysis, it was necessary to gather a sample of 

meta-analyses that produced an effect size estimate for the same variables.  Doing so allowed 

for the assumption that all the meta-analyses were in essence measuring the same thing, and 

that the effect size differences between them were due to differences in meta-level factors 

such as procedure or author.  Meta-analyses that examined the relationship between GMA 

(general mental ability) and performance were chosen because the topic has historically been 

an important topic for I-O Psychology and holds important implications for areas such as 

selection and training.  Equally important, there are a large number of meta-analyses on the 

subject.  Interest in GMA is not limited to I-O Psychology; military, education, nursing, and 

sports journals have all examined this issue.  

For the purposes of this study, GMA was operationalized as a measure of 

intelligence, cognitive ability, or aptitude.  Therefore meta-analyses measuring overall 

intelligence or cognitive ability were included.  If the study distinguished between global 

cognitive ability measures and facets of cognitive ability, then the global measures were 
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used. If studies measured facets of cognitive ability such as verbal or quantitative ability, the 

correlation coefficients were included and then aggregated using a sample-weighted z-

transformation procedure (Bobko, 2001).  See Table 4 for complete information regarding 

the construct definitions used for each meta-analysis for both GMA and performance. 

The meta-analyses were not limited to the field of I-O Psychology, and so 

performance was not limited to job performance; for example, training performance and task 

performance was also included.  Performance was defined as an extended demonstration of 

competence at a task that requires drawing on problem solving abilities and deliberate critical 

thinking.  Measures such as academic performance were considered acceptable; measures 

such as eye-tracking speed were not (see Table 4).  The criterion was recorded but not coded 

for further analysis in this study. 

In order to find the meta-analyses, a thorough search for studies was conducted using 

numerous databases.  The databases searched were: PsycINFO, Academic Search Premier, 

America: History & Life, Biological & Agricultural Index, Business Source Premier, CAB 

Abstracts, CAB Abstracts Archive, CINAHL with Full Text, Communication & Mass Media 

Complete, Computers & Applied Sciences Complete, EconLit, ERIC, Film & Television 

Literature Index, Funk & Wagnalls New World Encyclopedia, Health Source - Consumer 

Edition, Health Source: Nursing/Academic Edition, Historical Abstracts, Library, 

Information Science & Technology Abstracts, MAS Ultra - School Edition, MasterFILE 

Premier, Mental Measurements Yearbook, Middle Search Plus, Military & Government 

Collection, MLA Directory of Periodicals, MLA International Bibliography, Primary Search, 

PsycARTICLES, Public Administration Abstracts, Social Work Abstracts, SPORTDiscus, 
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Tests in Print, The Serials Directory, MEDLINE, GreenFILE, Teacher Reference Center, 

Left Index, Science Reference Center, and TOPICsearch.  These databases were found by 

selecting the option in PsycINFO to search more than one database.  The term “meta-

analysis” was used in the title, subject, and abstract, and “cognitive ability OR intelligence 

OR mental ability OR aptitude OR IQ OR GMA” as a subject. Google Scholar was then used 

in order to get more varied search results using the same terms as listed above.  As a matter 

of practicality, schizophrenia and other dominant mental health conditions were precluded as 

keywords due to the prevalence of meta-analyses related to GMA on those topics.  As a 

result of this search, 78 meta-analyses were identified that measured GMA and performance.  

However, 18 of these analyses simply borrowed the estimated effect size for GMA and 

performance from other sources, usually Schmidt and Hunter (1998), which they used for 

comparison to other constructs.  Another two meta-analyses were eliminated due to 

ambiguity regarding critical pieces of information such as sample size. This reduced the 

sample to 57 unique meta-analyses
1
. The 57 meta-analyses measuring the relationship 

between GMA and performance provided the raw data for the examination of some elements 

of Figure 1 using both descriptive and quantitative methods
2
.
 

Coding.  The coding required a great deal of understanding and thoughtfulness 

because, unlike normal meta-analysis coding where coders simply find values, it was 

necessary to comprehend and identify each of the issues identified by critics.  This was made 

more difficult because often these issues were not explicit and had to be inferred from what 

tended to be ambiguous text.  For example, meta-analysts rarely reported the type of effects 

model they were using to estimate the effect size.  Instead, they usually provided the names 
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of the originators of the technique they used, such as the Hunter-Schmidt method (1977) or 

the method proposed by Raju, Burke, Normand, and Langois (1991).  It was necessary to 

research each method in order to proceed with the coding for effects model.  Furthermore, 

the meta-analyses were lengthy and had to be read thoroughly to identify the text containing 

the information of interest.   

 Data preparation. The data imputation and preparation process was complex 

because of the variety of conceptualizations and information reporting methods in each meta-

analysis.  Specifically, meta-analyses defined each construct differently in terms of the 

measures used and how the meta-analysts aggregated (or disaggregated) the data.  The 

constructs had to be carefully redefined in the context of the goals of this study and then 

recalculated.  All measurement types included in the analysis were given equal weight 

GMA was operationalized several ways in the meta-analytic sample.  Reporting 

quality and comprehensiveness varied greatly and influenced how selective it was possible to 

be with this study.  It was impossible to be so selective as to choose a particular measure or 

series of measures because they were often not named. The majority of meta-analyses 

operationalized GMA as the result of any cognitive ability test without listing what types of 

tests were included.  If the primary-level study labeled a test as measuring cognitive ability 

then meta-analysts tended to consider it as such.   Many studies were more detailed in their 

reporting and selective in their inclusion. Meta-analysis whose main focus, rather than 

peripheral focus, was GMA tended to make more distinctions and operationalize different 

facets of the construct.  Those meta-analyses that included GMA as a potential moderator for 

a more central construct tended to be more general in how it was described.  In some cases, 
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global cognitive ability tests were separated from facet cognitive ability tests and cognitive 

ability tests focusing on one attribute (i.e., spatial ability) were separated from another (i.e., 

math ability).  In the interests of measuring GMA as uniformly as possible, it was necessary 

to be as inclusive as possible because of the broad definition of the majority of studies.  In 

short, if the meta-analyst defined the test as a measure of GMA or a closely associated term 

such as cognitive ability or aptitude, then the meta-analysis was included in the sample; 

however, GMA operationalization was not coded for further analysis. 

The performance construct tended to be simpler to operationalize.  Any sort of work 

rating was considered a measure of performance.  Superordinate, peer, and subordinate 

ratings were all considered equally, as were 360 performance reviews and self-report 

information.  Other operationalizations of performance utilized objective data, such as sales 

values.  The performance criterion was used to select meta-analyses, but was not coded for 

further analysis.  Academic operationalizations of performance that focused on GPA or 

academic standing were also typical. 

When more than one measure for GMA or performance was to be used, it was 

necessary to aggregate the effect size data.  Correlational data are not additive; meaning a 

simple average of correlation coefficients is not an appropriate way to aggregate these data.  

