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Abstract
We expected that the commentary process would provide valuable feedback to improve our ideas and identify
potential obstacles, and we were not disappointed. The commentaries were generally in agreement that synthetic
validity is a good idea, although we also received a fair amount of suggestions for improvements, conditional or
tempered praise, and explicitly critical comments. We address the concerns that were raised and conclude that
we should move forward with developing a large-scale synthetic validity database, incorporating the suggestions
of some of the commentators.

In 1957, researchers representing industry,
government, and academia came together
in Chicago for a symposium on synthetic
validity. The contents of this symposium
were published almost intact 2 years later
in Personnel Psychology. In 2009, we
came together for a similar symposium in
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New Orleans. Taking inspiration from what
happened 52 years ago, we collaborated
to put forth this focal article on synthetic
validity. Our goals were to summarize how
far we as a field have come, to address
challenges, and to inspire us to go the
remaining distance. How did we do? Let’s
look to the commentaries.

On the positive side, there seems to be
general agreement that synthetic validity
is a good idea. Bartram, Warr, and Brown
(2010) write, ‘‘We strongly support the prin-
ciple of synthetic validity and agree with
much of the focal article, seeing that form
of validity as the only general approach
for the future.’’ Hollweg (2010) thinks ‘‘a
database that promotes this goal would be

371

https://doi.org/10.1111/j.1754-9434.2010.01255.x Published online by Cambridge University Press

https://doi.org/10.1111/j.1754-9434.2010.01255.x


372 P. Steel et al.

a worthy achievement and add significantly
to the scientific body of the profession.’’
McCloy, Putka, and Gibby (2010) argue
that substantial funds for realizing it will
materialize ‘‘given the potential value to the
field.’’ Murphy (2010) admits ‘‘there is no
doubt that synthetic validity is a great idea.’’
Oswald and Hough (2010) are ‘‘convinced
that the payoff [for building a synthetic
validity database] would directly benefit the
welfare of organizations (in real dollars) as
well as employees and the science of work
behavior.’’ Russell (2010) strongly agrees
that ‘‘synthetic validity is ‘practically useful’
and . . . that it also holds value in developing
theory.’’ Schmidt and Oh (2010), despite
several pointed criticisms, ultimately indi-
cate that they are ‘‘favorable to the idea
of synthetic validity.’’ Finally, Vancouver
(2010) ‘‘advocates for the development of
a synthetic validity database along the lines
described by Johnson et al. (2010), not
only because of its practical utility but also
because of its potential contribution to the
science of I-O psychology generally.’’

Almost unanimously, synthetic validity
is highly praised, with the majority of com-
mentators believing that this is the future
for our field. Not to be misleading, we
also received a fair amount of suggestions
for improvements, conditional or tempered
praise, and explicitly critical comments. We
sorted these comments into six categories.
The first two categories address discriminant
validity concerns, specifically (a) ‘‘are you
sure you can discriminate validity between
jobs?’’ and (b) ‘‘are you sure you can
discriminate between performance dimen-
sions?’’ The third category is ‘‘Sure it’s bet-
ter, but is it better enough?’’ This is mostly
a reply to Murphy (2010), who questions
whether synthetic validity is significantly
better than validity generalization, engag-
ing us to make sure that the added effort
needed to create synthetic validity is worth
the result. The fourth category, ‘‘the per-
sonal touch,’’ addresses how expert opinion
fits into the synthetic validity process. Fifth,
‘‘what else can it do’’ considers other appli-
cations and research questions that syn-
thetic validity can address. Finally, we end

with ‘‘been there, done that.’’ In this section,
we recognize that there are many near-
synthetic validity projects and smaller syn-
thetic validity projects currently underway.
Their number underscores how feasible a
large-scale synthetic validity project can be
once we have developed the proper tools.

Following these six sections, we outline
next steps. Borrowing Murphy’s (2010)
metaphor that synthetic validity is a ship that
has already sailed, we argue that synthetic
validity has been successfully sailing the
selection seas for decades, stopping into
port periodically for retrofitting. Synthetic
validity is ready for another upgrade, so
let’s lay out the gangplank. As the consensus
of opinion revealed here, we have plenty
of people who want to come onboard
and bring synthetic validity to its next
destination.

Are You Sure You Can
Discriminate Validity
Between Jobs?

