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Insights From an Updated Personnel Selection Meta-Analytic Matrix:
Revisiting General Mental Ability Tests’ Role in the

Validity–Diversity Trade-Off

Christopher M. Berry1, Filip Lievens2, Charlene Zhang3, and Paul R. Sackett4
1 Department of Management and Entrepreneurship, Kelley School of Business, Indiana University

2 Lee Kong Chian School of Business, Singapore Management University
3 Amazon, Arlington, Virginia, United States

4 Department of Psychology, University of Minnesota Twin Cities

General mental ability (GMA) tests have long been at the heart of the validity–diversity trade-off, with
conventional wisdom being that reducing their weight in personnel selection can improve adverse impact,
but that this results in steep costs to criterion-related validity. However, Sackett et al. (2022) revealed that the
criterion-related validity of GMA tests has been considerably overestimated due to inappropriate range
restriction corrections. Thus, we revisit the role of GMA tests in the validity–diversity trade-off using an
updated meta-analytic correlation matrix of the relationships six selection methods (biodata, GMA tests,
conscientiousness tests, structured interviews, integrity tests, and situational judgment tests) have with job
performance, along with their Black–White mean differences. Our results lead to the conclusion that
excluding GMA tests generally has little to no effect on validity, but substantially decreases adverse impact.
Contrary to popular belief, GMA tests are not a driving factor in the validity–diversity trade-off. This does
not fully resolve the validity–diversity trade-off, though: Our results show there is still some validity
reduction required to get to an adverse impact ratio of .80, although the validity reduction is less than
previously thought. Instead, it shows that the validity–diversity trade-off conversation should shift from the
role of GMA tests to that of other selection methods. The present study also addresses which selection
methods now emerge as most valid and whether composites of selection methods can result in validities
similar to those expected prior to Sackett et al. (2022).

Keywords: validity–diversity trade-off, general mental ability tests, meta-analytic correlation matrix,
personnel selection

Supplemental materials: https://doi.org/10.1037/apl0001203.supp

Meta-analyses of the criterion-related validities and intercorrela-
tions between various personnel selection methods have allowed
researchers to create meta-analytic correlation matrices of the
relationships between these selection methods and job performance
(e.g., Bobko et al., 1999; Roth et al., 2011). These meta-analytic
correlation matrices have been paired with information about racial/
ethnic subgroup mean differences on the selection methods, which
have then been used to provide answers to important questions
related to the interplay of validity and adverse impact (AI) of
personnel selection methods. In particular, these matrices have been
used to quantify trade-offs in validity and diversity and test strategies
to address these trade-offs. The validity–diversity trade-off reflects
the finding that some of the selection methods that have the strongest
validity for predicting job performance also have the largest racial/

ethnic subgroup mean differences (Ployhart & Holtz, 2008). General
mental ability (GMA) tests are the prototypic high-validity/large-
mean differences selection method, and they have long been at the
heart of the validity–diversity trade-off (Sackett et al., 2001). Given
this dynamic, maximizing predictive validity by using the most valid
selectionmethods (e.g., GMA tests) results in greater adverse impact,
reducing diversity in hires; increasing diversity by using selection
methods with less adverse impact results in lower predictive validity.
To be clear, this does not mean that one cannot simultaneously have a
diverse workforce and valid selection methods; rather, given what is
known about validity and group mean differences for selection
methods, increases toward one goal (e.g., maximizing diversity)
result in some trade-off for the other goal. This is the essence of the
validity–diversity trade-off and a lot of research has focused on
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various strategies to address it (e.g., Ployhart & Holtz, 2008; Sackett
et al., 2001).
Much of this research has made use of the aforementioned meta-

analytic correlation matrices. Two such meta-analytic correlation
matrices have been most widely used in the personnel selection
literature. The first is a matrix created by Bobko et al. (1999) of the
relationships between GMA tests, structured interviews, conscien-
tiousness tests, biodata, and job performance; this matrix also
included Black–White mean differences on each selection method.
The second is Roth et al.’s (2011) update to the Bobko et al. matrix.
Among other changes, Roth et al. added integrity tests to the matrix
and corrected the Bobko et al. correlations for direct range restriction.
The updated Roth et al. matrix, or slightly edited versions of it (e.g.,
Song et al., 2017), have been used in a wide range of applications.
For example, it has been used to study the effects of multipredictor
selection systems on predictive bias (Dahlke & Sackett, 2022), the
utility of compensatory versus multiple-hurdle selection models
(Ock & Oswald, 2018), the use of heuristics in selection decisions
(Luan et al., 2019), and the accuracy of dominance analysis (Braun et
al., 2019) and range restriction correction methods (e.g., Fife et al.,
2013). Most relevant to the present study, it has also been used in
numerous studies utilizing Pareto-optimization to document the
trade-offs in validity and diversity resulting from using various
combinations of selection methods (e.g., De Corte et al., 2007, 2008;
Song et al., 2017; Wee et al., 2014). A general conclusion from these
Pareto-optimization studies has been that by using Pareto-optimal
weighting of alternative predictors instead of regression weighting, it
is possible to mitigate the adverse impact caused by GMA tests in
personnel selection, but that this entails significant costs to criterion-
related validity (i.e., the validity–diversity trade-off).
However, despite the value that the Roth et al.’s (2011) meta-

analytic matrix has provided, and despite it using what at the time
were state-of-the-art input values, we suggest there are at least three
reasons why the matrix has become outdated. We believe the updates
to this matrix will substantially change some of the conclusions of
previous Pareto-optimization research using that matrix, particularly
conclusions about the validity–diversity trade-off. First and most
importantly, Sackett et al. (2022) demonstrated that, in large part due
to inappropriate application of range restriction corrections, various
meta-analyses overestimated the criterion-related validity of many
personnel selection methods. Sackett et al. (2022) provided more
appropriate, and often lower, estimates of criterion-related validity.
As Roth et al. was carried out long before Sackett et al. (2022) was
published, the inflated estimates of validity were included in Roth et
al.’s meta-analytic matrix. Substituting in Sackett et al.’s (2022) new
validity estimates is likely to significantly change conclusions. For
example, Roth et al.’s validities for biodata, GMA tests, conscien-
tiousness tests, structured interviews, and integrity tests were .32, .52,
.22, .48, and .42, respectively. In comparison, Sackett et al.’s (2022)
validities for those same selection methods were .38, .31, .19, .42, and
.31. In particular, note that the validity for GMA tests is reduced from
.52 to .31 and that GMA tests are no longer the strongest predictor of
job performance, but instead lag behind structured interviews and
biodata. A major driver of the validity–diversity trade-off has been
that GMA tests had both exceptionally high validity (especially in
comparison to most other selection methods) and large Black–White
mean differences. Thus, to maximize validity of personnel selection
models, GMA tests were given great weight, which resulted in
substantial adverse impact; tomitigate this adverse impact, GMA tests

were given less weight, but this substantially reduced validity. In light
of Sackett et al.’s (2022) findings, this dynamic no longer holds. Yet,
it remains unclear exactly what weight, if any, GMA tests should still
have in personnel selection models, and what implications this has for
the validity–diversity trade-off.

Second, in addition to updating the criterion-related validities in
Roth et al.’s (2011) meta-analytic correlation matrix, there are also
reasons to update the predictor intercorrelations and Black–White
mean differences, as well. In some cases, there are new, better data
available since Roth et al. For example, Dahlke and Sackett (2017)
have since provided updated estimates of Black–White mean
differences on some of the selection methods, so these improved
estimates can be substituted in. In other cases, insights from Sackett
et al. (2022) about when and how one should correct for range
restriction lead us to revise some predictor intercorrelations in Roth et
al. For example, Sackett et al. (2022) demonstrated that range
restriction artifact distributions typically come from predictive validity
studies, where range restriction can be sizable, but that applying range
restriction corrections based on these predictive validity studies to
concurrent validity studies, which make up the vast majority of
samples in meta-analyses and are only minimally affected by range
restriction, can result in substantial overcorrection. This issue, and
others related to range restriction corrections, led to overestimates of
some of the predictor intercorrelations in the Roth et al. matrix.

Third, although the selection methods included in the Roth et al.
(2011) matrix represent some of the most widely used, traditional
applied psychology selection methods, we believe there is value in
adding another commonly used selection method to the matrix,
namely situational judgment tests (SJTs). Like the other selection
methods included in Roth et al.’s matrix, SJTs are one of the most
common selection methods. For example, in a survey of 1,406
human resources professionals from companies around the world,
43% reported that their organizations used SJTs in personnel
selection (Kantrowitz, 2014). Also like the other selection methods
included in Roth et al.’s matrix, SJTs (and especially more generic
SJTs, Lievens & Motowidlo, 2016) can be used with applicants
regardless of whether they possess relevant job knowledge or
experience, making them more widely applicable than other highly
valid selection methods such as job knowledge tests, work samples,
or assessment centers.1 Moreover, SJTs typically have low to

1 One might ask why only SJTs were added to the matrix, and not other
selection methods that can be used regardless of applicant job knowledge/
experience. Part of the answer is a practical consideration, namely that we
wished to limit the matrix to a manageable size while still including a wide
range of common selection methods, which we feel the current matrix with
SJTs added achieves. Crucially, for any method added to the matrix the
correlations with all other variables in the matrix are needed. We considered
personality-based emotional intelligence measures as a possible addition to
the matrix but were unable to obtain the full set of correlations with other
predictors. One other addition we considered, but ultimately decided against,
was the other Big Five personality traits in addition to just conscientiousness.
However, because each of the other Big Five traits have such low validities
compared to the other selection methods for predicting overall job
performance, they would not play a significant role in the Pareto-optimal
validity-maximization solutions; and because there were already selection
methods with small Black–White mean differences (e.g., conscientiousness),
additional selection methods with small mean differences were not needed
for the Pareto-optimal diversity-maximization solutions. Thus, adding the
rest of the Big Five was unlikely to impact any of the study results, and
therefore the unnecessary complexity of adding them to the matrix
outweighed any value they would provide.
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moderate subgroup differences (Whetzel et al., 2008). Thus, adding
SJTs to the matrix provides practitioners with useful information
about what effects SJTs have on validity and diversity, when used
in conjunction with the other popular selection methods included
in Roth et al.’s original matrix. As such, we carried out new literature
searches to identify studies relating SJTs to the other selection
methods in the matrix.
This study makes two main contributions. First and most

importantly, we will use the updated meta-analytic correlation
matrix to carry out a series of analyses that will provide new insights
on how the use of these selection methods impacts validity and
diversity. For example, Sackett et al.’s (2022) validities for these
selection methods are mostly lower than in Roth et al.’s (2011)
matrix, and the rank order of the selection methods has changed.
Does applied psychology simply have to resign itself to the idea that
the criterion-related validities of our personnel selectionmethods are
much lower than we previously thought, or can multiple-predictor
composites yield validities that are comparable to the levels we
expected before Sackett et al. (2022)? What effect will the changes
in validity levels and rank order of selection methods have on the
regression weights for each method, and what effect will this then
have on validity and diversity implications of using such regression
weights? When carrying out Pareto-optimization analyses that
examine optimal trade-offs between validity and diversity, which
predictors now emerge as the most important? Will GMA tests, long
considered the most pivotal predictor when attempting to balance
validity and diversity concerns, still play a substantial role? The
present study will address each of these questions, and more.
A second contribution of the present study is simply the

presentation of the new, updated meta-analytic correlation matrix of
the relationships between these selection methods, overall job
performance, and the Black–White mean differences on the
selection methods. This updated matrix can be found in Table 1,
alongside Roth et al.’s (2011) matrix. As mentioned above, Bobko
et al.’s (1999) matrix and then Roth et al.’s matrix have been used in
a wide range of studies on various topics related to personnel

selection. The new matrix provided by the present study is based
on recent insights about the validity of selection methods. So, we
feel this updated matrix will be useful to future research on a broad
range of personnel selection topics just like the previous meta-
analytic matrices. In the following sections, we outline our updates
to the meta-analytic correlation matrix and then describe the ways in
which we will use the updated matrix to provide important, new
knowledge and insights.

Updates to SelectionMethod Criterion-Related Validities

We refer readers to Appendix A for definitions of the six selection
methods in the updated matrix. We relied on secondary data,
drawing the estimates for the meta-analytic correlation matrix from
existing studies. We drew the updated criterion-related validities for
each of the selection methods from Sackett et al. (2022). These are
operational validities, so they are corrected for range restriction,
where applicable, and criterion measurement error using interrater
reliability of .60 for supervisor ratings of overall job performance,
but not for predictor measurement error. Sackett et al. (2022)
provided details on how they arrived at each criterion-related
validity estimate, so we direct readers to that article for those details.
Here, we will just briefly note differences between the Roth et al.
(2011) and Sackett et al. (2022) estimates, along with explanations
for those differences.

Roth et al.’s (2011) biodata validity estimate was .32. In the Table
1 matrix we use Sackett et al.’s (2022) empirically keyed biodata
estimate of .38. The modest difference is due to new data. That is,
Roth et al.’s estimate was based on a study by Rothstein et al.
(1990), Sackett et al.’s (2022) estimate was based on Rothstein et al.
plus a new, independent meta-analysis by Speer et al. (2021).