The value of the correlation coefficient is not a linear function of the magnitude of the 

relation between the variables, and so taking a mean of the coefficients would not result in an 

overall mean.  There are two options for obtaining a mean, both of which require that they be 

converted into additive measures. They can be squared to obtain coefficients of determination 

or converted into Fisher’s Z values, which are both additive.  Effect sizes in this case were 
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converted to Fisher’s Z scores and then weighted by sample mean to obtain a single 

aggregate value for entry into the mega-analysis. 

To make things more complicated, meta-analyses usually only estimated the effect 

size of the relationship between GMA and performance with a portion of their total studies.  

In some cases, GMA was added as an extra variable of interest, so that even in a meta-

analysis with an overall sample of 500, only 4 of those were used to estimate the effect size 

of GMA and performance. Information regarding how many and which studies and 

correlations were used for each effect size was variable, but was for the most part lacking. 

Next, it was necessary to define what would be used as the weighting variable for the 

mega-analysis and mega-regression.  In a typical meta-analysis, this value is usually the 

sample size or inverse variance.  For this study, there were three options for use as the 

sample size in the weighting scheme.  First, we could use the total number of participants 

used in the entire meta-analysis; in this case Ns of 30,000 or more might be expected.  

Second, one could use the number of studies measuring GMA and performance in each meta-

analysis; this is easiest to conceptualize because many people already talk about meta-

analyses in this way (e.g., “it was an 80-study meta-analysis”).  The third option was to use 

the total number of correlations measuring GMA and performance.  Using the total number 

of participants as the sample weight was not appropriate given the higher-level nature of this 

study.  The correct “sample size” was at the study level instead of the individual level. 

Unfortunately, using the number of studies that contributed to each effect size did not 

account for those studies that conducted multiple experiments and reported them in the same 

document.  Furthermore, only 42% of meta-analyses reported the number of studies that 
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contributed to each effect size (recalling that there were often multiple effect sizes per meta-

analysis).  Using the number of correlations solved the problems of study level, multiple 

studies in one document, and lack of reporting; all of the meta-analyses reported the number 

of correlations associated with each effect size.   

In keeping with the recommendations of the literature regarding multiple, non-

independent coders, an outside coder reviewed a random sample of the literature (Harwell & 

Maeda, 2008).
 
Because of the extent of background information needed to identify and code 

items of interest, the goal in this case was to confirm judgment.  To this end the author used 

highlighting, arrows, and comments during the coding process in order to make it more 

efficient for the independent coder to evaluate the information.  The independent coder, who 

was an I-O doctoral student and a subject matter expert (SME) in meta-analysis, underwent 

an intensive training session in which she reviewed the background information for all the 

codes that needed to be accounted for in each article.  She then took a randomly selected 50% 

sample of the total literature and coded them herself; agreement was 83% on codes that 

required interpretation and 95% on variables that did not. An example of a code that required 

interpretation would be whether the authors sufficiently defined their domain of interest 

whereas a variable that does not require interpretation would be the value for interrater 

reliability.  Although most meta-analyses report almost perfect agreement values after 

consensus, the highly subjective and cognitively intense nature of this coding did not allow 

for such high percentages.  However, the coding procedure was so complex that these values 

are acceptable. 

Mega-Analysis 
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The mega-analysis was conducted as a step in the required process of obtaining the 

information for the mega-regression.  The analysis of the 57 studies was performed using the 

Comprehensive Meta-Analysis software (2005).  Correlational values were converted to 

Fisher’s Z scores and a random effects model was used.   

Mega-Regression 

The operationalizations of the criticisms identified in Table 3 have been listed in 

Table 5.  Table 5 contains those criticisms that were included in both the descriptive analysis 

and the mega-regression.  Those criticisms that were suitable for inclusion in the mega-

regression analysis are identified by an asterisk.  In order to be eligible for inclusion in the 

mega-regression, the criticism had to be quantifiable, have enough data to support the 

analysis, and it had to make sense in terms of analysis.  Recall that several of the criticisms 

were quantifiable, but unsuitable for mega-regression analysis for practical or conceptual 

reasons.  For example, although number of coders was an interval variable and therefore 

technically suitable for inclusion in mega-regression, there were not enough data to use this 

variable in a mega-regression.  Variables such as these are discussed descriptively but not 

included in the mega-regression.  For example, non-independence of coders was not suited 

for the mega-regression because it is not an interval variable.  Nine criticisms were coded for 

in each of the 57 meta-analyses identified for this study, and four were included in the mega-

regression.   

A weighted least squares (WLS) random effects regression model was used to 

calculate the prediction of the overall effect size.  The weighting procedure was calculated in 

accordance with recommendations from Steel and Kammeyer-Mueller (2002), who found 
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that WLS regression was more robust than other options and predicted well in comparison to 

other techniques in the presence of multicollinearity.  SPSS syntax from David Wilson 

(Lipsey & Wilson, 2002; Wilson, 2005) was used to calculate the maximum likelihood 

regression using a random effects model because SPSS does not have a built in function for 

random effects.  This syntax typically includes a built-in weighting component, but this was 

disabled for the purposes of this mega-regression in favor of the Steel-Kammeyer-Mueller 

(2002) approach.  Missing data were analyzed listwise, leaving a total sample size of 41, just 

above the recommended value for four independent variables (Higgins & Green, 2006).   

 Mega-regression variables.  After applying the selection criteria described above, 

the predictors suitable for mega-regression were the level of inclusivity/exclusivity, 

publication bias, number of coders, type of fixed effects model, and judgment disclosure.  

These variables were suitable because they were continuous or suitable for dummy-coding, 

they had a high occurrence of being reported, and they were theoretically important.  

Unfortunately, there was not enough data to support the inclusion of the number of coders 

(NC) variable, which had to be dropped from the mega-regression. The remaining four 

variables were used to explore the model described in Figure 2. 

Inclusivity. Inclusivity was suitable because, as a ratio of the number of studies in the 

meta-analysis over the total number of studies available up to that year, it was an interval 

level scale.  It is also expected that the number of studies will be disclosed in almost every 

meta-analysis, and it is a frequently cited concern.   

 Publication bias.  Publication bias was included for many of the same reasons as 

inclusivity/exclusivity.  As a ratio of unpublished to published literature, it fit the criteria for 
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being measured on an interval scale.  As long as the meta-analyst reported the studies 

included in the meta-analysis, it was usually obvious which studies were published and 

which were not.   

Number of coders.  Number of coders was simply a count of the coders involved, so 

it was an interval level scale.  Evidence from Dieckmann et al. (2009) suggested there would 

be enough information on interrater reliability or agreement reported to use this variable in a 

mega-regression, but in this sample only 49% of studies disclosed usable information. 

Effects model.  The type of effects model is nominal and thus suitable for dummy-

coding; in this case 1 being the random effects model and 0 being a fixed effects model.  

There are conceptual reasons why fixed effects models should be included in the regression 

analyses.  It has already been determined that using a fixed effects model will result in 

consistently and significantly higher estimates of effect size than will the random effects 

model (Field, 2003; Hunter & Schmidt, 2000) in many real world situations.   By including 

the type of effects model in the mega-regression, it was possible to describe the relative 

importance of the effects model in contrast to other types of criticisms.   