The most ardent criticisms of synthetic
validity come from Schmidt and Oh’s
(2010) commentary. Frank Schmidt along
with Jack Hunter must be given recognition
for pioneering some of the basic work that
gave rise to the modern synthetic validity
framework. Notably, their work disputing
the then widespread notion that validities
are situationally specific made modern syn-
thetic validity possible. Our field is deeply
indebted to their efforts, as ‘‘this was among
the most significant changes in organi-
zational research over the past century
because it allowed knowledge to accu-
mulate much more rapidly across studies’’
(Steel & Kammeyer-Mueller, 2008, p. 55).
However, their viewpoint reflects an oppo-
site extreme that there is no substantive sit-
uational specificity for validity coefficients
and what little remains can be accounted
for by general level of complexity.

For job component validity (JCV) to
work, there must be predictable variance
in validity coefficients across different jobs.
Consequently, we agree with Schmidt and
Oh’s (2010) basic idea that job complexity
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does moderate validity coefficients. We also
agree with Schmidt and Oh that validity
coefficients are not easy to predict, espe-
cially because of measurement error, and
that Hunter’s (1983) DOT complexity scale
will reach significance if reexamined with
far more cases. However, this statement
can be made of almost any predictor (e.g.,
Meehl’s crud factor), and it is not the focus
of the issue. We want to know the best
way to operationalize job complexity so
that it predicts those hard-to-predict valid-
ity coefficients, not just if job complexity
can predict. This requires us to determine if
O*NET or PAQ dimensions are superior to
those derived from the DOT. How can we
determine which is better?

Schmidt and Oh (2010) are correct that
‘‘typically one would classify jobs by com-
plexity level and then look to see whether
mean validity for a given test increased
as complexity increased.’’ However, the
typical procedure is not necessarily cor-
rect. Comparing means without consider-
ation of within-group variance is a funda-
mentally flawed procedure, with Harvey
(2010) reminding us about the problems
of predicting central tendency while ignor-
ing variability. Means alone do not tell
the percentage of variance accounted for,
and this is what we are interested in
(Lubinski & Humphreys, 1996). Weighted
least-squares regression provides the req-
uisite statistic, a recommended technique
for meta-analytic data if accompanied with
outlier analysis (Hunter & Schmidt, 2004;
Steel & Kammeyer-Mueller, 2002). To this
end, Steel and Kammeyer-Mueller (2009)
showed that the PAQ predicts approxi-
mately 30% of the variance of general
mental ability (GMA) validity coefficients,
with the DOT data dimension predicting
about 1%. Schmidt and Oh hypothesize
that the PAQ does better because of overfit-
ting because it uses more predictors. There
is no need for conjecture on this point.
Using Alf and Graf’s (2002) maximum like-
lihood correction, the R2 shrinks from .30 to
.25. Steel and Kammeyer-Mueller also did
an exploratory estimate based on 32 sub-
dimensions, acknowledging that a larger

database is needed to give a more accurate
estimate. Corrected, this R2 shrinks from
.40 to .28. Accounting for about 25 times
more variance, the PAQ is a better way
to operationalize job complexity than the
DOT data dimension. More importantly, job
complexity does effectively predict validity
coefficients.

Finally, Schmidt and Oh (2010) note
that Steel and Kammeyer-Mueller’s (2009)
results are questionable because Schmidt
and colleagues have estimated that between
82% and 87% of observed variability
among validity coefficients is attributable
to measurement error. In conjunction with
what was predicted by the PAQ, this means
that between 107% and 115% of variance
is accounted for, which is impossible. How-
ever, it is also impossible to give a generic
percentage of variance that is because of
measurement error. Exactly how much mea-
surement error exists in a meta-analytic
database is primarily determined by sample
size (Murphy, 2000), which will vary from
case to case but can be readily computed.
In Steel and Kammeyer-Mueller’s analysis,
sampling error comprises 55% of the vari-
ance for GMA validity coefficients, whereas
in the article relied on by Schmidt and Oh
for their estimates, the comparable estimate
is 81% (Schmidt et al., 1993). Also, Schmidt
et al. used a more homogenous sample,
sorting by job families and then averaging
results, which will further reduce variance
predictable by differences between jobs. In
other words, they removed the exact vari-
ance we are trying to predict. As Murphy
(2000) concludes, ‘‘a frequent criticism of
validity generalization [meta-analysis] pro-
cedures is that they are biased in favor of
the hypothesis that validity is consistent’’
(p. 199). Perhaps this viewpoint has some
merit. There is plenty of variability left for
JCV to predict validity coefficients after tak-
ing into account the measurement error.