Roth et al.’s (2011) GMA test validity estimate was .52, which
was the average operational validity for medium complexity jobs
from Hunter (1986) and Salgado et al.’s (2003) meta-analyses.
Sackett et al.’s (2022) validity estimate of .31 was based on a wider
range of meta-analyses, but the primary reason for the validity

Table 1
Predictor Intercorrelations, Criterion-Related Validities, and Black–White Subgroup d-Values for the Updated Matrix and Roth et al. (2011)
Matrix

Variable 1 2 3 4 5 6

1. Biodata —

2. GMA tests .13a (.08)/.37b —

3. Conscientiousness .54a (.18)/.51b .03b (.05)/.03b —

4. SI .21b (.03)/.16b .18c (.04)/.31b .08b (.04)/.13b —

5. Integrity test .25b (.11)/.25b .01b (.11)/.02b .28b (.11)/.34b −.02b (.11)/−.02b —

6. SJT .42d (.05)/NA .29e (.17)/NA .23e (.12)/NAb .45d (.10)/NA .16d (.10)/NA —

Validities .38f (.09)/.32b .31f (.14)/.52b .19f (.15)/.22b .42f (.19)/.48b .31f (.20)/.42b .26f (.11)/NA
Black–White d-values .32g/.57b .79f/.72, .86b −.07h/.06b .24b/.32b .10i/.04b .37i/NA

Note. Numbers before the slashes are for the updated matrix; numbers after the slashes are from Roth et al. (2011) matrix. GMA tests have three Black–
White d-values instead of two because Roth et al. used two d-values in their matrix (.72 for medium complexity jobs and .86 for low complexity jobs),
while the present study used only one (.79, which is the average of Roth et al.’s two d-values). Numbers in plain text mean that value was taken as is from
the source indicated by its superscript. Numbers in italics mean that value was taken from the source indicated by its subscript, but we changed that value
based on new information. Numbers in parentheses are the standard deviations of each correlation with the estimated effects of relevant statistical artifacts
removed. NA = not applicable; Roth et al.’s matrix did not include SJTs, so it does not have entries for these cells. GMA = general mental ability; SI =
structured interview; SJT = situational judgment tests.
a Speer et al. (2022). b Roth et al. (2011). c Berry, Sackett, and Landers (2007). d Present study. e McDaniel et al. (2007). f Sackett et al.
(2022). g Tenbrink et al. (2021). h Foldes et al. (2008). i Dahlke and Sackett (2017).
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estimate being so much lower was Sackett et al.’s (2022)
demonstration that there was minimal range restriction in previous
meta-analyses such as Hunter and Salgado et al., and thus their large
range restriction corrections resulted in substantial overestimates of
validity.
Roth et al.’s (2011) conscientiousness test validity estimate was

.22, while it was .19 in Sackett et al. (2022). The small difference in
validities is mostly due to Sackett et al.’s (2022) inclusion of a larger
number of meta-analyses than Roth et al.
Roth et al.’s (2011) structured interview validity estimate was .48,

while it was .42 in Sackett et al. (2022). There were two reasons
the validities differed. First, Sackett et al. (2022) included an
updated meta-analysis (Huffcutt et al., 2014) that had been carried
out since Roth et al. Second, Sackett et al. (2022) noted that the
range restriction corrections that had been applied in the structured
interview meta-analyses were inappropriate (see Sackett et al., 2022
for details) and provided more appropriate validity estimates.
Roth et al.’s (2011) integrity test validity estimate was .42 based

on Ones et al. (1993), while it was .31 in Sackett et al. (2022).
The major reason for the lower validity in Sackett et al. (2022) is
that, in addition to Ones et al. (1993), they included a new meta-
analysis of integrity test validity (Van Iddekinge et al., 2012) that
had been carried out since Roth et al. and found considerably lower
validity for integrity tests.
Roth et al. (2011) did not include SJTs in their meta-analytic

matrix. Sackett et al.’s (2022) SJT validity estimate of .26 was based
on McDaniel et al.’s (2007) meta-analysis.

Updates to Selection Method Intercorrelations and
Black–White Mean Differences

Due to the existence of new data since the publication of Roth et al.
(2011) and/or new insights (e.g., Sackett et al., 2022 insights about
range restriction corrections), we also updated the selection method
intercorrelations and Black–White mean differences in the meta-
analytic correlation matrix. Given the focus on operational validity,
these selection method intercorrelations and Black–White mean
differences are corrected for range restriction, where applicable, but
there were no corrections for predictor measurement error. With
some noteworthy exceptions (e.g., the correlation between GMA
tests and biodata, the Black–White mean difference on biodata, our
addition of SJTs to the matrix), these updates resulted in relatively
modest changes to the values in the matrix. Thus, we simply report
the updated values in Table 1, and refer the interested reader to
Appendix B for details on whether, how, and why we updated every
entry in the matrix.

Answering Substantive Questions on the Basis of the
Updated Meta-Analytic Correlation Matrix

As can be seen in the previous sections, there are mostly modest
differences between the updated matrix and Roth et al.’s (2011)
matrix in terms of selection method intercorrelations and Black–
White mean differences, but more substantial differences in criterion-
related validities, both in terms of levels of validity and rank order of
the selection methods. This begs five questions that wewill address in
the following sections with various regression and Pareto-
optimization analyses using this updated matrix.

Do Some Selection Methods Become More or Less
Important Predictors When Their Shared Variance
With the Other Selection Methods Is Accounted for?

Sackett et al. (2022) focused only on the bivariate correlations
between each selection method and job performance. This high-
lights how well they can be expected to predict job performance,
on average, when used in isolation. However, it does not
account for the intercorrelations between the selection methods.
Additionally, organizations do not typically use only a single
selection method, so focusing only on the bivariate relationships
with job performance does not address how well the selection
methods can be expected to predict job performance when used
together.

Method and Results

We used the updated meta-analytic matrix to regress job
performance on the six selection methods: biodata, GMA tests,
conscientiousness tests, structured interviews, integrity tests, and
SJTs.We then carried out a dominance analysis in R to determine the
relative weights for each selection method.

Table 2 provides a side-by-side comparison of the selection
methods’ bivariate criterion-related validities (taken from Table 1)
to their standardized regression coefficients and relative weights
from a dominance analysis when job performance is simulta-
neously regressed on all six selection methods.2 The relative
standing of biodata, GMA tests, structured interviews, and integrity
tests is similar for the bivariate and multiple regression results, with
the exception that structured interviews carry somewhat more
weight compared to the other predictors in the multiple regression
analysis than in the bivariate analysis. In contrast, the standing
of conscientiousness tests and SJTs is substantially reduced in
the multiple regression analysis. Both have very small relative
weights; the regression weight for conscientiousness tests (−.04)
is practically zero and the regression weight for SJTs is fairly
negative (−.13).

Transparency and Openness

We adhered to the Journal of Applied Psychology methodo-
logical checklist. Details on whether, how, and why we updated
every entry in the meta-analytic correlation matrix are provided
in Appendix B. We conducted regression analyses using the
R package psychmeta and dominance analyses using the
R package dominanceanalysis. We ran the Pareto-optimization
models (described in later sections of the article) using De Corte
et al.’s (2023) multiple objective Pareto-optimization program.
The Substantive Question 5 simulation was carried out using the
R packages stats (R Core Team, 2022) and ParetoR (Song,
2022). A subset of the results in Tables 2 and 3 of the present
study was presented in Sackett, Zhang, et al. (2023).

2 A subset of the results in Table 2 was presented in Sackett, Zhang, et al.
(2023).
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Can Combinations of Selection Methods Provide
Levels of Criterion-Related Validity That Are
More Comparable to What Was Expected Before
Sackett et al. (2022)?

A key finding from Sackett et al. (2022) was that the criterion-
related validity of most selection methods was considerably
lower than the field previously thought. However, most selection
methods are not used in isolation. Therefore, it is possible that
some composites of multiple predictors will still have criterion-
related validities comparable to those that were expected before
Sackett et al. (2022).

Method and Results

We regressed job performance on all possible predictor
combinations of the six selection methods using the old meta-
analytic matrix (Roth et al., 2011) versus the updated matrix. The
old matrix did not include SJTs, so we added the SJT validities and
predictor intercorrelations to the old matrix to allow a fair
comparison (see Table 1 for a side-by-side comparison of the two
matrices). We computed mean multiple correlations (i.e., R) for
one-, two-, three-, four-, five-, and six-predictor combinations. A
handful of predictor combinations resulted in at least one of the
predictors having a negative regression weight. As predictors with
negative regression weights are unlikely to be used in applied
settings, we set the weight for such predictors to zero.
Table 3 contains the multiple correlations of all possible predictor

combinations of biodata, GMA tests, conscientiousness tests,
structured interviews, integrity tests, and SJTs, from one selection
method to all six.3 As can be seen at the bottom of the table, using all
six selection methods, the old meta-analytic correlation matrix (Roth
et al., 2011) yielded a multiple correlation of .66, whereas the
updated matrix yielded .61. Similarly, the mean multiple correlations
yielded by the updated meta-analytic matrix were lower than that
yielded by the old matrix for all possible one-, two-, three-, four-, and
five-predictor combinations (see the Mean R rows in Table 3). In
terms of magnitude, however, the multiple correlations using the
updated matrix are only a few validity points lower than those
with the old matrix. Thus, importantly, combinations of selection

methods provide levels of criterion-related validity that are more
comparable to what was expected before Sackett et al. (2022).

What Effects Will Excluding GMA Tests From the
Selection Battery Have on Validity?

Prior to Sackett et al. (2022), the conventional wisdom was that
GMA tests were one of the strongest predictors of job performance and
that leaving GMA tests out of a selection battery would come at a steep
cost to the criterion-related validity of that selection battery. However,
Sackett et al. (2022) demonstrated that the criterion-related validity of
GMA tests is considerably more modest than was previously thought,
and that it even lags behind some of the other predictors in the meta-
analyticmatrix, such as structured interviews and biodata. This begs the
question of whether criterion-related validity will still be substantially
decreased when GMA tests are excluded from the selection battery.
Thus, we will compare the validity of composites of selection methods
including versus excluding GMA tests.

Method and Results

As described in the section above addressing Substantive
Question 2, the analyses contributing to Table 3 produced multiple
correlations for all possible combinations of the six selection
methods. To highlight the impact of the much lower validity of
GMA tests, we computed the mean multiple correlation of selection
method combinations in Table 3 that contained GMA tests with
that of selection method combinations without. These are listed in
Table 3 for both the old meta-analytic correlation matrix and the
updated matrix (see the “Mean R with GMA” and “Mean R without
GMA” rows in the table). In order to hold constant the number of
selection methods in each composite with and without GMA tests,
we calculated the mean multiple correlations for all possible
combinations of one selection method with and without GMA tests,
all possible combinations of two selection methods with and
without GMA tests, and so forth on up to all possible combinations
of five selection methods with and without GMA tests (a six-
predictor composite would, by definition, have to include GMA
tests because there are only six selection methods). Using the old
meta-analytic matrix, for composites of any number of selection
methods, excluding GMA tests resulted in substantially lower
validity (e.g., a mean multiple correlation of .59 for all three-
predictor composites with GMA tests included, which reduced to
.46 for all three-predictor composites with GMA tests excluded).
Results are markedly different for the updated matrix, wherein for
composites of any number of selection methods, the multiple
correlations are virtually identical whether GMA tests are excluded
or not. Thus, including GMA tests in the composites does not
markedly improve criterion-related validity.

Using Pareto-Optimization to Provide Information
About the Trade-Offs in Validity and Adverse Impact
of Various Combinations of Selection Methods

De Corte and colleagues (e.g., De Corte et al., 2007, 2008)
introduced Pareto-optimal weighting to the personnel selection

Table 2
Comparison of the Selection Methods’ Bivariate Criterion-Related
Validities to Their Standardized Regression Coefficients and
Dominance Analysis Relative Weights When Regressing Job
Performance on the Selection Methods

Selection method r β RWRaw RW%

Biodata .38 .26 .0762 20.03
GMA tests .31 .23 .0627 16.48
Conscientiousness .19 −.04 .0117 3.06
Structured interviews .42 .39 .1339 35.18
Integrity tests .31 .28 .0751 19.73
Situational judgment tests .26 −.13 .0210 5.52

Note. r = bivariate criterion-related validity for predicting job performance;
β = standardized regression coefficient when job performance is regressed on
all six selection methods; RWRaw = raw relative weight; RW% = relative
weights rescaled as a percentage of predictable variance; GMA = general
mental ability.