 Judgment disclosure.  Judgment disclosure also fits the criteria for being a predictor 

in the mega-regression.  As a count of how many of Wanous, Sullivan, and Malinak’s (1989) 

judgment calls, it is an interval level scale.  In terms of availability, the level of disclosure is 

precisely what is being measured, thus there will be no data loss on account of meta-analyses 

not reporting needed information.  Finally, it is a very salient issue to critics.   

Number of corrections. The number of corrections could also have been included in 

the mega-regression based on its fulfillment of the statistical criteria.  However, there are 
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practical reasons why they were not.  First, the mega-regression used the uncorrected effect 

size estimates.  Second, as a matter of definition, corrections are a way to offset undue 

attenuation.  As such, they make the estimated effect size larger, and the more a meta-

analysis is corrected, the larger the effect size will become.  The impact of corrections on the 

effect size estimate is not in question; there is an established relationship between the two.  

For these reasons, descriptive analyses were computed, but the number of corrections was 

not included in the mega-regression.   

Results 

Descriptive Analysis 

The descriptive analysis included all quantifiable criticisms.  Frequencies were 

calculated for nominal data.  The sample was comprised mostly of meta-analyses published 

in I-O journals and education journals, but human factors, medical, military and general 

psychology journals were also represented (Table 6).   

The means and standard deviations calculated for each criticism (see Table 7) 

provided an answer to RQ1; namely, to what extent are the criticisms of meta-analysis 

present in the meta-analytic literature.  The level of inclusivity seemed low at first glance (M 

= .05, SD = .07), which was due in part to the shared pool of literature being 1477 studies.  

Publication bias also varied widely, with several studies including no unpublished literature 

and one containing 75% (M =.25, SD =.23).  There was very little deviation in terms of 

interrater agreement, with the minimum value being .82 and the maximum score indicating 

perfect agreement at 1.00 (M = .95, SD = .05).  The average number of coders per meta-

analysis was about 2 (M = 2.08, SD = .60), and their independence was fairly low (M = 1.67, 
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SD = .80), where 0 indicated that the data was handled solely by the authors and a 3 

indicating that the data was handled exclusively by a party not named as an author.  

Unsurprisingly, random effects models (1) were preferred the majority of the time over fixed 

effects models (0) in this sample (M = .77, SD = .42).  There were only a few instances in 

which use of fixed effects models could be inferred. In terms of corrections, meta-analyses 

averaged two types of corrections out of the 11 listed by Hunter and Schmidt (2004).  The 

most common types of corrections were for unreliability on the dependent variable and range 

restriction, as well as unreliability on the independent variables.  Finally, the meta-analyses 

averaged about 13 out of the 22 points of disclosure enumerated by Wanous et al., (1989).  

The highest value was 18, and the lowest was 7, with a standard deviation of 2.73.   

  The correlation matrix shows interesting relationships between for these variables 

(see Table 8).  Most of the significant correlations were unsurprising given the history and 

nature of meta-analysis.  Inclusivity was significantly correlated with publication bias, such 

that as the sample size grew larger, the number of unpublished studies also tended to grow 

larger (r = .50, p < .05).  Inclusivity was correlated negatively with effect model (r = -.36, p < 

.05), meaning that as the number of studies increased random effects models were used less, 

and with year of publication (r = -.34, p < .05), so that more studies were associated with 

older meta-analyses.  Similar to inclusivity, publication bias was correlated negatively with 

effects model (r = -.59, p < .05) and year of publication (r = -.34, p < .05).  As the number of 

unpublished studies in meta-analyses increased, the type of effects model trended towards 

fixed.  Also, as the number of unpublished studies increased, the year of publication trended 

older.  Given this information, it is unsurprising that effects model was correlated with year 
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of publication such that older publications more often used fixed effects models (r = .46, p < 

.05).  The disclosure, interrater agreement, and number of coders variables showed no 

significant intercorrelations. 

Mega-Analysis 

The overall estimated effect size aggregating all of the information from the sample 

of meta-analyses and estimating the relationship between GMA and performance was .25.    

Meta-analyses were therefore fairly uniform in their estimation of the GMA-performance 

relationship (see Table 9 for confidence interval information). 

Mega-Regression 

The results of the mega-regression indicated that the regression model explained a 

significant portion of the variability across effect sizes (Q = 17.57, R² = .30, df = 4, p < .01).  

Among the IVs, the amount of disclosure provided by the meta-analysts negatively predicted 

the effect size of the meta-analysis (see Table 10).  In other words, as meta-analysts disclosed 

more information regarding their procedure, the resulting estimated effect size tended to be 

smaller.  Alternatively, higher effect sizes were associated with less disclosure.  The other 

IVs, effects model, domain, and ratio of unpublished literature were all nonsignificant.   

Because inclusivity, publication bias, and effects model were moderately correlated 

and none were significant predictors of effect size, a logical attempt was made to identify a 

common latent construct.  Publication year was considered as a common factor because older 

studies tended to include larger samples, were more often government sponsored, and 

therefore included more technical reports and other unpublished information.  Furthermore, 

as the age of the meta-analysis increased, the availability of literature and meta-analytic 
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software decreased.  This may account for the correlational data suggesting that use of fixed 

effects models increases as publication year decreased, or became older.  Therefore, a second 

mega-regression was run to determine whether the shared variance of the three predictors 

was having an attenuating influence on each other. 

The secondary mega-regression regressing effect size on disclosure and publication 

year resulted in a significant model (Q = 12.38, df = 2, p < .01) but had a smaller R² (.19) 

than the previous model, meaning it explained less variance than the previous model.  

Disclosure was again a strong predictor of effect size (β = -.34, p = .01), but publication year 

did not contribute significantly to the model.   

Another possible moderator was research area, given that some areas might have a 

longer and more prolific history using meta-analysis.  However, an ANOVA showed that 

research area as defined by the six research areas was nonsignificant (F(5,45) = .22, p = .95).  

Another ANOVA was calculated, this time collapsing the categories into I-O and then all 

other areas in order to attain more equal group size and to examine whether I-O differed from 

other areas in terms of disclosure; the results were again nonsignificant (F(1,49) = .09, p = 

.77).  These findings indicate that even across fields, the relationship between disclosure and 

effect size did not differ.   

Discussion 

The overall effect size of .25 is much smaller than what might be expected by I-O 

psychologists given that some of our seminal research articles propose evidence that the 

correlation between GMA and performance is as much as .70 (e.g., Schmidt & Hunter, 

1998). This study provides some supplementary evidence that the GMA-performance 
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relationship has a small to medium effect; however it is important to interpret these results 

carefully.   Most importantly, the results taken from the meta-analytic sample were the 

uncorrected values, which are not usually considered by consumers of the research; the 

estimation of .25 is completely uncorrected for any error at all.  Common practice is to 

correct for several sources of error, with more correction for weaker samples.  It is likely that 

if the corrected effect sizes were used, the resulting overall effect size would be much more 

in line with expected values.  Another factor to consider is the compounded error inherent in 

a mega-analysis and the fact no attempt was made to correct for the error in this study.  That 

being said, even with the inclusion of meta-analyses of disparate disciplines, publication 

date, author, and sample, the confidence intervals remained fairly consistent.  One reason for 

this might be that meta-analyses are converging on the true value of the effect size as 

advertised.  Another important factor to consider is that there was a small degree of overlap 

in the samples for each meta-analysis, and that this likely contributed to the degree of 

consistency.    