Given that there is relevant variance to
account for and that we have already suc-
cessfully done so, the subsequent question
is how to proceed. Should we use the
O*NET or the PAQ? Vancouver (2010)
makes the sensible conclusion of perhaps

https://doi.org/10.1111/j.1754-9434.2010.01255.x Published online by Cambridge University Press

https://doi.org/10.1111/j.1754-9434.2010.01255.x


374 P. Steel et al.

neither as ‘‘additional constructs should be
added.’’ So far, our endeavors to predict
validity coefficients have primarily focused
on those involving GMA, and it is not clear
whether similar successes would occur with
validity coefficients based on other pre-
dictors. Consequently, we should consider
what we have achieved here as a good start
but not the finished product. One avenue to
explore is offered by McCloy et al. (2010)
as well as Oswald and Hough (2010), who
suggest examining several O*NET factors,
such as work context scales, as moderators.
Also, Vancouver suggested we consider
time on the job or experience as a mod-
erator as well, although he was concerned
that it would make the project too onerous.
We do not believe this to be a problem.
As Steel, Huffcutt, and Kammeyer-Mueller
(2006) conclude, we can add time-varying
covariates later as the database expands to
capture this variance. Although modeling
time on the job would improve synthetic
validity, it does not have to be immedi-
ately pursued because it isn’t a necessity.
For synthetic validity to be viable, it doesn’t
have to account for all the variance among
validity coefficients, just a useful amount of
variance and this is a threshold we have
already passed.

Are You Sure You Can
Discriminate Validity Between
Performance Dimensions?

Although it is not necessary for job com-
ponent validation, an implicit assumption
of the job requirements matrix approach to
synthetic validation is that we can differen-
tiate among performance dimensions. We
do not see discriminant validity among per-
formance dimensions as a ‘‘critical require-
ment if synthetic validity is to have a sound
basis and be credible’’ (Schmidt & Oh,
2010), but it is certainly a desirable qual-
ity. The job requirements matrix approach
is a construct-oriented approach to person-
nel selection, using job analysis information
to link relevant predictors to specific job
components. This not only allows for the
demonstration of validity evidence in jobs

that are too small for a traditional criterion-
related validation study but also ensures
that the selection procedure is job related,
which should enhance legal defensibility
and user acceptance. Although Schmidt and
Oh warn us that ‘‘critics’’ will argue that this
process is ‘‘more akin to Voodoo than to sci-
ence,’’ we believe this is a highly scientific
approach to personnel selection (cf. Schnei-
der, Hough, & Dunnette, 1996) regardless
of whether an alternative weighting of the
predictors provides a nearly equal validity
coefficient.

At this time, there is too little research
to draw definitive conclusions about the
discriminant validity of synthetic validity
equations. The degree to which a validity
coefficient for a job-specific equation differs
from the validity coefficient generated by
another job’s equation depends on the type
of predictors available and the similarity of
the jobs. If jobs are similar enough that the
same set of predictors can be used to predict
performance for all of them, we should
not be surprised that the weighting scheme
used for one job does not provide very
different results from the weighting scheme
used for another job. It has been consistently
demonstrated that different weights applied
to the same predictors often produce similar
composite scores and thus similar validities
(Koopman, 1988; Ree, Carretta, & Earles,
1998). Research on the discriminant validity
of synthetic validity equations that we
cited in our focal article has been limited
to applying different weights to the same
predictors. On the other hand, a synthetic
validation strategy allows for the selection
of different predictors for different jobs, so
a true test of discriminant validity would be
comparing equations that include different
predictors. For example, if one equation
includes a mechanical comprehension test
and another replaces it with a language
usage test, we are more likely to see
discriminant validity when applying the
equation for one job to the other job.

A more fundamental concern is that
Schmidt and Oh (2010) contend that we
cannot differentiate between job compo-
nents in the first place. For example, King,
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Hunter, and Schmidt (1980) found that job
performance dimensions accounted for an
average of 8% of the variance in observed
ratings. This is the traditional viewpoint on
the topic, but it is not the final word as a
new understanding of this issue is emerging.
Previous studies, including many of those
cited by Schmidt and Oh, made the assump-
tion that ‘‘if it ain’t trait it must be method’’
(Lance, Baranik, Lau, & Scharlau, 2009,
p. 339). This assumption is not necessarily
true. Raters may differ in their performance
ratings, but all may be still rating perfor-
mance, just based on different standards of
performance or based on different experi-
ences with the ratee (e.g., a person acts
differently with colleagues than around the
boss). More recent research has demon-
strated empirically that it is more appropri-
ate to interpret rater and source effects as
sources of performance true-score-related
variance rather than error (Lance, Daw-
son, Birkelbach, & Hoffman, 2010). Using a
more sophisticated approach to model such
true-score idiosyncratic rater effects, Hoff-
man, Lance, Bynum, and Gentry (2010)
found results ‘‘consistent with three pri-
mary models of performance ratings, each
specifying the impact of empirically dis-
tinguishable dimensional performance on
ratings’’ [italics added] (p. 144). Again, as
Bartram et al. (2010) point out, even more
differentiation should occur with motivated
raters who are appropriately trained and
who are using a well-designed performance
appraisal measure.