3 A subset of the results in Table 3 was referenced in Sackett, Zhang, et al.
(2023).
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Table 3
Multiple Correlations With Job Performance Using All Possible Selection Method Combinations, AlongWith a Comparison of Combinations
With and Without GMA Tests

Number of predictor Selection method R based on old matrix R based on new matrix

1 BD 0.32 0.38
1 GMA 0.52 0.31
1 C 0.22 0.19
1 SI 0.48 0.42
1 I 0.20 0.31
1 SJT 0.26 0.26

Mean R 0.33 0.31
Mean R with GMA 0.52 0.31
Mean R without GMA 0.30 0.31

2 BD + GMA 0.54 0.45
2 BD + C 0.33 0.38
2 BD + SI 0.54 0.52
2 BD + I 0.34 0.44
2 BD + SJT 0.35 0.40
2 GMA + C 0.56 0.36
2 GMA + SI 0.62 0.48
2 GMA + I 0.55 0.44
2 GMA + SJT 0.53 0.36
2 C + SI 0.51 0.45
2 C + I 0.26 0.33
2 C + SJT 0.31 0.29
2 SI + I 0.52 0.53
2 SI + SJT 0.48 0.43
2 I + SJT 0.31 0.38

Mean R 0.45 0.41
Mean R with GMA 0.56 0.42
Mean R without GMA 0.39 0.41

3 BD + GMA + C 0.56 0.45
3 BD + GMA + SI 0.63 0.55
3 BD + GMA + I 0.56 0.51
3 BD + GMA + SJT 0.54 0.46
3 BD + C + SI 0.54 0.52
3 BD + C + I 0.35 0.44
3 BD + C + SJT 0.35 0.40
3 BD + SI + I 0.56 0.57
3 BD + SI + SJT 0.54 0.52
3 BD + I + SJT 0.37 0.45
3 GMA + C + SI 0.64 0.51
3 GMA + C + I 0.57 0.45
3 GMA + C + SJT 0.56 0.39
3 GMA + SI + I 0.65 0.58
3 GMA + SI + SJT 0.62 0.48
3 GMA + I + SJT 0.56 0.45
3 C + SI + I 0.53 0.53
3 C + SI + SJT 0.51 0.45
3 C + I + SJT 0.33 0.38
3 SI + I + SJT 0.52 0.53

Mean R 0.53 0.48
Mean R with GMA 0.59 0.48
Mean R without GMA 0.46 0.48

4 BD + GMA + C + SI 0.64 0.55
4 BD + GMA + C + I 0.57 0.51
4 BD + GMA + C + SJT 0.56 0.46
4 BD + GMA + SI + I 0.65 0.61
4 BD + GMA + SI + SJT 0.63 0.55
4 BD + GMA + I + SJT 0.56 0.51
4 BD + C + SI + I 0.56 0.57
4 BD + C + SI + SJT 0.54 0.52
4 BD + C + I + SJT 0.37 0.45
4 BD + SI + I + SJT 0.56 0.57
4 GMA + C + SI + I 0.66 0.58
4 GMA + C + SI + SJT 0.64 0.51
4 GMA + C + I + SJT 0.58 0.46
4 GMA + SI + I + SJT 0.65 0.58

(table continues)
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literature as a way to systematically identify how various predictors
should be weighted when optimizing both criterion-related validity
and adverse impact. That is, Pareto-optimal weighting of selection
methods can be used to quantify the minimum level of adverse
impact at a given level of validity or the maximum level of validity
at a given level of adverse impact. In contrast with unit weights
or regression weights typically used, Pareto-optimal weighting
schemes are determined by simultaneously optimizing multiple
criteria (e.g., validity and adverse impact).
We carry out Pareto-optimization analyses to answer questions

such as “how much weight does each selection method carry in
validity-maximizing solutions versus solutions resulting in an
adverse impact ratio that would satisfy an adverse impact ratio of
.80+?”4 and “how much is validity compromised for solutions that
greatly reduce adverse impact and how much is adverse impact
increased for solutions that greatly improve validity?”We also carry
out Pareto-optimization analyses that address whether and howmuch
the answers to these questions change in various common scenarios.
For example, what if one only focuses on “off-the-shelf” selection
methods such as GMA tests, conscientiousness tests, and integrity
tests; excluding more “customized” selection methods such as
structured interviews or biodata that require substantially more time
and resources? What if one only focuses on selection methods that
are suitable for mass screening of applicants? That is, structured
interviews are an important predictor of job performance, but are not
generally feasible for mass screening. Most companies might mass
screen with some of the other predictors in the meta-analytic matrix,
with only those applicants who pass the screen moving on to the
structured interview.

Method

We used De Corte et al.’s (2023) program for the analyses. This
program expands on approaches used in prior work in the personnel
selection field (e.g., De Corte et al., 2007; Song et al., 2017) which
make use of Das and Dennis’s (1998) normal boundary intersection
(NBI) approach in identifying a Pareto front. De Corte et al. noted
that in expanding Pareto-optimization approaches to examining
more than two subgroups and/or more than two criteria, the NBI
approach has limitations, and thus they introduced a new hybrid

approach that blends the NBI method of Das and Dennis (1998), the
enhanced normalized normal constraint method of Messac and
Mattson (2004) and the successive boundary generation method of
Mueller-Gritschneder et al. (2009). Appendix A of De Corte et al.
details this novel hybrid procedure.

We conducted a series of Pareto-optimization analyses. First, we
included all six predictors in a single-stage Pareto-optimization
model. A single-stage model considers all six predictors for possible
simultaneous use in a selection composite. The Pareto-optimization
process generates a set of possible solutions, on a continuum from a
validity-maximizing solution to a diversity-maximizing solution.
For each solution, there is a resulting quality (composite validity or
expected performance of the selected) and diversity value (here
expressed as an adverse impact ratio), as well as a set of the weights
applied to each predictor to produce the solution. Next, in-person
structured interviews are not generally amenable to mass screening
in high applicant volume settings. So, to represent the result of an
initial screening including only predictors amenable to use in mass
screening, we reran the single-stage Pareto-optimization model with
all predictors other than structured interviews, as the interview is
generally used with a smaller set of candidates who passed initial
screens. Then, we ran a two-stage Pareto-optimization model with
all predictors other than structured interviews at the first stage and
structured interviews at the second stage. Last, we ran a single-stage
Pareto-optimization model with only the off-the-shelf selection
methods: GMA tests, conscientiousness tests, and integrity tests.

For all models, we used a Black-White standardized mean job
performance difference of .38 (Roth et al., 2011), a minority
proportion of .15 as the current U.S. workforce is 13% Black and
18%Hispanic (U.S. Bureau of Labor Statistics, 2021), and an overall
selection ratio of .20 for all models.5 For the two-stage model, the
selection ratio was .50 for Stage 1 and .40 for Stage 2. Results for

Table 3 (continued)

Number of predictor Selection method R based on old matrix R based on new matrix

4 C + SI + I + SJT 0.53 0.53
Mean R 0.58 0.53
Mean R with GMA 0.62 0.53
Mean R without GMA 0.51 0.53

5 BD + GMA + C + SI + I 0.66 0.61
5 BD + GMA + C + SI + SJT 0.64 0.55
5 BD + GMA + C + I + SJT 0.58 0.51
5 BD + GMA + SI + I + SJT 0.65 0.61
5 BD + C + SI + I + SJT 0.56 0.58
5 GMA + C + SI + I + SJT 0.66 0.57

Mean R 0.62 0.57
Mean R with GMA 0.64 0.57
Mean R without GMA 0.56 0.57

6 BD + GMA + C + SI + I + SJT 0.66 0.61

Note. GMA = general mental ability; BD = biodata; C = conscientiousness tests; SI = structured interviews; I = integrity tests; SJT = situational
judgment tests.

4 We focus on an adverse impact ratio of .80 because this is the benchmark
the Uniform Guidelines on Employee Selection Procedures suggests for
determining whether there is adverse impact. Of course, an adverse impact
ratio is a continuum and the choice of the best solution will depend on the
specifics of the situation and professional judgment.

5 As described in the Results, we also carried out sensitivity analyses using
a different selection ratio to ensure conclusions were not affected by the
choice of selection ratio.
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single-stage models are presented with the composite validity as
the quality criterion. For multiple-stage models, we used expected
performance of the selected applicants as the quality criterion instead,
as a single composite validity value cannot be estimated.

Results

Single-Stage Pareto-Optimization Models. Table 4 contains
the single-stage Pareto-optimization model using all six selection
methods based on the old meta-analytic matrix. Using the old
matrix, the validity-maximizing solution yields a validity composite
of .66 and an adverse impact ratio of .35. The validity-maximizing
solution gives the greatest weight to GMA tests and structured
interviews, in that order; with smaller weights for integrity tests,
conscientiousness tests, and biodata; and a zero weight for SJTs.
When the weight of GMA tests gets dropped to 0, validity decreases
to .46 and the adverse impact ratio increases to .78. To get the
adverse impact ratio above the threshold of .80, validity drops
further to .44 and conscientiousness tests, structured interviews, and
to a lesser extent integrity tests have the greatest weights; with zero
weights given to other predictors.
In contrast, Table 5 contains the single-stage Pareto-optimization

model using the updated meta-analytic matrix and group difference
values. The validity-maximizing solution has a validity composite
of .61 and an adverse impact ratio of .42. It gives the largest weight
to structured interviews, with smaller weights given to integrity
tests, GMA tests, and biodata, in that order, and zero weights to
conscientiousness tests and SJTs. When the weight of GMA tests
gets dropped to 0, validity only decreases to .56 and the adverse
impact ratio increases to .67. To get the adverse impact ratio above
the threshold of .80, validity drops further to .48 and this solution
gives similar weights to conscientiousness tests, structured inter-
views, and integrity tests (in that order), and zero weights to all other
predictors.

Table 6 contains the single-stage Pareto-optimization model with
all predictors other than structured interviews, representing the
result of an initial screening using only predictors amenable to use
in mass screening (i.e., a combination of biodata, GMA tests,
conscientiousness tests, integrity tests, and SJTs). The validity-
maximizing solution produces a validity of .51 and an adverse
impact ratio of .37 and gives greatest and similar weights to biodata,
GMA tests, and integrity tests; a small weight to SJTs, and a zero
weight to conscientiousness tests. The validity and adverse impact
ratios become .42 and .74, respectively, when GMA tests’ weight
drops to zero. The solution that has an adverse impact ratio just over
.80 yields a validity of .39, and gives the greatest weight to integrity
tests, moderate weights to conscientiousness tests and biodata, and
zero weights to the other predictors.

Table 7 contains the single-stage Pareto-optimization model
with only the three “off-the-shelf” selection methods: GMA tests,
conscientiousness tests, and integrity tests. The three off-the-shelf
methods together achieve a maximum validity of .45, which
corresponds to an adverse impact ratio of .40; the greatest weight
is given to GMA tests and then integrity tests, with a relatively
small weight to conscientiousness tests. When GMA tests’ weight
drops to zero, validity reduces to .32 and the adverse impact ratio
increases to .96. To reach the .80 adverse impact threshold, validity
drops to .36, with integrity tests getting the largest weight, followed
by conscientiousness tests, and a relatively small weight for GMA
tests.

Figure 1 synthesizes all the single-stage Pareto-optimization
model results. Comparing the six-predictor model based on the
updated matrix with that based on the old matrix (green and
red lines, respectively), there is a smaller rate of reductions in
composite validity as the adverse impact ratio increases throughout
most of the curve for the updated matrix (i.e., the curve is flatter
overall), and despite the validities for the individual selection

Table 4
Single-Stage Pareto-Optimization Model Using All Six Selection Methods Based on the Old Meta-Analytic Matrix

Composite validity Adverse impact ratio

Predictor weight

Biodata GMA test Conscientiousness test Structured interview Integrity test Situational judgment test

.66 0.35 .03 .39 0.09 .34 .16 .00

.65 0.41 .00 .31 0.17 .35 .17 .00

.63 0.46 .00 .25 0.22 .36 .18 .00

.61 0.50 .00 .20 0.25 .37 .18 .00

.59 0.54 .00 .17 0.28 .37 .18 .00

.57 0.58 .00 .13 0.30 .38 .19 .00

.55 0.62 .00 .10 0.32 .38 .19 .00

.53 0.66 .00 .07 0.35 .39 .19 .00

.51 0.70 .00 .04 0.37 .39 .20 .00

.48 0.74 .00 .01 0.39 .40 .20 .00

.46 0.78 .00 .00 0.43 .37 .20 .00

.44 0.82 .00 .00 0.48 .33 .19 .00

.42 0.86 .00 .00 0.52 .29 .19 .00

.39 0.89 .00 .00 0.56 .26 .18 .00

.37 0.93 .00 .00 0.60 .22 .18 .00

.35 0.96 .00 .00 0.65 .18 .17 .00

.32 1.00 .00 .00 0.69 .14 .16 .00

.30 1.03 .00 .00 0.74 .10 .16 .00

.27 1.07 .00 .00 0.79 .06 .15 .00

.25 1.10 .00 .00 0.84 .02 .15 .00

.22 1.13 .00 .00 1.00 .00 .00 .00

Note. GMA = general mental ability.
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methods being overall smaller than in the old matrix, the new
matrix produces composite validity higher than the old matrix at
most adverse impact ratios (i.e., the portions where the green line is
above the red line). This primarily reflects the impact of the inflated
validity estimate for GMA tests in the old matrix and indicates
that the validity–diversity trade-off is less severe than previously

thought. Comparing the three models using the updated matrix,
reducing the number of selection methods decreases composite
validity. Excluding structured interviews substantially reduces
overall validity for most of the curve (blue line). Further excluding
biodata and SJTs reduces validity even more, although to a smaller
extent (purple line).