The most important finding in this study was that disclosure was the predominant 

predictor of effect size.  Unlike inclusivity and the publication bias, disclosure is difficult to 

explain away in the context of the constructs or the history of meta-analysis.  One exception 

might have been publication year because reporting standards in journals were not fully 

developed until later on in the lifecycle of meta-analysis.  However, the correlation matrix 

shows that publication year was not correlated with disclosure. 

Surprisingly, neither inclusivity nor publication bias predicted effect size.  These 

issues have been historic concerns of the meta-analytic community since the first meta-
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analysis was published.  It might be that because opponents were so vocal in the early stages 

of the development of meta-analysis that meta-analysts have since made a conscious effort to 

reduce any undue influence of incomplete domain coverage or lack of unpublished literature.  

Another likely possibility is that GMA is such a general construct that it is consistent enough 

that studies were likely to find similar effect sizes regardless of operationalization or 

publication status.  The relatively close confidence intervals for each meta-analysis support 

the idea that there was not a lot of variation of effect size among the sample studies.  If this 

were the case it would make less difference whether there were 10 studies or 100.  It may be 

that if the constructs being measured were different, the level of inclusivity and unpublished 

literature would be significant predictors.  

These findings are supportive of recent research (Aguinis, Dalton, D., Bosco, Pierce, 

& Dalton, C., 2011) which found that meta-analyses are robust in terms of idiosyncratic 

choices made by researchers.   This study was very thorough in terms of documenting and 

analyzing the association between methodological choices and effect sizes.  The 

nonsignificant results of the mega-regression for publication bias, inclusivity, and effects 

model are in agreement with the findings of these authors. That study differed from this one 

in that numerous types of meta-analyses were used; no attempt was made to measure a single 

topic.  Thus, it was not feasible to do a predictive analysis.  Another key difference is that 

Aguinis et al. (2011) did not create a variable that accounted for overall disclosure, which in 

this study turned out to be the only significant predictor of effect size. 

The results of this study are also supported by a study by Wicherts, Bakker, and 

Molenaar (2011) which found that scientists who were unwilling to share their data were 
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more likely to have data containing evidence that contradicted their reported findings. These 

authors searched through 49 psychology studies and recalculated p-values by triangulating t 

scores and F values in primary level studies.  The authors then contacted the researchers of 

each study.  The authors of 21 studies provided a dataset when contacted and the authors of 

the other 28 studies did not.  Those who disclosed the dataset had recalculated study results 

that tended to be more closely aligned with reported values than those who did not. 

Unfortunately, the question of whether fraud exists in psychology research is not 

academic.  An article published in the New York Times (Carey, 2011) illustrates how the 

current publication system allows researchers to operate in near secrecy and massage data to 

find the results that would most benefit themselves.  In this case a psychologist was able to 

create results regarding racism, stereotyping and sexism in the workplace that became 

popularized by the media.  The article does not report how many of his more than 150 

published studies were fraudulent, but even a small fraction of that number when they are so 

highly publicized cause considerable damage to the scientific credibility of psychology.  

Fraud also breeds fraud; it is difficult to compete for limited publication opportunities when 

other researchers are fabricating data and results. 

Limitations 

The biggest limitation to this study was sample size.  It was very difficult to find 

meta-analyses that fit the criteria for inclusion; however this problem should abate as 

researchers continue to publish meta-analyses.  Despite the fact that there was overlap in the 

pool of studies used by the mega-regression and a moderate low, but acceptable sample size, 

a significant model and IV were still identified.  Generally, the larger the sample size, the 
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easier it is to find significant results due to increased power. This study was unable to 

consider number of coders as a predictor, but future studies might include this and other 

variables.  A larger sample size might also cause other variables to reach significance as well. 

We know that the effects model variable should predict the effect size because fixed 

effects models produce higher effect sizes than random effects models.  However, the mega-

regression showed that the type of effects model was not significant.  The most likely culprit 

was the lack of data because almost all studies used the random effects model.  Most of the 

studies used the method of conducting meta-analyses recommended by Hunter and Schmidt 

(1990) regardless of their research area.  The very low variance is a sign that meta-analysts 

are using the appropriate analysis type; however it made reaching significance more difficult. 

Future Research 

 The type of mega-regression conducted in this study should only be conducted if one 

is interested in the characteristics of the meta-analytic sample rather than the underlying 

participants.  Future research on this topic could attempt to find systematic differences based 

on moderators not explored in this study.   One avenue of research is to explore how the 

different types of corrections affect meta-analytic effect sizes.   

 Another avenue that was not explored in this study is the possibility that the author is 

a predictor of meta-analytic effect size.  In cases where authors publish multiple meta-

analyses over a series of topics, there should be no methodological reason to believe that 

their results would differ from other authors who are meta-analyzing the same variables.  A 

conceptual reason why this might not be the case is that authors are taught or have learned to 

do meta-analysis a certain way, and they are adhering to those principles.  This would 
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reasonably cause them to have systematically higher or lower effect sizes than other meta-

analyses.   

With a diverse enough sample and some hierarchical analyses, it might be possible to 

explore how research varies on a researcher-by-researcher basis.  The meta-analytic sample 

would comprise the first level of analysis, and the authors would comprise the second level 

of analysis as grouping variables.  It might also be possible to use journal as a third and 

highest level of analysis.  This methodology would allow one to analyze differences in effect 

size based on author. 

Conclusions  

The most unsettling explanation for the finding that disclosure is the only significant 

predictor of effect size is that meta-analysts may be taking advantage of the subjective nature 

of the meta-analytic process in order to boost the overall effect size.  There are no direct 

reasons why disclosing more information should lead to smaller effect sizes.  In fact, even 

when disclosure could be expected to differ, such as across research areas where stylistic 

differences could be expected, there is no reason to believe the effect size would be different.  

Any one of the decision making points are easy to manipulate in such a way that an effect 

size becomes larger and thus more likely to be significant, and full disclosure of procedure 

adds accountability to the process which may prevent the inflation of the effect size.  Given 

the competitive nature of publication and the difficulty and time requirement of completing a 

meta-analysis, there is also plenty of motivation.   

There are two ways in which fraud can be introduced into meta-analyses.  The first is 

to create fraudulent datasets or simply represent the existence of a dataset by reporting results 



33 

 

 

 

 

without existing data.  Second, it is possible to manipulate the many decision points in the 

meta-analytic process to bias results in a certain direction.  Meta-analysis is resistant to the 

first type of fraud because it requires disclosure of a sample of studies.  Unless the study 

contains unpublished studies exclusively or does not publish the list of sample studies, then 

there is a degree of built-in accountability in that the research community is often already 

familiar with the data being addressed.  It is possible to detect the second type of fraud only 

if there is enough disclosure or there is access to the dataset.  