Having established that it is indeed pos-
sible to differentiate between performance
dimensions, the next move is to deter-
mine what dimensions should be used in
a large-scale synthetic validity database.
To this end, Bartram et al. (2010) closely
consider the benefits of assessing specific
performance dimensions instead of just
overall performance. We wholeheartedly
agree with their assessment, which pro-
vides additional reasons for using specific
performance dimensions beyond the fact
that Job Requirements Matrix (JRM) method-
ology needs them by its very nature. Fur-
thermore, we find their two-stage alignment

solution very compatible with what we
proposed (i.e., most performance ratings
would be collected at a specific level
and then classified into broader categories).
Still, the basic problem remains: What will
these dimensions be? We are not sure.
In truth, our scientific field is still deter-
mining what aspects of performance we
are capable of distinguishing and under
what conditions. As Bartram et al. con-
clude, ‘‘the primary limitation on progress
is coming from the criterion space and
not from the predictor space.’’ Address-
ing this issue, we suggested starting out
with broad performance categories and
then going to more specific categories as
more data are accumulated and letting the
data determine when sufficient specificity
has been reached. Bartram et al. also use-
fully point out that there will be no single
answer to this issue as several different
taxonomies will likely be effective, includ-
ing SHL’s Great Eight and O*NET’s Broad
Nine. Ideally, a finished synthetic validity
system will allow users to choose among
several configurations of performance.
Developing an appropriately flexible per-
formance taxonomy is our first order of
business.

Sure It’s Better, But Is It
Better Enough?

Murphy (2010) provides one of the harder
issues to address. It is not a question of can
we build a synthetic validity system, which
he believes we can, but whether we should.
Although synthetic validation provides sig-
nificantly better results than most local
validation studies (in terms of lower stan-
dard errors around the validity coefficient,
smaller sample sizes necessary within jobs,
and greater flexibility for estimating validity
in jobs not included in the original study),
how does it compare to validity generaliza-
tion? Validity generalization and synthetic
validity are like brothers, related techniques
that are based on similar assumptions (Jean-
neret, 1992). Although we would expect
some sibling rivalry, it appears we must
determine which is to be our favorite son.
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The case for validity generalization is
that it provides a simpler and immedi-
ately available way of devising a selection
system—simply use something like GMA
and Conscientiousness on the basis of their
mean validity coefficients across primary
studies. This is not a bad idea as both
constructs are typically good predictors of
performance and they both are universally
valid (i.e., credibility intervals do not cross
zero) because jobs everywhere benefit from
having smart and hardworking employees.
For many reasons, however, we do not see
validity generalization to be superior to syn-
thetic validation.

First, the fact that a test is universally
valid just means its validity coefficient will
always be on one side of zero. To prop-
erly design and evaluate a selection system,
however, we need to know the size of the
validity coefficients. It tells us how much
to weigh predictors relative to each other,
and it is vital for utility analysis, to deter-
mine how much we should invest in the
entire selection process. We also need pre-
cise validity coefficients to calculate the
likelihood of a candidate meeting a cutoff,
both for minimum and maximal perfor-
mance. The Productivity Measurement and
Enhancement system, for example, builds
around the insight that higher levels of per-
formance are not always significantly more
valuable, that there are diminishing returns
(Pritchard, Paquin, DeCuir, McCormick, &
Bly, 2002).

Validity generalization avoids this prob-
lem if the credibility intervals around esti-
mates are small. Ideally, all the variability
would be accounted for, the mean would
not vary much across situations, and there
would be no need for synthetic validity.
Unfortunately, this is not the case, not
even for GMA validity coefficients. Con-
sider Hunter and Hunter (1984), who found
a 90% credibility interval ranging from .29
to .61. For Hülsheger, Maier, and Stumpp
(2007), the credibility interval was from .30
to .77, and for Bertua, Anderson, and Sal-
gado (2005), it was from .09 to .87. For
Conscientiousness, its 90% credibility inter-
val can be calculated as .06–.42, with even

larger ranges for its facets (Dudley, Orvis,
Lebiecki, & Cortina, 2006). Again, this rep-
resents plenty of practical variability that
should be predictable using synthetic vali-
dation.1