Table 5
Single-Stage Pareto-Optimization Model Using All Six Selection Methods Based on the Updated Meta-Analytic Matrix

Composite validity Adverse impact ratio

Predictor weight

Biodata GMA test Conscientiousness test Structured interview Integrity test Situational judgment test

.61 0.42 .20 .20 0.00 .34 .26 .00

.60 0.48 .21 .14 0.00 .37 .29 .00

.59 0.53 .20 .09 0.01 .40 .30 .00

.58 0.58 .19 .05 0.03 .41 .31 .00

.57 0.63 .19 .01 0.05 .43 .32 .00

.56 0.67 .13 .00 0.11 .43 .33 .00

.54 0.71 .07 .00 0.17 .43 .33 .00

.52 0.75 .01 .00 0.22 .43 .34 .00

.50 0.79 .00 .00 0.29 .39 .32 .00

.48 0.82 .00 .00 0.35 .34 .31 .00

.45 0.85 .00 .00 0.40 .30 .29 .00

.43 0.88 .00 .00 0.45 .27 .28 .00

.40 0.91 .00 .00 0.50 .23 .27 .00

.38 0.93 .00 .00 0.55 .20 .25 .00

.35 0.96 .00 .00 0.59 .17 .24 .00

.33 0.98 .00 .00 0.64 .13 .23 .00

.30 1.01 .00 .00 0.69 .09 .21 .00

.27 1.03 .00 .00 0.75 .05 .20 .00

.25 1.06 .00 .00 0.80 .01 .18 .00

.22 1.08 .00 .00 0.89 .00 .11 .00

.19 1.10 .00 .00 1.00 .00 .00 .00

Note. GMA = general mental ability.

Table 6
Single-Stage Pareto-Optimization Model Using All Selection Methods Other Than Structured Interviews for Initial Screening Based on the
Updated Meta-Analytic Matrix

Composite validity Adverse impact ratio

Predictor weight

Biodata GMA test Conscientiousness test Integrity test Situational judgment test

.51 0.37 .33 .32 0.00 .30 .05

.50 0.43 .37 .24 0.00 .35 .05

.49 0.48 .38 .19 0.01 .38 .04

.48 0.53 .39 .14 0.03 .40 .04

.47 0.57 .39 .11 0.05 .41 .03

.46 0.62 .39 .07 0.07 .43 .03

.44 0.66 .40 .04 0.09 .45 .03

.43 0.70 .40 .01 0.11 .46 .02

.42 0.74 .37 .00 0.16 .47 .00

.40 0.78 .30 .00 0.22 .48 .00

.39 0.82 .24 .00 0.28 .48 .00

.37 0.86 .18 .00 0.34 .48 .00

.35 0.89 .13 .00 0.39 .49 .00

.34 0.93 .07 .00 0.44 .49 .00

.32 0.96 .02 .00 0.48 .49 .00

.30 0.99 .00 .00 0.56 .44 .00

.28 1.02 .00 .00 0.65 .35 .00

.26 1.04 .00 .00 0.74 .26 .00

.24 1.06 .00 .00 0.82 .18 .00

.21 1.08 .00 .00 0.91 .09 .00

.19 1.10 .00 .00 1.00 .00 .00

Note. GMA = general mental ability.
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Two-Stage Pareto-Optimization Model. Table 8 contains
the two-stage Pareto-optimization model with all predictors other
than structured interviews used for Stage 1 and then structured
interviews used for Stage 2. Because there is no clear way to express
a single validity value for a multistage selection system, the expected

performance of the selected is used as the quality criterion. The
validity-maximizing solution yields an expected performance of .72
with an adverse impact ratio of .49 and gives greatest weight to
integrity tests, moderate and similar weights to GMA tests and
biodata, and zero weights to the other predictors. When the weight of

Table 7
Single-Stage Pareto-Optimization Model With Three Off-the-Shelf Selection Methods Based on the Updated Meta-Analytic Matrix

Composite validity Adverse impact ratio

Predictor weight

GMA test Conscientiousness test Integrity test

.45 0.40 .44 0.15 .41

.44 0.46 .37 0.19 .44

.44 0.51 .33 0.22 .46

.43 0.55 .29 0.24 .47

.42 0.60 .25 0.26 .49

.41 0.64 .22 0.28 .50

.40 0.68 .19 0.29 .52

.39 0.72 .16 0.31 .53

.37 0.76 .13 0.33 .54

.36 0.80 .10 0.34 .56

.35 0.84 .07 0.36 .57

.34 0.88 .05 0.37 .58

.33 0.92 .02 0.39 .59

.32 0.96 .00 0.45 .55

.30 0.99 .00 0.55 .45

.29 1.01 .00 0.63 .37

.27 1.03 .00 0.71 .29

.25 1.05 .00 0.78 .22

.23 1.07 .00 0.85 .15

.21 1.09 .00 0.92 .08

.19 1.10 .00 1.00 .00

Note. GMA = general mental ability.

Figure 1
Composite Validity–Adverse Impact Ratio Curves for All Single-Stage Pareto-Optimization Models

Note. See the online article for the color version of this figure.
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GMA tests is dropped to zero, expected performance changes to .67
with an adverse impact ratio of .68. Expected performance drops
further to .55 to meet the adverse impact threshold of .80, with the
greatest weight given to conscientiousness tests, a moderate weight
given to integrity tests, and zero weights for all other predictors.
Thus, the general conclusions from the single-stage model including
all six selection methods hold in the perhaps more realistic scenario
wherein only a subset of applicants move on to the in-person
structured interviews after passing initial screening with the other
less time- and resource-intensive selection methods.
Sensitivity Analysis. To test whether our conclusions were

affected by the choice to use a selection ratio of .20 in the above Pareto-
optimization analyses, we also repeated all Pareto-optimization
analyses using an overall selection ratio of .50 for the single-stage
models, and .70 for the first stage and .71 for the second stage of the
two-stagemodel.While a higher selection ratio results in larger adverse
impact ratios, individual solutions (i.e., predictor weights at each level
of validity) remain essentially the same. Therefore, conclusions about
the validity–diversity trade-off are the same regardless of the selection
ratio used. Results are available upon request.

HowMuch Do Results ChangeWhen Variability Around
the Meta-Analytic Means Is Modeled?

The analyses addressing Substantive Question 4 relied on a single
meta-analytic correlation matrix that includes mean meta-analytic
values for the selection methods’ validities, intercorrelations, and
Black–White mean differences. This is valuable because it gets at
what one can expect, on average. However, there is variability around
each of those meta-analytic averages. That is, even after subtracting
out the effects of statistical artifacts, some of the variance across
primary studies for each of these meta-analytic estimates remains

unexplained. For example, although the predictor with the strongest
average validity is structured interviews (validity of .42), the 80%
credibility interval around that validity ranges from .24 to .66 (Sackett
et al., 2022). This likely reflects at least in part that structured
interviews (along with some of the other selection methods used in
the present study such as biodata and SJTs) are methods that can be
designed well or poorly or to measure constructs that are highly or
less predictive of overall job performance. Similarly, the credibility
interval around GMA tests’ validity of .31 ranges from .13 to .49.
Where validity falls in that range may be a function of things such as
the specificity of the cognitive ability (or abilities) being tested, the
type(s) of cognitive ability required by the job, and the choice of
criterion. So, there will be some settings in which GMA tests could
have higher validity than structured interviews (i.e., below average
validity for structured interviews paired with above average validity
for GMA tests). This is true of all the selection methods. How
will results change if this variability is modeled? For example,
although GMA tests received moderate weight at best in the Pareto-
optimization analyses when using the meta-analytic means matrix,
how often might GMA tests receive greater weight if variability
around those meta-analytic means is modeled? We address each of
these issues in our investigation of Substantive Question 5.

Method

We first attempted to locate variability estimates for each of
the entries in the meta-analytic correlation matrix (Table 1).
Variability estimates were not reported for the majority of meta-
analyses of the Black–White mean differences, so we did not model
variability in Black–White mean differences. We were able to locate
variability estimates for most of the selection method validities (SDρ,
the residual standard deviation of the operational validity after

Table 8
Two-Stage Pareto-Optimization Model With All Predictors Other Than Structured Interviews Used for Stage 1 and Structured Interviews
Used for Stage 2 Based on the Updated Meta-Analytic Matrix

Expected performance of the selected Adverse impact ratio

Predictor weight

Biodata GMA test Conscientiousness test Integrity test Situational judgment test

.72 0.49 .29 .31 0.00 .40 .00

.72 0.52 .32 .24 0.00 .44 .00

.71 0.55 .34 .19 0.00 .47 .00

.71 0.57 .34 .15 0.02 .49 .00

.70 0.59 .34 .11 0.04 .50 .00

.69 0.62 .34 .08 0.06 .52 .00

.68 0.64 .34 .04 0.08 .53 .00

.68 0.66 .34 .01 0.09 .55 .00

.67 0.68 .30 .00 0.15 .56 .00

.66 0.70 .23 .00 0.21 .56 .00

.65 0.71 .17 .00 0.27 .56 .00

.63 0.73 .11 .00 0.33 .57 .00

.62 0.74 .06 .00 0.37 .57 .00

.61 0.76 .00 .00 0.42 .57 .00

.60 0.77 .00 .00 0.52 .48 .00

.58 0.78 .00 .00 0.61 .39 .00

.57 0.79 .00 .00 0.68 .32 .00

.55 0.80 .00 .00 0.76 .24 .00

.53 0.81 .00 .00 0.84 .16 .00

.52 0.82 .00 .00 0.91 .09 .00

.50 0.82 .00 .00 1.00 .00 .00

Note. GMA = general mental ability.
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subtracting out the expected effects of sampling error, criterion
reliability, and range restriction where appropriate) and intercorrela-
tions (SDRes, the residual standard deviation around the intercorrela-
tion after subtracting out only the expected effects of sampling error
because there are no corrections for predictor measurement error in
operational validity), and thus we modeled variability around these
values in the matrix. See Table 1 for each of the estimates of SDρ and
SDRes (i.e., numbers in parentheses). Each of the estimates of SDρ for
the selection methods were taken from Table 3 of Sackett et al.
(2022). See Appendix B for descriptions of howwe arrived at each of
the SDRes estimates for the selection method intercorrelations.
We conducted a 10,000-iteration simulation on the single-stage

Pareto-optimization model with all six predictors (i.e., the model in
Table 5). For each iteration, each value in the correlation matrix was
randomly drawn based on a normal distribution with the respective
meta-analytic mean and standard deviation using the R package stats
(R Core Team, 2022), which resulted in 10,000 different matrices.
We then used these correlation matrices as input to conduct 10,000
Pareto-optimization models using the R package ParetoR (Song,
2022). The Black–White mean differences, proportion of minority,
and selection ratio remained constant for all iterations. Each of the
10,000 Pareto-optimization models produced 21 solutions, ranging
from validity-maximizing to diversity-maximizing. We saved all
output from each solution including composite validity, adverse
impact ratio, as well as weights for the six predictors. The code for
this simulation is included in Supplemental Material B.

Results

Table 9 lists the number of times out of the 10,000 iterations that
each selection method was at each of the six ranks for the validity-
maximizing (top half of the table) and adverse impact ratio ≥.80
(bottom half of the table) solutions. For example, for the validity-
maximizing solutions, structured interviews had the greatest weight
and therefore the top rank (i.e., rank of 1) 4,245 times (42.45%).

GMA tests had the highest rank 1,527 times (15.27%), demonstrat-
ing that because of variability around the meta-analytic estimates,
it is possible for GMA tests (and each of the other predictors) to
get the greatest weight in the validity-maximizing solutions at
least some of the time. For the adverse impact ratio ≥.80 solutions,
integrity tests were the most common top-ranked method, with
structured interviews and conscientiousness also often being top-
ranked. GMA tests were never the top-ranked method in any of
the 10,000 adverse impact ≥.80 solutions.

Discussion

Because of the availability of new meta-analytic estimates, and
particularly because of the insights provided by Sackett et al. (2022)
about overcorrection for range restriction in selection method meta-
analyses, we provided an updated meta-analytic correlation matrix
of the criterion-related validity, intercorrelations, and Black–White
mean differences for six commonly used selection methods. We
then used that matrix to provide new and important practical and
theoretical insights, particularly related to the role of GMA tests in
the validity–diversity trade-off.

Theoretical and Practical Implications

Personnel selection researchers and practitioners have long
grappled with the validity–diversity trade-off. At the heart of this
trade-off was the supposed reality that one of the most valid selection
methods, GMA tests, also resulted in large race/ethnicity subgroup
mean differences (Ployhart & Holtz, 2008; Sackett et al., 2001). So,
the trade-off was that if one wanted to reduce adverse impact by
limiting the weight given to GMA tests in personnel selection, this
would come at a steep validity cost. The results of the present study
show this is no longer the case and was primarily an artifact of the
inflated criterion-related validity of GMA tests due to inappropriate
range restriction corrections in past meta-analyses.When the updated
meta-analytic correlation matrix is used, with Sackett et al.’s (2022)
lower criterion-related validity estimate for GMA tests, it shows
that there is nothing special about GMA tests, at least in the context
of predicting overall job performance. GMA tests have middling
criterion-related validity compared to the other selection methods.
Excluding GMA tests from the selection battery has little to no
effect on criterion-related validity, but substantially reduces adverse
impact. There are small exceptions to this conclusion. For example,
in the single-stage Pareto-optimization analyses that did not include
structured interviews or that only focused on “off-the-shelf” selection
methods, there were appreciable decreases in validity if GMA tests
were completely excluded from the selection batteries (from .51 to
.42 and from .45 to .32, respectively). However, for most purposes,
and especially if structured interviews are a part of the selection
battery, simply excluding GMA tests has almost no validity down-
side and results in improved adverse impact.