The findings of this study highlight the need for a strict set of universal standards 

such as those recommended by the Cochrane Collaborative (Higgins & Green, 2011).  The 

Cochrane Collaborative is a non-profit research group comprised largely of volunteers.  The 

main goal of the Collaborative is to produce systematic reviews with meta-analyses (called 

Cochrane Reviews) of medical research according to a predefined, rigorous and explicit 

methodology in order to avoid intentional biasing.  Each review is prepared by an author 

team with support from specialist librarians, methodologists, copy and content editors, and 

peer reviewers, taking hundreds of hours.  The Cochrane Collaborative is independent and 

therefore outside the influence of research stakeholders; it also has an impact factor of 6.186 

as of 2010, meaning that it is cited roughly six times for every publication.  Cochrane 

Reviews not only provide a reliable lens through which to interpret study results, they are a 

yardstick by which other research can be evaluated. 

Meta-analyses conducted in I-O Psychology, or any field in the social sciences, are 

unlikely to be as thorough and expensive in terms of time and resources as Cochrane 

Reviews.  On one hand, the survival of individuals is not at stake in I-O research, and meta-
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analysis is already very difficult; on the other hand, we need a gold standard that we can 

attempt to approximate.  Even more importantly, we need to enforce accountability enough 

that we can maintain confidence in our findings and increase our credibility as a field.    

An ideal solution would be a set of guidelines that were universal for all I-O 

Psychology publications, or even for all fields falling under the APA umbrella.  Journals are 

likely to already have an internal set of guidelines for what constitutes an acceptable meta-

analysis.  However, a universal standard would remove imbalances in guideline quality 

across the field, reduce the need for researchers to retool their meta-analyses to cater to 

different journals’ guidelines if they were submitted to more than one, and provide a 

common understanding of what is a meta-analysis.  An approximation of the Cochrane 

Collaboration’s handbook could be created, with a special focus on the methods and needs of 

social scientists.  The formulaic nature of the Collaboration’s approach to conducting meta-

analyses would benefit I-O Psychology in two ways: all critical information would be 

disclosed every time, and meta-analyses would be easier to review.  

Standards address the set of issues that involve disclosure, but there is still a set of 

issues that revolve around data fraud.  One of the most powerful accountability measures 

might be for an independent group like the Cochrane Collaborative or make a random portion 

of published meta-analytic datasets public.  Another option is for each publishing journal to 

host the datasets. For either option, a standard data template should be provided because 

dataset formats can vary widely between researchers.  The data template would complement 

the structure of the meta-analysis guidelines so using the data would be easier for reviewers 

and fellow researchers.  Furthermore, the data template should be set up for a codebook to be 
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easily built in.  One of the most common cited reasons authors gave for not providing a 

dataset was that it would be too time-consuming to create a codebook after time away from 

the project.  Because of the amount of work involved in keeping data organized in a meta-

analysis, codebooks can be daunting, especially after returning to the data after a significant 

amount of time has passed.  Not only would a random sample make it easy to verify coding 

strategies and ensure that the results made sense, but the transparency would likely 

discourage fraudulence from occurring.  This may be especially effective given that the 

authors of the sample studies would likely be among those reviewing the dataset. 

As it stands, the results of this study suggest that consumers should be selective and 

informed regarding strengths and pitfalls of meta-analysis.  Before trying to understand the 

results of a meta-analysis, researchers should educate themselves on the basics of what 

constitute a sufficient disclosure.  For the type of meta-analysis typically conducted in the 

social sciences, a good guide article is that by Wanous, Sullivan and Malinak (1989).  A 

barometer as to the completeness of the reporting is to answer whether one could replicate 

the meta-analysis step by step if needed.  Consumers of meta-analytic research would be 

especially benefitted by a universal standard with accountability measures because there 

would be less need for them to be educated on every aspect of meta-analysis.  Not every 

reader of meta-analyses should have to understand each step of the meta-analytic process in 

order to evaluate whether the results are useful to him.   

Again, the GMA-performance relationship has been well researched and validated, 

and the pool of meta-analytic literature is dwarfed by the primary level research. Therefore, a 

few overestimating meta-analyses might not impact the field to a great extent.  However, in 
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growing fields where literature is harder to come by and new meta-analyses are sought to 

help researchers get an overview of a particular construct, they can have great influence on 

the direction of future research.  In these situations it is especially important for journals and 

individual researchers to be savvy consumers of meta-analytic data. 
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Footnotes 

1. The 57 meta-analyses are denoted in the bibliography with an asterisk. 

2. There are three criticisms identified in Table 3 that are not included in Table 7 

because they are not quantifiable.  The first of these is the criticism of conceptual 

errors.  Conceptual errors are a primary concern of critics of meta-analysis, but they 

will not be measured because of the difficulty of coding such subjective criteria and 

the inherent bias involved.  The second criticism not included in Table 7 is that of 

data errors.  Unfortunately, there is no way to code for such transcription errors other 

than to replicate each meta-analysis.  Aside from taking an impractical amount of 

time, there is no guarantee against making additional transcription errors in the 

replication. Finally, data mining is impossible to code because it implies an intention, 

which cannot be measured without intimate knowledge of the spirit of each meta-

analysis.  It might be possible to code for number of moderators, with more indicating 

a greater probability of data mining.  However, there is no reason to believe that 

someone interested in data mining would leave all the original moderators in the 

published meta-analysis.  These variables cannot be analyzed due to the difficulty of 

quantifying them; however most of the criticisms were operationalizable to some 

extent. 
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Table 1  

Hunter and Schmidt’s (2004) Sources of Error Table 

 

1. Sampling Error 

2. Error of measurement in the dependent variable 

3. Error of measurement in the independent variable 

4. Dichotomization of a continuous dependent variable 

5. Dichotomization of a continuous independent variable 

6. Range variation in the independent variable 

7. Attrition artifacts: range variation in the dependent variable 

8. Deviation from perfect construct validity in the independent variable 

9. Deviation from perfect construct validity in the dependent variable 

10. Reporting or transcriptional error 

11. Variance due to extraneous factors that affect the relationship 

Note. From Methods of Meta-Analysis by J. E. Hunter and F. L. Schmidt, 2004, Thousand Oaks, CA: Sage.  

Copyright 2004 by Sage.  Adapted with permission. 