Furthermore, once you go beyond GMA
and Conscientiousness, predictors tend not
to generalize in dependable ways. Murphy
(2009a) gets around this problem by assert-
ing that this is all we really need because
most other predictors are derivable from
these two (i.e., positive manifold). Later,
Murphy (2009b) admits that this is more
true for the cognitive than the personality
domain, highlighting that there are still sev-
eral relevant predictors that cannot be jus-
tified through validity generalization alone
(Tett & Christiansen, 2007). Still, Murphy
is quite right that the remaining predictors
almost certainly will not be as important
as GMA and Conscientiousness, and that
we have encountered a law of diminishing
returns. However, we interpret this situa-
tion as emphasizing the need for synthetic
validity. The selection field is beginning to
stagnate as there are no more easy pick-
ings left and it is not cost-effective for any
single organization to pursue what remains.
We contend that there are dozens of small,
incremental steps left to be taken, such as
evaluating personality at a facet level (Roth-
stein & Goffin, 2006; Schneider et al., 1996;
Tett & Christiansen, 2007), each accounting
for just a few percentage points of incremen-
tal predictive variance but collectively mak-
ing a substantive difference. In most cases,
there will not be a large-enough sample size
to recognize they exist, but as we mentioned
in our focal article, this is exactly the type

1. Mathematically, the techniques used to estab-
lish validity generalization systematically under-
estimate variance, as Steel and Kammeyer-Mueller
(2008) review. For example, we should adjust meta-
analytic variance estimates by K/(K − 1) but almost
never do; it corrects for a downward bias caused by
using the observed instead of true mean during cal-
culations. For example, a meta-analysis based on
20 studies (K) will underestimate the true amount
of variance by a little over 5%. The larger the meta-
analyses, the less this will be a concern, but it is fair
to point out that these credibility intervals, broad as
they are, are still to some degree underestimates.
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of advantage that can be accrued through
technical economies by using synthetic val-
idation. Sticking entirely to validity general-
ization, we are left with a field that can only
appreciate the largest and most obvious of
predictors: GMA and Conscientiousness.

Compounding the matter, so far we
have only dealt with the credibility inter-
vals for predicting performance, the pri-
mary but not the only criterion of synthetic
validity. The synthetic validation method-
ology can be used to match individuals
with jobs (person–job fit), occupations or
vocations (person–vocational fit), teams
or groups (person–group fit), and orga-
nizations (person–organization fit; Kristof-
Brown, Zimmerman, & Johnson, 2006). To
assess all these different types of fit, we are
interested not only in performance of indi-
viduals but how satisfied they are in the
job. Like performance, job satisfaction is
largely a function of individual differences,
the work context, and their interaction, all
of which can be assessed during a syn-
thetic validation project. Simply by knowing
details about individuals and their poten-
tial work situation, we should be able to
predict whether an occupation or an orga-
nization is a good match in terms of both
performance and job satisfaction. Unfor-
tunately, predictors of job satisfaction do
not generalize quite as readily as those for
performance (Griffeth, Hom, & Gaertner,
2000; Judge, Heller, & Mount, 2002). They
largely depend on a fit between particular
individuals and particular environments.

Even if all these previous issues did not
occur, validity generalization has one more
major limitation, one that Murphy (2009a)
himself brings up: It is not acceptable. As
he concludes, ‘‘tests that are manifestly rel-
evant to the jobs in question are likely to
be more acceptable to organizations and
other stakeholders (e.g., unions and polit-
ical groups) than tests that are not linked
in any clear way (other than their empiri-
cal validity) to the job’’ (p. 460). Because
synthetic validity customizes the results to
specific situations based upon a job analysis
that heavily involves the stakeholders, it can
largely avoid this weakness. We specifically

discussed this advantage in the focal article
when we evaluated synthetic validity’s legal
standing.

Validity generalization does have a sig-
nificant advantage over synthetic valida-
tion in that validity generalization can be
applied to small jobs in the absence of
an appropriate synthetic validity database.
This is a practical advantage that we hope
to remedy through the development of the
large-scale synthetic validity database that
we have advocated. Conceptually speaking,
however, we believe that synthetic validity
is superior to validity generalization. It is
not just that synthetic validity is the older
brother, preceding validity generalization in
its development. Rather synthetic validity
has all the advantages of validity general-
ization plus the ability to further predict
validity coefficients through effective mod-
erator searches. If we want the science of
I-O psychology to move beyond ‘‘general
cognitive ability and Conscientiousness pre-
dict overall job performance,’’ we need to
look at more specific relationships.