Another noteworthy exception to this conclusion is when
variability was modeled around the meta-analytic averages in the
correlation matrix (Substantive Question 5). For example, the results
in Table 9 showed that GMA tests were the selection method with
the largest weight in the validity-maximizing solutions about 15% of
the time and were one of the top two ranked selection methods about
38% of the time (i.e., 3,776 out of 10,000 iterations). Thus, simply
due to the substantial variability around the meta-analytic estimates

Table 9
Number of Times Out of 10,000 That Each Selection Method Was at
Ranks 1–6 in the Pareto-Optimal Validity-Maximizing Solutions
Versus the Adverse Impact Ratio ≥.80 Solutions

Selection method

Rank

1 2 3 4 5 6

Validity-maximizing
solution

Biodata 1,196 1,854 2,150 2,082 2,384 334
GMA tests 1,527 2,249 2,938 2,000 1,209 77
Conscientiousness 324 697 1,057 1,385 5,700 837
Structured interviews 4,245 2,275 1,521 974 868 117
Integrity tests 2,555 2,611 1,608 1,448 1,598 180
SJTs 178 325 611 933 6,364 1,589

Adverse impact ratio
≥.80 solution

Biodata 92 837 1,117 2,271 5,631 334
GMA tests 0 79 391 2,252 7,211 77
Conscientiousness 2,752 4,688 1,977 435 147 837
Structured interviews 3,134 3,563 1,694 725 862 117
Integrity tests 4,046 626 2,713 1,561 1,042 180
SJTs 0 221 360 1,933 7,352 1,589

Note. GMA = general mental ability; SJT = situational judgment tests.
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in the matrix, there are certainly scenarios in which GMA tests will
carry substantial weight, at least in validity-maximizing solutions
(in adverse impact ratio greater than .80 solutions, GMA tests were
never the selection method with the largest weight and were usually
the fourth- or fifth-ranked selection method). This highlights the
importance of attending to variability, and not just the mean, in
meta-analytic estimates.
However, there are two important caveats to these Substantive

Question 5 results. First, it has long been lamented (e.g., Berry, 2015)
that much of what we know about the validity of GMA tests is based
on very old data that is mostly from the 20th century, with much of it
even from the 1980s or before. A recent, updatedmeta-analysis of the
validity of GMA tests using only studies carried out in the 21st
century (Sackett, Demeke, et al., 2023) found a somewhat lower
operational validity and SDρ (operational validity of .22, with SDρ of
0.11) than in the Sackett et al. (2022) values we used in the present
study (operational validity of .31 and SDρ of 0.14), which were based
on much older data, mostly from the 20th century. Sackett, Demeke,
et al. (2023) speculated that the lower validity in the 21st century
validity studies may be due to the increased emphasis on teamwork
and the resulting interpersonal aspects of work compared to the
validity studies of the 20th century which were dominated by
manufacturing jobs in which the focus was mostly on the quantity
and quality of task performance.We carried out the same Substantive
Question 5 analysis, but using the 21st century validity and SDρ for
GMA tests instead of the older Sackett et al. (2022) values and results
changed markedly; full results are in Supplemental Table S1. In this
case, GMA tests were only the top-ranked selection method in the
validity-maximizing solutions 4% of the time (i.e., 400 out of 10,000
iterations) and were one of the top two ranked selection methods
about 17% of the time (1,684 out of 10,000 iterations); they were
never the top-ranked selection method in the adverse impact ratio
greater than or equal to .80 solutions and were most commonly
the fifth-ranked selection method. Thus, when one focuses on more
contemporary validity data for GMA tests, they carry even less
weight.
Second, we note that it is not clear that this variability in the Pareto-

optimal solutions demonstrated in the Substantive Question 5
analyses is actionable in practice. Absent knowing when and why
one should expect larger versus smaller validities around the meta-
analytic averages, one would typically have to rely on the mean
validity estimates in the design of selection systems. If meta-analyses
reveal useful moderators of validity (e.g., job complexity in the
relationship between GMA tests and job performance), then users
can and should insert validities applicable to their setting when
carrying out Pareto-optimization analyses. This highlights the
importance of continuing to identify the reasons (e.g., moderators)
for why there is so much variability around some meta-analytic
estimates. But, again, absent knowingwhat thosemoderators are, one
must rely on the mean validity estimates, and our results show that
GMA tests generally carry little weight in the results based on meta-
analytic means. In all, contrary to prior belief, GMA tests are
generally no longer a driving factor in the validity–diversity
trade-off.
However, this does not necessarily mean there is no longer a

validity–diversity trade-off. For example, although giving GMA
tests a zero weight in the Pareto-optimization analysis including all
six selection methods resulted in an improvement in the adverse
impact ratio, it did not result in the adverse impact ratio reaching the

rule of thumb adverse impact ratio of .80. This required a decrease in
validity from .61 in the validity-maximizing solution to .48 in the
solution that resulted in the adverse impact ratio being above .80. So,
getting the adverse impact ratio to .80 still results in some cost to
validity, even if this cost is not as steep as when using the old meta-
analytic correlation matrix. This is because not all adverse impact
was a result of GMA tests. Table 1 shows that there are also mean
differences, albeit smaller ones, in favor of the White subgroup on
some of the other selection methods, most notably biodata. So, while
the validity-maximizing solution gave substantial weight to biodata,
GMA tests, structured interviews, and integrity tests; the diversity-
enhancing solutions gave less (and eventually zero) weight to
biodata andGMA tests, and increasingweight to structured interviews,
integrity tests, and especially conscientiousness tests, which have
the lowest validity of the six selection methods. Patterns were similar
in most of the other Pareto-optimization analyses, particularly in the
two-stage analysis that models what we view as probably the most
prototypic selection battery: one that uses selection methods other than
interviews as an initial screen, with applicants passing that screen
moving on to an interview. Thus, although the present study’s results
do not completely resolve the validity–diversity trade-off, in that there
is still some validity cost for reduced adverse impact, it does show that
those validity costs are not as steep as was previously thought.

This shifts the emphasis of the validity–diversity trade-off away
from the role of GMA tests and toward the role that other selection
methods play in this relatively smaller validity–diversity trade-off. For
example, Ployhart and Holtz (2008) evaluated 16 different strategies
for addressing the validity–diversity trade-off. Our results have the
most direct implications for two strategies that Ployhart and Holtz
concluded were the most effective: (a) using alternative measurement
methods and (b) assessing the entire range of knowledge, skills,
abilities, and other constructs (KSAOs). Regarding (a), our results
show this strategy is nowmore effective than was previously thought.
Although Ployhart and Holtz suggested criterion-related validity may
be lower than for GMA tests when using alternative predictors,
we show this is not the case. Thus, this suggests that an important
new focus of research on resolving the validity–diversity trade-off
should be understanding why these “alternative methods” cause
adverse impact. There are numerous reasons the alternative methods
might cause adverse impact (e.g., bias in interview ratings, biodata
inventories including items for which there is not equal access, the
cognitive load of the alternative predictors). Although the data in the
present study cannot shed light on the first two example reasons, there
are signs in the present study’s data that cognitive load plays a role. As
can be seen in Table 1, many of the other selection methods have
nonzero relationships with GMA tests and also have the largest
Black–White d-values. The two selection methods with the smallest
correlations with GMA tests (conscientiousness and integrity tests)
also have the smallest Black–White d-values. In fact, there is a
correlation of .89 between the five alternative methods’ Black–White
d-values and their correlations with GMA tests. This is in line with
Dahlke and Sackett’s (2017) similar correlation of .84 for a wider
range of selection methods. This also suggests that another important
new focus of research on resolving the validity–diversity trade-off
should be understanding ways to mitigate the effects of the
“alternative methods” on diversity outcomes. Relatedly, these
selection methods have long been referred to as “alternative methods”
because they were thought of as alternatives to the default with the
highest validity: GMA tests. Our results demonstrate that these
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“alternative methods” actually should be thought of as the defaults,
with GMA tests being an “alternative method” that should only
be considered for use in very specific circumstances (e.g., when only
off-the-shelf selection methods are an option). Regarding (b),
assessing the full range of KSAOs remains an important strategy
for mitigating the validity–diversity trade-off. However, our results
show that for most purposes, assessing the full range of KSAOs that
meaningfully predict overall job performance can be done without
GMA tests.
Our results also provide guidance to those designing selection

systems. Selection systems emphasizing biodata, structured inter-
views, integrity tests, and perhaps GMA tests will maximize validity.
If one wants more of a balance of validity and diversity, reducing the
role of biodata and GMA tests is necessary, while putting greater
emphasis on conscientiousness tests, structured interviews, and
integrity tests. Structured interviews, in particular, play a key role.
Of the six selection methods, they have the highest criterion-related
validity, were the method given the highest weights in the Pareto-
optimization validity-maximization solutions in which they were
included, and even carried substantial weight in solutions that resulted
in adverse impact ratios above .80. Of course, using structured
interviews in an initial screening battery may prove difficult (although
future research could investigate whether more modern versions such
as asynchronous video interviews might be more feasible, while still
exhibiting the strong validity of in-person structured interviews), but
their value at some stage of the selection process both for validity and
diversity outcomes is substantial (e.g., see the two-stage Pareto-
optimization model).
Interestingly, SJTs carried zero weight in most of the Pareto-

optimization solutions. This does not necessarily mean that SJTs
have no value in personnel selection. As can be seen in Table 1, on
their own SJTs have appreciable criterion-related validity. However,
among the six selection methods, SJTs have one of the lowest
validities and one of the highest Black–White mean differences. So,
in selection batteries with the other selection methods, SJTs did little
to improve validity or adverse impact. In fact, in the Table 2 multiple
regression analysis, despite SJTs’ positive bivariate correlation with
job performance (r = .26), SJTs’ standardized regression coefficient
was weak and negative (β = −.13). This is likely because SJTs
were one of the weakest bivariate predictors, with only conscien-
tiousness tests being weaker, and SJTs had their strongest bivariate
relationships with the two strongest bivariate predictors: structured
interviews and biodata (correlations of .45 and .42, respectively,
with SJTs). So, the two strongest bivariate predictors share quite a
bit of variance with SJTs. This pattern of results suggests that SJTs’
positive bivariate relationship with job performance was due to it
sharing variance with structured interviews and biodata, and once
that variance had already been accounted for by structured
interviews and biodata, SJTs became a weak (negative) predictor.
This may be because the things that would help one successfully
respond to an SJT have much in common with the things tapped by
structured interviews and biodata. For example, SJTs present
applicants with scenarios and ask them to determine what they
would or should do. This is also common practice in structured
interviews. In particular, a common form of structured interview is
the situational interview, which is in many ways an interview form
of an SJT. Additionally, having past relevant experience would help
one when responding to an SJT and the point of biodata is to assess
applicants’ past relevant experience. Of course, an important caveat

to all these points about SJTs is that SJTs represent a selection
method that can be used to measure various constructs. Thus, the
above conclusions about SJTs can only be known to hold for SJTs
measuring constructs similar to those reflecting the meta-analytic
averages in the published literature to date. It is possible that results
could differ for SJTs measuring different constructs.

Because of the well-known distinction between constructs and
methods in the personnel selection literature (Arthur & Villado,
2008), and because some of the predictors included in the present
study are more to the construct side of the continuum (GMA tests,
conscientiousness, integrity tests) while the other predictors are more
to the method side of the continuum (structured interviews, biodata,
SJTs), we believe this issue of constructs and methods deserves
more discussion. For one, the fact that the predictor methods can be
designed to measure a wide range of constructs may be part of the
reason for variability around the meta-analytic averages. Structured
interviews provide a good example. They are one of the predictors in
the present studywith the largest standard deviation (.19) around their
meta-analytic validity. This is likely at least in part due to different
interviews measuring different combinations of constructs (Huffcutt
& Murphy, 2023). Our Substantive Question 5 analyses were
designed to assess the implications of the substantial variability
around the meta-analytic averages, but they cannot explain what is
causing that variability.We hope that therewill be a point in the future
when, rather than focusing on the validity of structured interviews (or
biodata or SJTs), the field focuses on the validity of structured
interviews that measure “these constructs” versus “those constructs.”

This construct-method issue is also important because the
constructs measured by the predictor methods and the degree to
which they overlap with the constructs in the other predictors affect
results. For example, one of the reasons structured interviews fared
so well in our results is that they are relatively weakly related to the
three predictor constructs (i.e., correlations of .18, .08, and−.02 with
GMA tests, conscientiousness, and integrity tests, respectively),
giving them more opportunity for incremental validity. One of the
reasons SJTs fare relatively poorly is that they have stronger
relationships with the three predictor constructs (i.e., correlations of
.29, .23, and .16 with GMA tests, conscientiousness, and integrity
tests, respectively), giving them less opportunity for incremental
validity. However, structured interviews and SJTs (and biodata) are
predictor methods that could measure a wide range of constructs.
For instance, it is at least hypothetically possible to design an SJT
with weaker relationships GMA tests, conscientiousness, and
integrity tests. This would increase opportunity for incremental
validity if the criterion-related validity of such an SJT was still
appreciable. Similarly, one could design a structured interview that
has much stronger correlations with GMA tests, conscientiousness,
and integrity tests, and this would affect its opportunity for incre-
mental validity. We think there is still value in knowing how
the average structured interview, biodata inventory, or SJT in the
published literature to date fares in comparison to other selection
predictors, which is what the analyses based on our meta-analytic
correlation matrix reflect. Still, it is also important to recognize and
continue to explore the variability around those averages.