53 

 

 

 

 

Table 2  

Meta-Analysis Procedures: Calculations versus Judgment Calls 

 
1. Define the domain of research (judgment call) 

a. By independent variable 

b. By commonly researched variable 

c. By causes and consequences of important variable 

2. Establish criteria for including studies in the review (judgment call) 

a. Published versus unpublished study 

b. The time period covered in the review 

c. Operational definitions of variables 

d. The quality of a study 

3. Search for relevant studies (judgment call) 

a. Computer search 

b. Manual search 

4. Select the final set of studies (judgment call) 

a. Do individually 

b. Done by more than one person 

5. Extract data on variables of interest, sample sizes, effect sizes, reliability of measurement, and other 

noteworthy characteristics of each study (judgment call) 

a. Use all the data when multiple measures are reported 

b. Use a subset of the data 

6. Code each study for characteristics that might be related to the effect size reported in the study 

(judgment call) 

a. Research design factors 

b. Sample characteristics 

c. Organizational differences 

7. When there are multiple measures of independent and/or dependent variables, decide whether to group 

them a priori or not (judgment call) 

a. Theoretical diversity among variables 

b. Operational measurement diversity among variables 

8. Determine the mean and variance of effect size across studies (calculations) 

a. Mean effect size weighted by sample size 

b. Between-studies variance in effect size 

c. Estimate of artifactual sources of between-studies variance (sampling error, attenuation due 

to measurement error, and range restriction) 

d. Estimate of true between-studies variance 

e. Estimate of true mean effect size corrected for measurement error and range restriction 

9. Decide whether to search for moderator variables (calculations) 

a. Significance test 

b. Amount of between-studies variance that is artifactual 

10. Select potential moderators (judgment call) 

a. Theoretical considerations 

b. Operational measurement considerations 

11. Determine the mean and variance of effect sizes within moderator subgroups (calculations): Procedure 

similar to Step 8. 

Note. From “The Role of Judgment Calls in Meta-Analysis” by Wanous, Sullivan & Malinak, 1989,  Journal of 

Applied Psychology, 74, 261. Copyright 1989 by US: American Psychological Association. Reprinted with 

permission.
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Table 3  

Criticisms of Meta-Analysis 

 

 

First Author 

Problem 

ID  
Study Inclusion 

 
Coding 

 
Analysis 

 
Reporting 

CE 
 

IE* PB* 
 

IR NC* NI E 
 

FE* NR DM 
 

JD* 

Bobko 1998 X 

 
X X 

 
. . X . 

 
. X X 

 
X 

Bobko 2007 . 

 
X . 

 
. . . . 

 
. . X 

 
X 

Bullock 1985 X 

 
X X 

 
X X . . 

 
. . X 

 
X 

Chow 2001 X 

 
X X 

 
. . . . 

 
X . . 

 
X 

Cook 1980 X 

 
X X 

 
. . . . 

 
. . . 

 
X 

Dixon-Woods 2007 . 

 
X . 

 
. . . . 

 
. . . 

 
X 

Eysenck 1978 . 

 
X . 

 
. . . . 

 
. . X 

 
X 

Eysenck 1994 X 

 
X . 

 
. . . . 

 
. . . 

 
. 

Flather 1997 . 

 
X X 

 
. . . . 

 
X . . 

 
X 

Hall 1991 X 

 
. . 

 
. . . . 

 
. . . 

 
. 

Harwell 2008 X 

 
X . 

 
X X . . 

 
. . . 

 
X 

Howard  . 

 
. X 

 
. . . . 

 
. . . 

 
X 

Hunter 2000 . 

 
. . 

 
. . . . 

 
X . . 

 
. 

Hunter 2006 . 

 
. . 

 
. . . . 

 
. X . 

 
X 

Kisamore 2008 . 

 
. . 

 
. . . . 

 
X . . 

 
. 

Kramer 1998 . 

 
X X 

 
. . . . 

 
. . . 

 
X 

Junhua 2007 . 

 
X X 

 
. . . X 

 
. . . 

 
X 

Gillett 2001 . 

 
. X 

 
. . . . 

 
. . . 

 
. 

Field 2003 . 

 
X X 

 
. . . . 

 
X X . 

 
X 

McGuire 1985 . 

 
X . 

 
X X . . 

 
. . . 

 
. 

Jorgensen 2008 . 

 
X . 

 
. . . . 

 
. . . 

 
X 

Kulik 1984 . 

 
X . 

 
. . . . 

 
. . . 

 
X 
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Table 3 Continued 

 

  

First Author 

Problem 

ID  

Study 

Inclusion  
Coding 

 
Analysis 

 
Reporting 

CE 
 

IE* PB* 
 

IR NC* NI E 
 

FE* NR DM 
 

JD* 

Kulik 1986 X 

 
. . 

 
. . . . 

 
. . . 

 
X 

Levine 2009 . 

 
. X 

 
X . . . 

 
. . . 

 
. 

L'hommedieu 

1987 X 

 
. . 

 
. . . . 

 
. . . 

 
X 

Lipsey 2003 X 

 
X . 

 
. . . . 

 
. . . 

 
. 

Mintz 1983 . 

 
X . 

 
. . . . 

 
. . . 

 
X 

Nugent 2009 X 

 
. . 

 
. . . . 

 
. X . 

 
. 

Nurius 1987 . 

 
X X 

 
X X X . 

 
. . . 

 
. 

Levine 2009 . 

 
X X 

 
X . . . 

 
. . . 

 
X 

Petrosino 1995 . 

 
X X 

 
. . . . 

 
. . . 

 
X 

Pogue 1998 .  . X  . . . .  . . .  X 

Rosenberger 

2009 .  X X  . . . .  . . .  . 

Rosenthal 1979 .  . X  . . . .  . . .  . 

Rotton 2005 .  . X  . . . .  . . .  . 

Russell 1995 X  X .  . . . .  . . .  X 

Laczo 2005 .  X .  . . . .  . X .  X 

Schmidt 2006 .  . .  . . . .  . X .  . 

Schrier 2008 .  . .  X . . .  . . .  X 

Shadish 1991 .  . .  . . . .  . . .  X 

Sharpe 1997 .  X X  . . . .  . . .  X 

Simunovic 2009 .  X X  . . . .  . . .  X 
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Table 3 Continued 

 

 

First Author 

Problem 

ID  
Study Inclusion 

 
Coding 

 
Analysis 

 
Reporting 

CE 
 

IE* PB* 
 

IR NC* NI E 
 

FE* NR DM 
 

JD* 

Sohn 1995 X  . X  . . . .  . . .  . 

Sohn 1996 X  . X  . . . .  . . X  . 

Spector 1991 .  X X  . . . .  X . .  X 

Stanley 1987 X  X X  . . . .  . . .  X 

Streiner 2005 X  X X  . . . .  . . .  . 