The Personal Touch

Synthetic validity represents a mechanical,
or more aptly, an algorithmic system. We
let the numbers do the talking. Although we
are happy when such math optimizes our
Internet searches, Hollweg (2010) argues
that it might work against synthetic validity
by causing it to be used as a reductionist
robotic formula. He worries that a widely
available synthetic validity database could
produce an overreliance on a mechanized
system that underemphasizes the impor-
tance of expert judgment within our field.
We share this concern to some extent, but
we believe that marketing, education, and
possibly limiting accessibility to qualified
professionals are tools that can do a great
deal to alleviate this concern. The purpose
of the synthetic validity system would be
to facilitate expert judgment and, if used
appropriately, would allow practitioners to
explore multiple possibilities when creating
a selection system for a client. Certainly,
overall validity is not the only criterion
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to consider, but output from this system
could help practitioners weigh other con-
cerns such as costs and accessibility along
with more readily accessible and accurate
validity estimates.

Hollweg (2010) raised other concerns
about how the database could hurt practi-
tioners. Although these concerns are valid,
we do not envision a future in which rep-
utable I-O consultants have been replaced
by a synthetic validity database. Take the
advent of validity generalization as an
example of a huge technical advance. We
have known for many years now that gen-
eral cognitive ability is a good predictor
of overall job performance for just about
any job, but the employment test publish-
ing industry is much stronger now than it
was before validity generalization became
mainstream. What we are proposing is
really just the next logical step, estab-
lishing validity generalization for specific
predictors and specific criteria. It is impor-
tant to remember that the public database
would not link specific tests to job com-
ponents but specific predictor constructs.
People still need measures of those con-
structs, and in this age of high-tech cheating,
new measures of the same constructs need
to be continuously developed. Publishers
will continue to try to develop new pre-
dictor constructs delivered in new formats
in an attempt to do something new and
provide value beyond what is available in
the database. This may even spur on the
next great technological advance. Consul-
tants may wind up marketing against the
database by demonstrating through their
own research that their instruments are
superior to the average level of validity that
would be documented for those constructs
by the database.

Also advocating a personal touch are
McCloy et al. (2010), who suggest an alter-
native path for developing the synthetic
validity system. Instead of empirically deriv-
ing correlations, they can be estimated
based on groups of subject matter experts
(SMEs). McCloy et al. review several steps
that would help maximize the accuracy of
these estimates, but many of us still have

doubts about the underlying mechanism,
which is opinion. For example, Harvey
(2010) characterized ‘‘subjective ‘expert
judgment’ based methods anchoring the
lower end of the scale’’ that represents
‘‘a continuum of convincingness.’’ Still,
McCloy et al.’s technique has given us
inspiration about how to improve our own.
There is a ‘‘wisdom of crowds,’’ and we
believe that SME-derived coefficients are
likely to reflect reality with some degree
of accuracy. We just need to determine
to what degree. Consequently, once we
have developed a basic but empty syn-
thetic validity matrix, establishing only what
the predictors and job components are, we
would engage SIOP experts to start filling it
out. As we collect empirical data, we can
compare these SME-derived coefficients to
those observed. If SME-derived coefficients
prove to be at least as accurate as what
would be derived from a typical local val-
idation study, we could start using the syn-
thetic validity system immediately. Even-
tually, this preliminary SME-derived matrix
will evolve into an empirically derived one
as we continue to gather data and swap
out coefficients. Meanwhile, we still have a
working system.

What Else It Can Do

Other commentaries focused on what else
we could do with synthetic validity, sug-
gesting that we were not taking into con-
sideration its full potential. They are right.
A lot of features can be incorporated within
a synthetic validity platform. In particular,
Oswald and Hough (2010) make a series
of suggestions. We could explore how to
best administer a validation study to maxi-
mize correlations. For example, who should
make the performance ratings and how?
How do differences between job analy-
sis protocols affect results? How can we
reduce adverse impact, and what are the
tradeoffs with validity? We also are not
limited to assessing just individual perfor-
mance but can consider how the individual
would impact team or group performance
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as well as expand into retention, recruit-
ment, and job satisfaction criteria. Different
criteria also open the door to a different set
of predictors (Kristof-Brown et al., 2006).
As we mentioned and as Harvey (2010)
reiterates, synthetic validity is not just for
selection. Instead of selecting people for
jobs, you can reverse the process and select
jobs for people, that is, career guidance and
occupational exploration.