Additionally, this construct-method issue has implications for
the role of GMA tests versus the construct of GMA in personnel
selection. Our results show that, in the presence of the other
predictors, GMA tests generally carry little weight and excluding
them from the selection battery has little effect on validity. However,
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this does not necessarily mean that the construct of GMA has little or
no role. We note that GMA tests, and presumably the construct being
measured by these tests, correlate positively with a number of the
other predictors in our analyses (e.g., correlations of .13, .18, and .29
with biodata, structured interviews, and SJTs, respectively). Thus, the
construct of GMA will still play at least some role in personnel
selection due to its correlations with these other predictors.
Another important result in the present study is the demonstration

that, although Sackett et al. (2022) showed that the criterion-related
validity of many individual selection methods had been over-
estimated due to inappropriate range restriction corrections, it is
still possible for composites of multiple selection methods to have
criterion-related validity similar to what was expected before
Sackett et al. (2022). For example, using Roth et al.’s (2011) meta-
analytic correlation matrix resulted in a validity of .66 for a
composite of all six selection methods, and this only reduced to .61
when using the updated matrix with its more modest validities for
most selection methods. This same pattern was repeated for
composites using smaller numbers of selection methods. Thus,
despite Sackett et al.’s (2022) results showing that validity estimates
of many individual selection methods have been substantially
overestimated, the selection methods remain useful and valid,
especially when used in conjunction with each other. This is
particularly important because selection methods are almost always
used together in multipredictor batteries in actual selection practice.

Limitations and Directions for Future Research

One limitation is that the criterion-related validities, selection
method intercorrelations, and Black–White mean differences in the
updated meta-analytic matrix are simply the best estimates available
at this point in time. For example, the present study focused on
operational validities which correct only for criterion measurement
error and range restriction, where applicable, because this provides
an estimate of validity for selection methods in operational use.
However, Hunter and Schmidt (2004) outlined a number of other
statistical artifacts that can affect validity estimates (e.g., imperfect
construct validity). To the degree that such artifacts exist, if future
research could correct for them, validity estimates may increase.
Further, as new data become available, it will be necessary to
continue updating this matrix and it is possible that some of the
conclusions of the present study could be affected. For example,
much of the data from the meta-analyses that contributed to the
present study’s validity estimate for GMA tests is quite old. As noted
earlier, Sackett, Demeke, et al. (2023) recently meta-analyzed the
relationship between GMA tests and job performance including only
studies carried out in the 21st century, finding an average criterion-
related validity somewhat lower than that which was used in the
present study. We demonstrated that when Sackett, Demeke, et al.’s
(2023) updated and lower 21st century validity estimate is substituted
for the validity estimate based on older data from Sackett et al.
(2022), results differed in that GMA tests received substantially
lower weight in the Pareto-optimal solutions wherein we modeled
variability around the meta-analytic averages in the correlation
matrix (i.e., Substantive Question 5). Our other results would also
differ if we used the updated 21st century operational validity. For
example, we reran our single-stage Pareto-optimal model using all
six selection methods (i.e., the model in Table 5), but substituting the
21st century validity for GMA tests; full results are in Supplemental

Table S2. The general pattern of results is similar, but GMA tests
received less weight in the validity-maximizing solution (a weight of
.12 compared to the largest weight of .38 for structured interviews in
Supplemental Table S2 vs. a weight of .20 compared to the largest
weight of .34 for structured interviews in Table 5), received a weight
of zero earlier (i.e., in the fourth row of Supplemental Table S2 vs.
the sixth row of Table 5), and composite validity was reduced less
when GMA tests received a weight of zero (composite validity only
reduces from .58 to .57 in Supplemental Table S2 vs. from .61 to .56
in Table 5). Using Sackett, Demeke, et al.’s (2023) 21st century
criterion-related validity estimate just strengthens our conclusion
about the reduced role of GMA tests. Still, this highlights the
importance of future research to continue to examine and update the
relationships andmean differences included in the newmeta-analytic
matrix.

It is also important to note that this study focuses on howwell these
selection methods predict overall job performance. This reflects that a
major motivation for this study was Sackett et al.’s (2022) revised and
mostly lower estimates of these selection methods’ criterion-related
validity for predicting overall job performance. However, job
performance is known to be multidimensional, including dimensions
such as task performance, organizational citizenship behavior, and
counterproductive work behavior, among others (Rotundo & Sackett,
2002). Thus, it is likely that conclusions about the relative validity of
these selection methods could change if the focus shifted from overall
job performance to some of its dimensions. It is also the case that
selection methods outside of the six included in the present study
might be important additions for predicting some job performance
dimensions. For example, in addition to conscientiousness, agree-
ableness and emotional stability are important Big Five personality
predictors of counterproductive work behavior (Berry, Ones, et al.,
2007). Furthermore, job performance is not the only criterion that is of
interest to organizations. For example, in jobs requiring significant
training of employees, training performance is an important criterion
and GMA tests have long been found to be a strong predictor of
training performance. Thus, it may be the case that GMA tests
remain an important (perhaps even the most important) predictor
when training performance is the criterion of interest. However, it is
important to note that the validity of GMA tests for predicting training
performance has not been revisited in light of the range restriction
correction issues that Sackett et al. (2022) highlighted. In any case,
there would be value in future research creating meta-analytic
correlation matrices of various selection methods’ criterion-related
validity for predicting training performance or dimensions of job
performance.

Another caveat for the present study’s conclusions about GMA
tests is that they are derived from estimates of criterion-related
validities and Black–White mean differences for tests of GMA.
There are also narrower facets of GMA, such as verbal, quantitative,
and spatial abilities. There is evidence that criterion-related validity
(e.g., Salgado et al., 2003) and Black–White mean differences (e.g.,
Dahlke & Sackett, 2017) differ somewhat across tests of facets of
GMA. Thus, results could differ if one focuses on facet tests instead
of GMA tests. However, the driving factor behind this study’s
conclusions about GMA tests is that they have lower criterion-
related validity than was thought before Sackett et al. (2022), but
still have large Black–White mean differences. The general pattern
for tests of most of the facets of GMA is that they also have large
Black–White differences (Dahlke & Sackett, 2017), and have
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similar or lower criterion-related validity than GMA, at least for
predicting overall job performance (Salgado et al., 2003). Therefore,
we would expect similar overall conclusions for GMA tests and
most facet tests.
A final limitation is that the present study only focused on

these selection methods’ Black–White mean differences and their
implications for adverse impact and the validity–diversity trade-off.
This reflects that the validity–diversity trade-off has often focused
on those two subgroups, and that good estimates of mean differences
for other subgroups do not exist for many of the selection methods.
So, we see value in future research focused on the validity and
diversity implications of selection methods for other relevant
subgroups.

Conclusion

We provided an updated meta-analytic correlation matrix of six
selection methods’ criterion-related validity for predicting overall
job performance. Most importantly, this matrix included Sackett
et al.’s (2022) criterion-related validities for these selection
methods. Although Sackett et al.’s (2022) criterion-related validity
estimates were in many cases substantially lower than those
included in previous meta-analytic matrices (e.g., Roth et al.,
2011), the present study demonstrated that composites of multiple
selection methods can have validity nearly as high as was expected
before Sackett et al. (2022). The present study also demonstrated
that these composites’ validity does not hinge on inclusion of
GMA tests. Due to Sackett et al.’s (2022) much lower estimate of
the criterion-related validity of GMA tests, GMA tests can be left
out of most selection batteries and this will have little effect on
validity, but will greatly improve adverse impact. This essentially
resolves a major dilemma that personnel selection researchers and
practitioners had long faced that improving adverse impact by
excluding GMA tests came at a steep validity cost. The present
study demonstrates this is no longer the case.
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Appendix A

Definitions of Selection Methods

Selection method Definition

Biodata “Standardized measures” that deal with “describing behaviors and events occurring earlier in one’s life,
including personal background and life history events” (Speer et al., 2022, p. 4)

General mental ability tests Tests designed to measure general mental ability, which is “a very general mental capacity that, among other
things, involves the ability to reason, plan, solve problems, think abstractly, comprehend complex ideas, learn
quickly and learn from experience” (Gottfredson, 1997, p. 13).

Conscientiousness tests Self-report inventories or scales designed to measure conscientiousness, which is the degree to which one is
competent, orderly, dutiful, achievement striving, self-disciplined, and deliberate (Costa & McCrae, 1992).

Structured interviews In-person interviews incorporating elements of structure, such as standardization of interview questions or
standardization of response evaluation (Conway et al., 1995).

Integrity tests Tests designed to measure honesty or integrity. They can be overt or personality-based. “Overt integrity tests
commonly consist of two sections. The first is a measure of theft attitudes and includes questions pertaining
to beliefs about the frequency and extent of theft, punitiveness toward theft, ruminations about theft,
perceived ease of theft, endorsement of common rationalizations for theft, and assessments of one’s own
honesty. The second involves requests for admissions of theft and other wrongdoing … Personality-oriented
measures are closely linked to normal-range personality devices” and “include items dealing with
dependability, Conscientiousness, social conformity, thrill seeking, trouble with authority, and hostility”
(Berry, Sackett, & Wiemann, 2007, pp. 271–272).

Situational judgment tests “Situational judgment tests (SJTs) are personnel selection instruments that present job applicants with work-
related situations and possible responses to the situations. There are typically 2 types of instructions:
behavioral tendency and knowledge. Behavioral tendency instructions ask respondents to identify how they
would likely behave in a given situation. Knowledge instructions ask respondents to evaluate the
effectiveness of possible responses to a given situation” (McDaniel et al., 2007, p. 63).

Appendix B

Descriptions of Updates to the Selection Method Intercorrelations and Black–White Subgroup Mean Differences

Updates to Selection Method Intercorrelations

Except for SJT’s correlations with biodata, structured interviews,
and integrity tests, which we added to the meta-analytic correlation
matrix via new literature searches as detailed below, the selection
method intercorrelations in Table 1 were drawn from previous
studies. Some of the intercorrelations were simply taken from those
previous studies as is (the intercorrelations in plain text in Table 1),
while others changed somewhat due to new insights (italicized
intercorrelations in Table 1). Because our focus is on operational
validity, intercorrelations based on applicant pools are needed.
Therefore, we carefully reviewed every study contributing selection
method intercorrelations to ensure that they used applicant pool
samples, or at least samples that would be minimally affected by
range restriction compared to applicant pool samples. Thus, when
possible, the intercorrelations are based on applicant pools before
screening. In some instances, intercorrelations were available for
applicant samples that had already been screened using one of the
selection methods in question (e.g., a correlation between biodata
and a structured interview for a sample that had been screened using
the biodata measure), meaning the applicant sample was affected
by range restriction; in these cases, the sample was only included if
a credible correction for range restriction was possible. There were
some instances in which job incumbent intercorrelations were
included. Importantly, these incumbent intercorrelations were only
included if the incumbents had not been selected into their job using
the selection method in question (e.g., a biodata-conscientiousness
correlation from a job incumbent sample that had not been selected
into their jobs using the biodata or conscientiousness measures), as a
key point from Sackett et al. (2022) was that range restriction is

minimal if the selection method in question was not used to screen
the incumbent sample. Further, because predictor measurement
error is not corrected for in operational validity estimates, the
selection method intercorrelations were not corrected for measure-
ment error.

To get estimates of SDRes (the standard deviation of the meta-
analytic intercorrelation after subtracting out the expected effects of
sampling error), where possible, we simply used the values of SDRes

reported in the meta-analyses. Many meta-analyses did not report
SDRes, but rather reported SDr (the sample size-weighted standard
deviation of the meta-analytic intercorrelation). In these cases, we
calculated SDRes ourselves from the sample size (N), number of
samples (k), the meta-analytic correlation, and the reported SDr.
That is, to calculate SDRes, one simply squares SDr (to convert it to
a variance) and then subtracts the sampling error variance from
squared SDr; the square root of that difference is SDRes. The
sampling error variance formula, Equation A1, is:

ð1 − r̄2Þ2
N̄ − 1

, (A1)

where r̄ is the meta-analytic intercorrelation and N̄ is the average
sample size of the primary studies contributing to the meta-analysis
(which can be calculated by N by k).

In the following sections, we describe how we arrived at each
selection method intercorrelation and SDRes, along with explanations
for differences between our and Roth et al. (2011) intercorrelations
(Roth et al. did not include values of SDRes, and thus we do not
compare these values to Roth et al.).
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Biodata and GMA Tests

Roth et al. (2011) drew their correlation of .37 between biodata
and GMA tests from Potosky et al. (2005), who based their estimate
on two studies: Dean (1999) and Kriska (2001). Since Roth et al.
(2011), Speer et al. (2022) meta-analyzed the correlation between
biodata and GMA tests including more samples. Speer et al. reported
that they were only able to locate information about range restriction
in a handful of their samples and that the amount of range restriction
in those samples was very small (that is, the ratios of restricted to
unrestricted standard deviations [u-ratios] were u = .92 and u = .99
for direct and indirect range restriction, respectively). Thus, Speer et
al.’s uncorrected correlation of .13 (k = 10, n = 12,691) should
approximate the applicant pool value and is therefore the correlation
we use in Table 1. Speer et al. reported SDr instead of SDRes, so we
calculated the SDRes value of 0.053 using their k = 10, N = 12,691,
r = .13, and SDr = 0.06.