Count 17  32 28  7 4 2 1  6 7 5  33 

% of Total 33%  63% 55%  14% 8% 4% 2%  12% 14% 10%  65% 

Note. Bold type indicates the variable was coded.  * indicates the variables was included in the mega-regression.  CE = 

Conceptual Errors; IE = Inclusivity/Exclusivity; PB = Publication Bias; IR = Interrater Reliability; NC = Number of 

Coders; NI = Non-independent Coders; E = Errors; FE = Fixed Effects Model; NR = Number of Corrections; DM = Data 

Mining; JD = Judgment Disclosure. 
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Table 4  

Characteristics of the Meta-Analytic Sample 

 

Meta-Analysis Year Area r 
Participant 

Total 

Correlation 

Total 

Study 

Total 
IV DV 

Arthur 1991 1991 
Human 

Factors 
0.12 1,020 10 32 Cognitive Ability Tests        

Driving 

Performance            

Barrett 1999 1999 IO 0.2 2,791 24 24 Cognitive Ability Tests        Job Performance                

Bell 2007 2007 IO 0.23 2,995 42 87 Cognitive Ability Tests        
Team Training 

Performance      

Bertua 2005 2005 IO 0.22 2,469 12 32 
Global Cognitive 

Ability Tests 
Job Performance                

Bobko 1999 1999 IO 0.3 9,275 4 17 Cognitive Ability Tests        Job Performance                

Churchill 1985 1985 IO 0.14 . 820 116 Aptitude Tests                 Sales                          

D’Agostino 2009 2009 Education 0.18 . 496 123 GPA , Knowledge tests          Supervisor Ratings             

Devine 2001 2001 IO 0.29 1,749 24 19 
Team Cognitive Ability 

Tests   
Team Performance               

Donnon 2007 2007 Medical 0.39 7,419 6 6 MCAT                           
Medical School 

Performance     

Ferguson 2002 2002 Medical 0.3 21,905 753 26 GPA, MCAT                      
Undergraduate 

Medical Success  

Fleming 1983 1983 Education 0.47 . 14 169 Cognitive Ability Tests        Science Scores                 

Ghiselli 1973 1973 IO 0.3 . 750 . Cognitive Ability Tests        Managerial Ratings             

Goldberg 1992 1992 Education 0.15 963 11 10 Verbal GRE                     Graduate GPA                   

Hermelin 2001 2001 IO 0.22 3,597 25 2 Cognitive Ability Tests        Job Performance                

Hirsch 1986 1986 IO 0.34 12,897 85 83 Cognitive Ability Tests        
Training 

Performance           

Hulsheger 2007 2007 IO 0.31 11,969 90 54 
Global Cognitive 

Ability Tests 
Training Success               

Hunter 1984 1984 Psychology 0.21 1,089 17 4 College GPA                    Supervisor Ratings             

Hunter 2002 2002 Military 0.13 8,071 14 . 
Global Cognitive 

Ability Tests 
Pilot Rating                   
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Table 4 Continued 

 

Meta-Analysis Year Area r 
Participant 

Total 

Correlation 

Total 

Study 

Total 
IV DV 

Judge 2004 2004 IO 0.17 40,652 151 96 
Cognitive Ability 

Tests        
Leadership Performance         

Kahl 1982 1982 Education 0.46 . 308 169 
Cognitive Ability 

Tests        
Academic Performance           

Kim 2005 2005 Education 0.14 45,880 447 21 
Cognitive Ability 

Tests        

Divergent Thinking 

Performance 

Kim 2008 2008 Education 0.17 5,544 94 44 
Cognitive Ability 

Tests        
Creative Achievement           

Kreiter 2007 2007 Medical 0.56 64,534 8 11 MCAT, UGPA                     Professional Attainment        

Kuncel 2001 2001 Psychology 0.23 14,156 103 119 GRE Verbal                     Graduate GPA                   

Kuncel 2004 2004 Psychology 0.27 11,368 70 127 MAT                            Graduate GPA                   

Kuncel 2005 2005 Medical 0.28 2,811 32 20 PCAT-Verbal                    1st Year GPA                 

Kuncel 2007 2007 IO 0.32 28,624 202 46 GMAT                           1st Year GPA                 

Kuncel 2010 2010 Education 0.29 7,214 56 . 
GGPA, Masters, 

GRE-V           
Academic Performance           

Levine 1996 1996 
Human 

Factors 
0.25 12,504 149 80 

Cognitive Ability 

Tests        
Job Performance                

Mabe 1982 1982 IO 0.31 14,811 267 52 
Cognitive Ability 

Tests        
Academic Performance           

Martinussen 1996 1996 Military 0.22 17,900 35 50 
Cognitive tests, 

Intelligence Tests 
Pilot Performance              

Martinussen 1998 1998 Military 0.09 773 4 5 
Cognitive Ability 

Tests        
Pilot Performance              

Martocchio 1992 1992 IO 0.31 1,535 5 8 
Cognitive Ability 

Tests        
Objective Performance          

Mattinson 1986 1986 IO 0.32 7,916 8 . ASVA - clerical                Training Performance           

Meriac 2008 2008 IO 0.3 38,350 5 48 
Cognitive Ability 

Tests        
Job Performance                

Morrison 1995 1995 Education 0.22 5,186 10 22 GRE-Q                          Graduate GPA                   
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Table 4 Continued 

 

Meta-Analysis Year Area r 
Participant 

Total 

Correlation 

Total 

Study 

Total 
IV DV 

Nathan 1988 1988 IO 0.25 11,987 142 . Cognitive Ability Tests        Supervisor Ratings             

Oh 2008 2008 IO 0.32 28,624 202 46 GRET                           
1st Year Graduate 

GPA        

Pearlman 1980 1980 IO 0.26 17,539 194 698 . . 

Poropat 2009 2009 Psychology 0.23 31,955 47 86 IQ tests                       
Academic 

Performance           

Robbins 2004 2004 Psychology 0.37 16,648 31 109 ACT/SAT scores                 GPA                            

Roberts 2007 2007 Psychology 0.31 1,789 4 104 Cognitive Ability Tests        
Occupational 

Attainment        

Roth 1996 1996 IO 0.16 13,984 71 48 Grades                         Job Performance                

Roth 2005 2005 IO 0.32 17,563 43 37 Cognitive Ability Tests        Work Sample                    

Salgado 2002 2002 IO 0.21 8,522 45 106 Cognitive Ability Tests        Job Performance                

Salgado 2003 2003 IO 0.22 394 5 . GMA Tests - France             Job Performance                

Salgado 2003b 2003 IO 0.29 9,554 93 . GMA                            
Job Performance 

Rating         

Salgado 2003a 2003 IO 0.48 1,445 26 . GMA                            Job Performance                

Samson 1984 1984 Education 0.16 . 35 35 Academic Performance           
Occupational 

Performance       

Schmidt 1980 1980 IO 0.73 1,299 42 . PAT                            
Proficiency Total 

Score        

Schmidt 1981 1981 IO 0.18 1,486 16 . Cognitive Ability Tests        Job Performance                

Schmidt 1997 1997 IO 0.29 . 3 . Cognitive Ability Tests        Job Performance                

Schmitt 1984 1984 IO 0.25 40,230 53 99 
Global Cognitive 

Ability Tests 
Job Performance                

Steinkamp 1983 1983 Education 0.39 66 5 . 
Cognitive Ability Tests 

- Male 
Achievement                    

Stermer 1988 1988 Military 0.81 29,619 . . AFQT - Mechanical              
Training Course 

Performance    
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Table 4 Continued 

 

Meta-Analysis Year Area r 
Participant 

Total 

Correlation 

Total 

Study 

Total 
IV DV 

Stewart 2006 2006 IO 0.3 791 10 93 
Team Cognitive Ability 

Tests   

Team Performance               

Vinchur 1998 1998 IO 0.02 1,310 12 . Cognitive Ability Tests        Sales                          
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Table 5  

Coding Procedures 

Criticism Code Type Operationalization 

Problem Identification 
  

Conceptual Errors N/A N/A 

Study Inclusion 
  

Inclusivity* Ratio Studies used/Total studies from all meta-analyses. 