Harvey (2010) also makes some other
point-on suggestions, although he precedes
it with a critique of mean-based JCV. Again,
we view mean-based JCV as the ‘‘Plan
B’’ solution to synthetic validity after early
attempts at validity coefficient-based JCV
were unsuccessful. As we reviewed in our
focal article, recent research has revitalized
validity coefficient-based JCV, and we are
back to ‘‘Plan A,’’ which addresses many
of Harvey’s concerns. The remaining issues
that Harvey brings up are all related to the
idea that the linear approach that dom-
inates selection today is far too simple.
We agree, especially because these limi-
tations apply most strongly to traditional
criterion-related studies. Vancouver (2010)
brings up the exact same point that ‘‘we
have tended to assume linear relationships
between IDs and performance.’’ As Van-
couver suggests, these interaction effects
and nonlinear relationships can be explic-
itly incorporated during a large synthetic
validity project (i.e., they are just additional
columns of predictors). Synthetic validity is
a way for us to start collecting and codi-
fying these insights as well as immediately
distributing the benefits across the selection
field once they are confirmed. We are going
to be making improvements and fine tuning
the process for a long while yet. Without
synthetic validity, as we stress, we rely on
local validity studies, which typically will
not have the power to notice anything but
the most pedestrian of findings.

Been There, Done That

Russell (2010) asserts that synthetic validity
is much more prevalent than we suggest,
as he already possesses or has seen many

synthetic validity studies.2 We are aware
that synthetic validity research is out there,
but these are generally proprietary techni-
cal reports and there has been very little
published research on synthetic validity in
its nearly 60-year history. Thus, we stand
by our contention that synthetic validity
is underutilized. In addition, although we
have not viewed all the studies to which
Russell refers and might readily be proven
wrong, what we have seen indicates they
are not quite synthetic validity. Rather, they
are transportability databases, which are
a collection of jobs all with previously
developed selection systems. This type of
database is used to find a job reasonably
similar to a target job and then ‘‘trans-
port’’ the validity of the selection system
for the similar job to the target job. Trans-
portability, like validity generalization, is
related to synthetic validity, as all three are
strategies for generalizing validity evidence
(Society for Industrial and Organizational
Psychology, 2003). Because transportabil-
ity is not quite synthetic validity, it has its
own challenges as Gibson and Caplinger
(2007) review. For example, for transporta-
bility all the problems associated with small
sample sizes which occurred when origi-
nally developing any selection system are
also transported to each new application.
Also, determining if two jobs are adequately
or relevantly similar is largely a subjective
exercise.

On the other hand, the fact that there
are large transportability databases under-
scores how close we are to building a ‘‘fully
loaded’’ synthetic validity system, with all
the features we described included. These
transportability databases can be converted
into synthetic validity as soon as the selec-
tion systems they are composed of are

2. Of note, we also agree with Russell (2010) that
there should be a better analogy than synthetic
time, especially because synthetic falsely connotes
an ersatz reproduction here. Unfortunately, this is
the analogy Lawshe (1952) stuck us with, as per
‘‘The concept is similar to that involved when the
time study engineer establishes standard times for
new operations’’ (p. 32). This is why Lawshe coined
the term ‘‘synthetic validity.’’
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developed with the appropriate infrastruc-
ture. As we stress, we need to measure
performance with a standard taxonomy (i.e.,
for JRM) and for each job to be assessed with
an appropriate job/context/organization
analysis measure (i.e., for JCV). This is a
good example of our suggestion that ‘‘the
creation of synthetic validity can ‘piggy-
back’ on what we already profitably do: cre-
ate selection systems.’’ One caveat though:
As Russell (2010) indicates, these private
databases seem to have focused on a few
job families and do not seem generalizable
across the entire employment landscape.
Still, once properly outfitted, they are a
good start and will eventually expand.

The Next Destination

We are very grateful to the commentary
authors for showing interest in our focal
article and taking the time to share their
encouragement, ideas, and concerns. This
commentary process has sharpened our
own thinking, and we are sure that it has
helped clarify issues for the reader. Our
primary goal was to publicize synthetic val-
idation techniques as preferred methods for
documenting validity evidence for selection
procedures, and we feel confident that we
have achieved that goal. Another goal was
to start the wheels turning on the devel-
opment of a large-scale, widely available
synthetic validity database to advance the
science and practice of I-O psychology.
We expected that the commentary pro-
cess would provide valuable feedback to
improve our ideas and identify potential
obstacles, and we were not disappointed.
Although we do not expect smooth sailing
ahead, we do not see any icebergs.

We still contend that SIOP is the best
institution to initiate the synthetic valid-
ity database we have in mind. Similarly,
McCloy et al. (2010) believe that ‘‘SIOP
would be an ideal host,’’ although Hollweg
(2010) suggests that we could do better,
arguing a hypothetical institution modeled
more closely after the Cochrane Collabo-
ration would be preferable. In all, SIOP
appears to be the best existing institution for

this project. Consequently, we recommend
that SIOP initiate a steering committee to
bring this concept to fruition. Members of
the committee should come from all rele-
vant stakeholders, including representatives
from academia, business, and government.