Biodata and Conscientiousness Tests

Roth et al. (2011) intercorrelation of .51 between biodata and
conscientiousness tests was drawn from Bobko et al. (1999), who
based their biodata-conscientiousness intercorrelation on two studies:
Gandy et al. (1994) and Pulakos and Schmitt (1996). Speer et al.
(2022) meta-analyzed the biodata-conscientiousness correlation
including more studies. As we discussed earlier, any range restriction
in Speer et al.’s samples was minimal, so we use their uncorrected
correlation of r = .54 (k = 9, n = 21,214) in Table 1. Speer et al.
reported SDr instead of SDRes, so we calculated the SDRes value of
0.179 using their k = 9, N = 21,214, r = .54, and SDr = 0.18.

Biodata and Structured Interviews

Roth et al.’s (2011) intercorrelation of .16 between biodata and
structured interviews was drawn from Bobko et al. (1999), who based
their biodata-interview correlation on two studies: Dalessio and
Silverhart (1994) and Pulakos and Schmitt (1996). Although Pulakos
and Schmitt’s correlation is based on a job incumbent sample, the
incumbents were not selected into their jobs using either the biodata
measure or structured interview, so any range restriction should be
minimal. Thus, we included Pulakos and Schmitt’s biodata-interview
correlation of .27. Bobko et al., and thus Roth et al., used a biodata-
interview correlation of .08 from Dalessio and Silverhart. However,
Dalessio and Silverhart reported that the correlation of .08 came from
a sample that was first screened on the biodata measure before
participating in the structured interview. Therefore, there was direct
range restriction on the biodata measure. Dalessio and Silverhart
corrected the correlation of .08 for direct range restriction in the biodata
measure, which resulted in a corrected correlation of .17. We thus use
the corrected correlation of .17 fromDalessio and Silverhart. We meta-
analyzed Dalessio and Silverhart and Pulakos and Schmitt’s
correlations, resulting in r = .21 (n = 1,042), which is the correlation
we use for the relationship between biodata and structured interviews in
Table 1. This meta-analysis also provided the value of .027 for SDRes.

Biodata and Integrity Tests

Roth et al. (2011) intercorrelation of .25 between biodata and
integrity tests was drawn fromMcFarland and Ryan (2000) study in

which a biodata measure and integrity test were administered to a
sample of undergraduates. We are not aware of any other estimates
of the relationship between biodata and integrity tests. Thus, we
also use .25 (n = 192) as the intercorrelation between biodata and
integrity tests in Table 1. Because the intercorrelation between
biodata and integrity tests is based on a single study, SDRes cannot be
calculated. Therefore, we used the average of the other SDRes values
in the matrix (0.108).

Biodata and SJTs

Given that SJTs are a new addition to the matrix, we conducted a
literature search to find studies that correlated biodata with SJTs.We
were able to locate two primary studies that reported the correlation
between biodata and SJTs (Oswald et al., 2004; Schmitt et al., 2009).
These studies used both the biodata and SJT measures in a research
context with college students. For both studies, students were not
selected using biodata or SJT. Hence, range restriction was minimal
and we therefore use these studies’ uncorrected correlations. Both
studies reported correlations between an SJT measure and multiple
biodata dimension scores, so we used a composite formula (Ghiselli
et al., 1981, p. 164) to estimate the correlations between the SJTs
and composites of the biodata dimension scores. We then meta-
analyzed (weighting by sample size) the resulting two composite
correlations to arrive at a meta-analytic correlation of .42 (n= 3,400)
between biodata and SJTs, which is the value we use in Table 1.
SDRes was 0.05. Because this a new meta-analysis calculated in the
present study, we also report the full meta-analysis results in Table
B1.

GMA Tests and Conscientiousness Tests

Roth et al. (2011) intercorrelation of .03 between GMA tests and
conscientiousness tests was drawn from Potosky et al. (2005).
Potosky et al.’s estimate was based on seven samples, one of which
was a job applicant sample and the other six of which were general
population samples that were unlikely to be affected by range
restriction. One could make the case that self-selection into applicant
pools might make the applicant pool sample more restricted in range
than the general population samples. However, two things make us
believe this is of little concern. First, the correlation in the applicant
pool sample (r = .12) is actually slightly larger than in the general
population samples. Second, the average correlation of .03 is so

Table B1
Meta-Analytic Relationships With Situational Judgment Tests

Selection
method k n rm SDr SDse SDRes %Var

95% CI

LL UL

Biodata 2 3,400 .42 0.05 0.02 0.05 15.4 .35 .49
Integrity test 5 742 .16 0.13 0.08 0.10 38.8 .04 .27
Structured

interview
8 7,761 .45 0.12 0.03 0.12 4.4 .37 .54

Note. k = number of samples; n = sample size; rm = meta-analytic
correlation; SDr = observed standard deviation; SDse = standard deviation
expected due to sampling error; SDRes = residual standard deviation; %
Var = percentage of variance accounted for by sampling error; CI =
confidence interval; LL = lower limit; UL = upper limit.
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small in the first place, that any plausible amount of range restriction
would only minimally affect it anyway (e.g., even if there was
enough range restriction such that correction for that restriction
doubled the correlation, this would still only result in a very small
correlation of .06). Thus, like Roth et al., we use .03 (n = 6,759)
as the correlation between GMA tests and conscientiousness tests
in Table 1.
Roth et al. (2011) did not report any estimates of variability,

not even SDr. Roth et al. reported their correlation of .03 from
Potosky et al. (2005), but Potosky et al. also do not report any
estimates of variability. However, Potosky et al. did report which
seven samples contributed to their intercorrelation between GMA
tests and conscientiousness. So, we located those seven samples and
calculated SDRes= 0.054 based on a meta-analysis of those samples’
correlations.

GMA Tests and Structured Interviews

Roth et al. (2011) intercorrelation of .31 between GMA tests and
structured interviews was drawn from Potosky et al. (2005). Potosky
et al. arrived at r = .31 by correcting the uncorrected r = .23 from
Huffcutt et al. (1996; Roth et al. reported this as r = .24, but it is
reported as r = .23 in both Potosky et al. and Huffcutt et al.) for direct
range restriction using u= .74 based on an interview range restriction
artifact distribution of 15 studies from Huffcutt and Arthur (1994).
We think this range restriction correction likely resulted in an
overestimate of the correlation between GMA tests and structured
interviews. Applying a direct range restriction correction to the
uncorrected correlation of r = .23 is only appropriate if direct range
restriction resulting from selection on the interview actually affected
every study in Huffcutt et al.’s meta-analysis. This is certainly not the
case. Berry, Sackett, and Landers (2007) reanalyzed the ability–
interview relationship, including all of Huffcutt et al.’s data, along
with additional data. Importantly, Berry et al. sorted studies into
different categories based on the form of range restriction affecting
each study. Out of 65 samples, Berry et al. only found direct range
restriction in 12, and of these 12 a number were restricted due to
selection on the GMA test, not the interview. In the majority of the
other samples range restriction was indirect, but there were even 12
samples with no range restriction because all applicants completed
the GMA test and interview. Thus, direct range restriction resulting
from selection on the interview is quite uncommon in studies of the
relationship between GMA tests and interviews. So, a blanket
correction to all studies for direct range restriction resulting from
selection on the interviewwould result in a misestimate of the ability–
interview correlation. Berry et al. reported their coding in their
Table 1. In that table, we located seven samples in which a GMA test
and structured interview were administered to an entire applicant
pool, meaning there is no range restriction. We meta-analyzed the
correlations between GMA tests and structured interviews in those
seven samples, resulting in ameta-analytic intercorrelation of .18 (n=
4,927), which is the intercorrelation we use in the Table 1 meta-
analytic matrix. SDRes was 0.038.

GMA Tests and Integrity Tests

Roth et al. (2011) intercorrelation of .02 between GMA tests and
integrity tests was drawn from Ones (1993) meta-analysis. The
correlation of .02 was corrected for range restriction and

measurement error. Our focus is on operational validity, so there
should be no correction for measurement error in the selection
method. For reasons we discuss in detail below for the relationship
between conscientiousness tests and integrity tests drawn from Ones,
we do not think a credible range restriction correction can be made
for the relationships that integrity tests have with conscientiousness
tests or GMA tests. In any case, the uncorrected correlation between
GMA tests and integrity tests (r = .01) is so small in the first place,
that it remains r = .01 whether one corrects for range restriction or
not. Thus, we use .01 (n = 23,306) as the intercorrelation between
GMA tests and integrity tests in Table 1. Ones did not report any
estimates of variability and we were unable to locate any variability
estimates elsewhere. Therefore, we used the average of the other
SDRes values in the matrix (0.108).

GMA Tests and SJTs

McDaniel et al. (2007) meta-analyzed the relationship between
GMA tests and SJTs. Although many of their 95 samples were likely
incumbent samples, we view it as unlikely that most of those samples
were selected into their jobs using the GMA tests or SJT measures
being validated. Thus, range restriction is likely minimal. This, along
with Sackett et al. (2022) principle of conservative estimation, led us
to use McDaniel et al.’s uncorrected r = .29 (k = 95, n = 30,859) as
the correlation between GMA tests and SJTs in Table 1. McDaniel
et al. reported SDr instead of SDRes, so we calculated the SDRes value
of 0.173 using their k = 95, N = 30,859, r = .29, and SDr = 0.18.

Conscientiousness Tests and Structured Interviews

Roth et al. (2011) intercorrelation of .13 between conscientious-
ness tests and structured interviews was drawn from Salgado and
Moscoso (2002) meta-analysis. Salgado andMoscoso arrived at that
intercorrelation by correcting the uncorrected r= .08 for direct range
restriction on the interviews using a u-ratio of .61 from an artifact
distribution they created based on a subset of their primary studies.
The issue here is similar to the issue we highlighted with the
relationship between GMA tests and structured interviews. That is,
this blanket correction for direct range restriction is only appropriate
if all studies in Salgado andMoscoso’s meta-analysis were restricted
in range due to selection only on the interview. However, Berry,
Sackett, and Landers (2007) meta-analysis suggests this is unlikely
to be the case and that such a blanket direct range restriction
correction resulted in an overestimate. Lacking a way to know
exactly how much range restriction affected all of the studies in
Salgado and Moscoso, we argue for using their uncorrected r = .08
for two reasons. The first is that the uncorrected correlation is so
small in the first place that even an overcorrection such as that used
by Salgado and Moscoso only increased the relationship by a few
correlation points. So, range restriction does not have a large effect
on this relationship. That leads to the second reason: following
Sackett et al. (2022) principle of conservative estimation, we would
prefer a slight underestimate (the uncorrected correlation) to an
overestimate. Thus, we used Salgado and Moscoso’s uncorrected
r = .08 (n = 1,497) for the intercorrelation between conscientious-
ness tests and structured interviews in Table 1. Salgado and
Moscoso reported SDr instead of SDRes, so we calculated the SDRes

value of 0.037 using their k= 13,N= 1,497, r= .08, and SDr= 0.10.
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Conscientiousness Tests and Integrity Tests

Roth et al. (2011) intercorrelation of .34 between conscientious-
ness tests and integrity tests was drawn from Ones (1993). The
uncorrected r = .28 was corrected for direct range restriction on the
integrity tests using Ones’ u-ratio of .81, resulting in the corrected
correlation of .34. However, there are two issues with correcting this
correlation for range restriction. First, this correction for direct range
restriction is only appropriate if the studies in Ones were all
restricted in range due to selection only on the integrity test. This is
highly unlikely because the majority of the studies in Ones’ meta-
analysis were likely concurrent validity studiesB1 and any range
restriction in concurrent validity studies is typically indirect rather
than direct (Hunter et al., 2006). Second, the u-ratio of .81 used to
correct for range restriction was drawn solely from predictive
validity studies, in which range restriction can be sizable (Sackett et
al., 2022), but was then applied to studies that used some unknown
mix of predictive and concurrent validity designs (likely a majority
concurrent, per Footnote 2). Sackett et al. (2022) demonstrated that
range restriction is typically minimal in concurrent validity studies,
so applying a correction using a u-ratio based on predictive studies
results in an overestimate of the correlation. Lacking information on
exactly how many studies in Ones were predictive versus
concurrent, Sackett et al. (2022) principle of conservative estimation
leads us to use an estimate that may be a slight underestimate (i.e.,
the uncorrected correlation) rather than one that is an overestimate
(the range restriction-corrected correlation). As such, we use Ones’
uncorrected r = .28 (n = 91,360) as the intercorrelation between
conscientiousness tests and integrity tests in Table 1. Ones did not
report any estimates of variability and we were unable to locate any
variability estimates elsewhere. Therefore, we used the average of
the other SDRes values in the matrix (0.108).