Publication Bias* Ratio Unpublished studies used/Total studies used 

Coding 
  

Interrater Reliability Transcription Interrater agreement. 

Number of Raters* Transcription Number of people who participated in coding activities. 

Coder Non-

Independence 
Ordinal 1=No authors code, 2=Author(s) with non-author(s), 3=Only authors code. 

Transcriptional Errors N/A N/A 

Analysis 
  

Effects Model* Dichotomization 0=Fixed effects model, 1=Random effects model. 

Corrections Count 
Count of corrections from 1-11 as per Hunter and Schmidt (2004; see Table 

4). 

Data Mining N/A N/A 

Reporting 
  

Judgment Disclosure* Count 

Count of disclosure points from 0-22 as per Wanous, Sullivan, and 

Malinak’s (1989; see Table 2).  Extra point for each instance of 

supplementary documentation. 

Other 
  

Descriptive Information Transcription 
Descriptive information will consist of date of publication, area of research, 

and journal title.    
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Table 6  

Research Area Frequencies 

 Frequency Percent Cumulative Percent 

Education 10 17% 17% 

Human Factors 2 3% 21% 

IO 32 55% 76% 

Medical 4 7% 83% 

Military 4 7% 90% 

Psychology 6 10% 100% 

Total 58 100%  
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Table 7  

Descriptive Analysis of Criticisms of Meta-Analysis 

 

  Correlation Total Minimum Maximum Mean SD 

Study Inclusion 
     

     Inclusivity/exclusivity 43 0.00 0.47 0.05 0.07 

     Publication bias 43 0.00 0.75 0.23 0.25 

Coding 
     

     Interrater Agreement 17 0.82 1.00 0.95 0.05 

     Number of coders 28 1.00 4.00 2.07 0.60 

     Non-Independence 21 0.00 3.00 1.67 0.80 

Analysis 
     

     Random Effects Model 57 0.00 1.00 0.77 0.42 

     Corrections 52 0.00 4.00 2.25 1.31 

Reporting 
     

     Judgment Disclosure 57 7.00 18.00 13.71 2.73 
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Table 8  

Correlation Matrix of Effect Size, Year of Publication, and Variables 

 
Inclusivity 

Publication 

Bias 
Disclosure 

Effects 

Model 

Number of 

Coders 

Interrater 

Agreement 

Year of 

Publication 

Effect 

Size 

Number of 

Correlations 

Inclusivity 1.00 
        

Publication Bias .50
**

 1.00 
       

Disclosure -.09 -.03 1.00 
      

Effects Model -.36
*
 -.59

**
 .07 1.00 

     
Number of 

Coders 
.34 -.24 -.24 .21 1.00 

    

Interrater 

Agreement 
-.15 .29 -.39 .12 -.02 1.00 

   

Year of 

Publication 
-.34

*
 -.35

*
 .17 .46

**
 .22 .28 1.00 

  

Effect Size .09 .18 -.17 -.14 -.09 .15 -.17 1.00 
 

Number of 

Correlations 
.15 .38

*
 -.04 -.07 -.05 .35 -.19 -.08 1.00 
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Table 9  

Mega -Analysis Statistics and Results 

Meta-analysis Correlation Lower limit Upper limit p-Value 

1 0.32 -0.158 0.675 0.19 

2 0.23 -0.079 0.499 0.14 

3 0.27 -0.115 0.581 0.17 

4 0.30 -0.929 0.979 0.76 

5 0.14 0.070 0.205 0.00 

6 0.29 -0.124 0.623 0.17 

7 0.47 -0.081 0.801 0.09 

8 0.31 -0.058 0.602 0.10 

9 0.19 -0.004 0.377 0.06 

10 0.17 0.011 0.321 0.04 

11 0.46 0.367 0.544 0.00 

12 0.14 0.050 0.232 0.00 

13 0.32 0.144 0.474 0.00 

14 0.32 -0.441 0.816 0.42 

15 0.24 0.147 0.326 0.00 

16 0.27 -0.031 0.529 0.08 

17 0.28 0.092 0.453 0.00 

18 0.31 0.197 0.415 0.00 

19 0.18 -0.187 0.506 0.33 

20 0.12 -0.902 0.938 0.88 

21 0.23 -0.819 0.924 0.74 

22 0.30 -0.792 0.935 0.66 

23 0.31 0.143 0.456 0.00 

24 0.23 -0.061 0.485 0.12 

25 0.37 0.016 0.639 0.04 

26 0.31 -0.927 0.979 0.75 

27 0.32 0.022 0.566 0.04 

28 0.16 -0.076 0.379 0.18 

29 0.12 -0.553 0.695 0.76 

30 0.17 -0.023 0.355 0.08 

31 0.39 -0.617 0.913 0.48 

32 0.29 0.201 0.382 0.00 

33 0.15 -0.495 0.688 0.67 

35 0.13 -0.430 0.618 0.66 

36 0.17 -0.595 0.772 0.70 
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Table 9 Continued 

 

Meta-analysis Correlation Lower limit Upper limit p-Value 

37 0.24 -0.153 0.566 0.23 

38 0.31 0.037 0.546 0.03 

39 0.54 -0.537 0.947 0.33 

40 0.30 -0.472 0.812 0.46 

41 0.25 -0.450 0.760 0.50 

42 0.25 -0.075 0.527 0.13 

43 0.32 0.144 0.474 0.00 

44 0.24 0.069 0.400 0.01 

45 0.30 0.036 0.530 0.03 

46 0.26 -0.600 0.839 0.59 

47 0.28 0.088 0.460 0.00 

48 0.16 -0.188 0.464 0.38 

49 0.78 0.552 0.895 0.00 

50 0.19 -0.364 0.649 0.51 

52 0.25 -0.024 0.486 0.07 

53 0.39 -0.751 0.947 0.56 

55 0.30 -0.406 0.782 0.41 

56 0.16 -0.350 0.593 0.55 

57 0.47 -0.672 0.950 0.45 

 



67 

 

 

 

 

Table 10  

Mega-Regression of Effect Size onto Criticisms (N=57) 

      95% CI for β       

Variable Estimate SE LL UL Z p β 

     Inclusivity/exclusivity 0.01 0.03 -0.04 0.06 0.32 0.75 0.05 

     Publication bias 0.05 0.04 -0.02 0.12 1.35 0.18 0.31 

Coding 

            Number of coders . . . . . . . 

Analysis 

            Effects model 0.01 0.03 -0.05 0.08 0.35 0.73 0.09 

Reporting 

            Judgment disclosure -0.07 0.03 -0.14 -0.01 -2.16 0.03* -0.36 
Note. Number of coders had insufficient data. 

N = 57 

*p < .05
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Figure 1.  A proposed organizational model of potential issues in meta-analysis.  This figure 

illustrates the process elements that contribute to meta-analytic quality. 
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Figure 2.  Conceptual model for mega-regression analysis. This model describes how 

judgment calls that occur in meta-analysis that might influence the estimated effect size. 