Originally, we did not expect that we
could obtain the necessary support from
government officials but that has changed.
Right now, America is experiencing an
almost unprecedented extended period
of greatly elevated unemployment (Peck,
2010). The costs of this deep recession
are severe and multifaceted, both for the
nation and its citizens. Synthetic validity
has the potential to help. The job mar-
ket, like all markets, becomes faster and
more efficient if you can improve the speed
and quality of relevant information. Adding
a synthetic validity component to O*NET
seems like a logical step. O*NET already
has the taxonomies of predictor constructs,
work dimensions, and potential moderators,
as well as job analysis data for hundreds of
occupations in the U.S. economy. With the
data-collection experience gained through
the development of O*NET, it may not be
as difficult as we imagine to collect pre-
dictor and criterion data on selected con-
structs from incumbents in a wide variety of
occupations.

In addition to the economic benefits of
improved incremental validity in selection,
synthetic validity can help select jobs for
people instead of just people for jobs. Used
in conjunction with O*NET, which already
has a vocational guidance component
(Converse, Oswald, Gillespie, Field, &
Bizot, 2004), a synthetic validity system that
includes the opportunity to self-administer
tests measuring various predictor constructs
can more accurately identify individual
strengths, point people toward occupations
in demand, estimate the likelihood that they
would be good at them, and help determine
whether they would enjoy them. People
would also quickly learn what training they
need to initiate a career change. Such
a sophisticated system that helps people
self-select into ideal careers would have
a noticeable effect on national GDP, with
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best estimates in the several hundred billion
dollar range (Hunter & Schmidt, 1982; Steel
& Kammeyer-Mueller, 2006).

Consequently, in return for governmen-
tal sponsorship, we provide a very healthy
return on investment as we help to max-
imize national productivity. Pursuing this
path allows us to gather the selection
data systematically and according to a uni-
formly high quality. This would be harder
to ensure if we took the commercial part-
nership route, a path that Bartram et al.
(2010) pointed out is difficult to realize.
Also, government sponsorship would allow
a longer and more sustained research effort.
Although we can quickly get a working
synthetic validity system off the ground,
especially if we allow some SME estimation
as per McCloy et al. (2010), we would want
to continue refining and optimizing this sys-
tem (Oswald & Hough, 2010). Our ability
to improve will continue as we explore,
for example, not only the best combina-
tion of constructs to predict performance
but how each construct should be best
operationalized.

Historically, governments have funded
exactly this sort of venture to tackle unem-
ployment (Primoff & Fine, 1988). The Social
Science Research Council, the National
Research Council, and the Occupational
Research Program of the U. S. Employment
Service all initiated similar efforts. In par-
ticular, the U.S. Civil Service Commission,
now the Office of Personnel Management,
was involved in a massive project involv-
ing over 100,000 employees back in 1919.
Notably, this is not only a larger number
of participants than needed to build syn-
thetic validity today, it was done during a
time when it was considerably harder to get
them.

The selection industry will also benefit
from this initiative in two important ways.
First, they need to equip their transporta-
bility databases with a few refinements to
enable JCV and JRM. Having the appropri-
ate methodology, performance taxonomies,
and job analysis for synthetic validity is a
necessary outcome of this project. If test
developers and selection houses choose

to develop their own proprietary synthetic
validity systems, using the tools from the
database will make it much easier for them.
Second, if users want to use this public syn-
thetic validity system for personnel selec-
tion, they would need to show that the tests
they are using are essentially equivalent to
the tests from the synthetic validity system.
Such a practice will avoid validity degrada-
tion, as would inevitably happen for any sin-
gle widely used selection battery. Also, such
a straightforward validation process opens
up what is known as the ‘‘long tail.’’ Instead
of marketing selection exclusively to large
companies, all companies become viable
customers. This is especially true for small
companies, which have long been expected
to benefit from the use of synthetic validity.

We have established we can build syn-
thetic validity, even demonstrating it with
working prototypes. Many agree that the
field would hugely benefit from a national
synthetic validity database. Gary Becker,
who won the Nobel Prize for economics,
believes, ‘‘in a modern economy, human
capital [the work people do] is by far the
most important form of capital in creat-
ing wealth and growth’’ (Wheelan, 2002,
p. 106). Human capital and making the
most of it is what synthetic validity is all
about. This brings up one final question:
What are we waiting for?
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