Conscientiousness Tests and SJTs

McDaniel et al. (2007) meta-analyzed the relationship between
conscientiousness tests and SJTs. Similar to the correlation between
GMA tests and SJTs in that meta-analysis, although many of their
53 samples were likely incumbent samples, we view it as unlikely
that most of those sample were selected into their jobs using the
conscientiousness or SJT measures. Thus, range restriction is likely
minimal. This, along with Sackett et al. (2022) principle of
conservative estimation, led us to use McDaniel et al.’s uncorrected
r = .23 (k = 53, n = 31,277) as the correlation between
conscientiousness tests and SJTs in Table 1. McDaniel et al. reported
SDr instead of SDRes, so we calculated the SDRes value of 0.124 using
their k = 53, N = 31,277, r = .23, and SDr = 0.13.

Structured Interviews and Integrity Tests

Roth et al. (2011) intercorrelation of −.02 between structured
interviews and integrity tests was drawn from a primary study by
Van Iddekinge et al. (2004). In this study job applicants were first
screened using a personality test and integrity test before those
passing that screen were interviewed. So, the correlation between
the interview and integrity test is restricted in range, but that
restriction and its effects on the interview–integrity relationship are
minimal. That is, only 18% of applicants were screened out using the
personality and integrity test and the uncorrected correlation of−.02

is so small in the first place that any range restriction correction
would leave it almost unchanged. As such, like Roth et al., we use
−.02 (n = 427) as the intercorrelation between structured interviews
and integrity tests in Table 1. Because the intercorrelation between
structured interviews and integrity tests is based on a single study,
SDRes cannot be calculated. Therefore, we used the average of the
other SDRes values in the matrix (0.108).

Structured Interviews and SJTs

Given that SJTs are a new addition to the matrix, we conducted a
literature search to find studies that correlated structured interviews
with SJTs. We located 11 studies including a correlation between an
interview and SJT. We excluded four of these studies because we
could not determine whether or how much range restriction affected
the sample (Heggarty et al., 2020; Husbands et al., 2018), whether
the interview was structured (Husbands et al., 2018; Yingling et al.,
2018), or the constructs measured in the SJT were very different
from the SJT constructs in the rest of the samples (i.e., emotional
management SJT in Knorr et al., 2018). This left seven studies
which included eight independent samples, which we describe in the
following.

Morgeson et al. (2005) reported an uncorrected correlation of .23
between a structured interview and SJT in a sample of 90 job
incumbents. The incumbents in this study were not hired using the
study measures. So, range restriction was minimal. In Husbands et
al. (2015), 200 medical school candidates completed a multiple mini
interview (MMI; which was similar to a structured interview) and an
SJT. They were not selected based on their SJT or interview scores.
Hence, we assumed range restriction to be minimal and therefore
included their uncorrected r = .32. In Patterson et al. (2016), an
entire applicant pool of 1,594 general practitioner registrars took an
MMI (i.e., past behavior structured interview) and SJT. Thus, there
was no range restriction and we therefore included the uncorrected
correlation of .53. Patterson et al. (2009) contained two samples with
structured interview–SJT correlations. In both samples, there was
minimal range restriction because applicants were not screened
using the SJT or MMI. So, we included the uncorrected correlations
of .52 (n = 837) and .53 (n = 3,231). In Roberts et al. (2014),
1,382 Australian applicants for specialty training completed an
MMI and SJT. As this was an applicant sample, there was no range
restriction. Thus, the uncorrected r = .26 correlation was included.
Finally, we received unpublished data related to two published
articles. Heimann et al. (2020) provided correlations between
structured interview ratings of interviewees’ Big Five personality
dimensions and leadership SJT scores for 223 job incumbents.
Neither the interview nor SJT were used in selection, so range
restriction should be minimal. For the interview, there were both
past behavior and situational interview ratings. The leadership SJT

(Appendices continue)

B1 Ones (1993) did not report how many primary studies were concurrent
validity studies, but Sackett et al. (2022) demonstrated that most studies
contributing to personnel selection method meta-analyses are concurrent.
Additionally, other integrity test meta-analyses, including ones coauthored
by Ones, have included a majority of concurrent studies. Specifically, in
Ones et al. (1993), 63% and 68% of the studies relating integrity tests to job
performance and counterproductive behaviors, respectively, were concur-
rent. Similarly, in Van Iddekinge et al. (2012), 54% and 79% of the studies
relating integrity tests to job performance and counterproductive work
behavior, respectively, were concurrent.
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measured dimensions describing positive (transformational) as
well as negative (transactional) leadership behavior. When
averaging correlations related to these SJT leadership dimensions,
we took into account that for transactional leadership dimensions
a negative correlation with interview scores is anticipated, whereas
for transformational leadership dimensions a positive correlation
is anticipated; and thus we changed the signs of correlations as
necessary when forming these dimensions into an overall composite.
We used a composite formula (Ghiselli et al., 1981, p. 174) to
estimate the correlation between a composite of the past behavior
and situational interview scores and a composite of the interview
dimensions. The overall composite correlation was .18. In Heimann
et al. (2021), 204 job incumbents (who were not selected using the
study instruments, so range restriction was minimal) took the same
leadership SJT and a structured interview (again containing both
past behavior and situational interview questions) that included task-
, relationship-, and change-oriented leadership dimension scores.
The same composite formula approach was used to estimate the
correlation between the overall interview and SJT scores. This led to
a correlation of .26.
We then meta-analyzed the correlations from those eight samples.

The resulting meta-analytic correlation was .45 (n= 7,761), which is
the value we used in Table 1. SDRes was 0.12. We also provide full
meta-analytic results in Table B1.

Integrity Tests and SJTs

We carried out another literature search to find studies that
correlated self-report integrity tests with SJTs. This led to five studies
containing eight independent samples. All these studies correlated
the SJT with the honesty–humility scale from the HEXACO model
of personality. Past scholarship has made the case that measures of
honesty–humility are similar to personality-based integrity tests
(Berry, Sackett, &Wiemann, 2007). Further, we note that Ones et al.
(1993) found that the mean uncorrected correlation between various
personality-based integrity tests is .43; while Lee et al. (2019) found
that the uncorrected correlation between honesty–humility and
integrity tests was .44. So, honesty–humility correlates with integrity
tests about as strongly as personality-based integrity tests correlate
with each other. Thus, we believe it is reasonable to base our estimate
of the correlation between integrity tests and SJTs on these honesty–
humility studies.
Inspection of the five integrity–SJT studies indicated that some

SJTs were specifically designed to target the construct (integrity)
with which we want to correlate the SJT, whereas in other studies the
SJT was not designed to explicitly capture integrity. There is
consensus that (similar to structured interviews) SJTs are measure-
ment methods that might capture a multitude of constructs (Christian
et al., 2010; McDaniel et al., 2007). Hence, this is also how we
conceptualized the SJT in our Table 1 matrix. In other words,
similar to structured interviews, the “SJT” in the matrix is not an SJT
specifically designed to target integrity or any other construct.
Therefore, we excluded three of the five studies (i.e., de Leng et al.,
2018; de Meijer et al., 2010; Husbands et al., 2015) because they
designed an SJT to solely measure integrity and then correlated it
with a self-report integrity test.
This left us with two studies containing five samples. Oostrom

et al. (2019) contained three samples. Study 1 included a general
population sample (n = 72), so range restriction should be minimal;

Study 2 included a full applicant pool (n = 157) with no range
restriction; and Study 3 included job incumbents (n = 110), but they
were not selected using the integrity test or SJT, so range restriction
should be minimal. In all three samples, honesty–humility was
correlated with an SJT designed to measure the six HEXACO
personality traits. Because separate scores were provided on the SJT
for the six HEXACO dimensions, we used a composite formula
(Ghiselli et al., 1981, p. 164) to estimate the correlations between
honesty–humility and the overall SJT in each sample. These
composite correlations were .26, .35, and .23 in Studies 1, 2, and 3,
respectively. Barends et al. (2022) contains two samples. Study 1
included 116 Dutch graduates and Study 2 included 287 MTurkers;
neither the SJT nor integrity test were used to select participants, so
range restriction should be minimal. In their online supplemental
material, Barend et al. reported correlations for each sample between
a measure of honesty–humility and an SJT designed to measure the
other five traits in the HEXACOmodel. Because they did not provide
intercorrelations between the five SJT dimensions, we simply
averaged the correlations between honesty–humility and the five SJT
dimensions. The average correlations were .03 and .05 for Studies 1
and 2, respectively.

We then meta-analyzed the correlations from those five samples.
The resulting meta-analytic correlation was .16 (n = 742), which is
the value we used in Table 1. SDRes was 0.10. We also provide full
meta-analytic results in Table B1.

Updates to Black–White Standardized Mean Differences
on the Selection Methods

Biodata

Roth et al. (2011) Black–White mean difference estimate for
biodata was d = .57, drawn from Potosky et al. (2005). Potosky et
al.’s estimate came from two studies: Dean (1999; d = .73)
dissertation (subsequently published as Dean, 2013) and Kriska
(2001; d = .27). We suggest the d = .73 from Dean is implausible.
The uncorrected d-value in Dean was .33, which was then corrected
for indirect range restriction due to selection on GMA tests to arrive
at the corrected d = .73. However, the correlation between GMA
tests and biodata reported in Dean was only .11, so it is not possible
for indirect range restriction due to selection on GMA tests to reduce
that d-value from .73 to .33. Given the very small correlation
between biodata and GMA tests in that sample, the actual range
restriction-corrected d-value would be very close to the uncorrected
d = .33. In any case, since the publication of Roth et al. and Potosky
et al., Tenbrink et al. (2021) reported a meta-analysis of the Black–
White mean difference on biodata that is based on 10 studies,
including Kriska and Dean (although Tenbrink et al. used Dean’s
uncorrected d-value, which we view as appropriate). We were able
to locate and examine eight of the 10 studies included in Tenbrink et
al. In none of the eight was the sample selected using the biodata
measure, so any range restriction should be minimal. Thus, we use
Tenbrink et al.’s meta-analytic Black–White uncorrected d = .32
(k = 10, n = 24,359) in Table 1.

GMA Tests

Roth et al. (2011) used two separate Black–White mean
difference estimates for GMA tests: one for medium complexity
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jobs (d = .72, n = 31,990) and one for low complexity jobs (d = .86,
n = 125,654), both of which were drawn from Roth et al. (2001).
Sackett et al. (2022) averaged these two d-values to arrive at d= .79,
which is the Black–White GMA test d-value we use in Table 1.

Conscientiousness Tests

Roth et al. (2011) Black–White mean difference estimate of d =
.06 for conscientiousness tests was drawn from Potosky et al.
(2005), which was based on three samples. We instead drew our d =
−.07 estimate from Foldes et al. (2008) meta-analysis of 67 samples
(n = 180,478). Although Foldes et al. included a mix of applicant,
incumbent, and student samples, we think it is unlikely that range
restriction significantly affects this d-value for a few reasons. First,
we believe it is unlikely that most of Foldes et al.’s samples were
selected using the conscientiousness measure. Second, past research
has generally found minimal range restriction for personality traits
(e.g., Sackett et al., 2022). Third, the uncorrected d = −.07 is so
small in the first place that any range restriction correction would
leave it almost unchanged.

Structured Interviews

Roth et al. (2011) Black–White mean difference estimate for
structured interviews was d = .32. They arrived at d = .32 by adding
a single d = .44 from a primary study by Roth et al. (2002) to the
meta-analytic d-value of .31 reported by Potosky et al. (2005). To
arrive at d = .31, Potosky et al. applied a direct range restriction
correction to Huffcutt and Roth (1998) uncorrected d = .23 using a
u-ratio of .74 from Huffcutt and Arthur (1994). We discussed above
why such a range restriction correction was inappropriate for the
correlation between GMA tests and structured interviews, and we
think the same reasoning applies in this case. Dahlke and Sackett
(2017) review of Black–White mean differences on selection

methods simply used Huffcutt and Roth’s uncorrected d = .23,
which we view as more appropriate, based on the principle of
conservative estimation. We added Roth et al. (2002) primary study
d = .44 to Huffcutt and Roth’s uncorrected meta-analytic d = .23,
which resulted in d = .24 (n = 9,175), which is the Black–White
mean difference for structured interviews that we include in Table 1.

Integrity Tests

Roth et al. (2011) Black–White mean difference estimate for
integrity tests was .04 (n = 481,523), taken from a large-scale study
of overt integrity tests carried out by Ones and Viswesvaran (1998).
Dahlke and Sackett (2017) more recent review presented an estimate
of d= .10 (n= 882,781), which was the average of their estimates of
.04 for overt integrity tests (also taken from Ones and Viswesvaran)
and .16 for personality-based integrity tests (taken from Ones,
1993). We thus use Dahlke and Sackett’s d = .10 in Table 1.

Situational Judgment Tests

Roth et al. (2011) did not include a Black–White mean difference
for SJTs in their meta-analytic matrix. We drew our Black–White
mean difference on SJTs estimate from Dahlke and Sackett
(2017), who obtained their estimates fromWhetzel et al. (2008). We
averaged Dahlke and Sackett’s behavioral tendency SJT (d = .34,
k = 17, n = 5,380) and knowledge SJT (d = .39, k = 45, n = 36,348)
mean differences to arrive at d = .37, which is the d-value we use in
Table 1.
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