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Abstract
Cognitive ability is one of the best predictors of performance on the job and past research has seemingly converged on the 
idea that narrow cognitive abilities do not add incremental validity over general mental ability (GMA) for predicting job 
performance. In the present study, we propose that the reason for the lack of incremental validity in previous research is that 
the narrow cognitive abilities that have been assessed most frequently are also the abilities that are most highly correlated 
with GMA. Therefore, we expect that examining a broader range of narrow cognitive abilities that are less highly correlated 
with GMA will demonstrate incremental validity for narrow abilities. To examine this prediction, we conducted an updated 
meta-analysis of the relationship between cognitive ability and a multidimensional conceptualization of job performance 
(task performance, training performance, organizational citizenship behavior, counterproductive work behavior, withdrawal). 
Using several different methods of analyzing the data, results indicated that the narrow cognitive abilities that are the least 
highly correlated with GMA added substantial incremental validity for predicting task performance, training performance, 
and organizational citizenship behavior. These results have important implications for the assessment of cognitive ability 
and the employee selection process.
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One of the most widely accepted findings in organizational 
research is that cognitive ability predicts job performance, 
often substantially (Schmidt & Hunter, 1998; Schmitt, 
2014). However, although the structure of cognitive ability 
is best described by both general and narrow cognitive abili-
ties (Carroll, 1993; McGrew, 2009), it is the utility of gen-
eral mental ability (GMA or g) that is typically emphasized 
(Ones et al., 2012; Schmidt, 2002). The consistent finding 
has been that GMA is the strongest predictor of job perfor-
mance even when controlling for narrow cognitive abilities 
(i.e., GMA demonstrates incremental validity over narrow 
abilities). Consequently, it is a widely held belief, supported 
by a substantial body of research, that “not much more than 

g” is required for predicting job performance (Ree & Earles, 
1991; Ree et al., 1994).

In this paper, we reevaluate the belief that “not much 
more than g” is important for predicting job performance. 
There are several reasons to suggest that such a reevaluation 
could be worthwhile. First, the practical value of cognitive 
ability for predicting workplace performance is, arguably, 
only likely to increase as the world of work becomes more 
complex and dynamic. As a result, if narrow cognitive 
abilities can add further utility/validity beyond GMA, then 
there exists untapped potential in our ability to understand 
and predict performance at work. Second, as we will dis-
cuss later in this paper, previous tests of the incremental 
validity hypothesis have been overly conservative in that 
they have focused primarily on the narrow abilities that are 
most highly correlated with GMA. The focus on GMA in 
our field has directed our collective efforts toward creating 
efficient measures of cognitive ability that primarily assess 
only those narrow abilities that are most strongly correlated 
with GMA (e.g., verbal and quantitative abilities). As a 
result, these high correlations limit the potential incremen-
tal validity of narrow cognitive abilities in the prediction of 
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work outcomes. The third, and most important, reason to 
revisit the claim that “not much more than g” is important 
for predicting job performance is that research is starting 
to emerge that contradicts this claim and demonstrates the 
predictive validity of narrow cognitive abilities. Notably, a 
few studies have shown that narrow cognitive abilities can 
provide incremental validity over GMA under some con-
ditions (Lang et al., 2010; Nye et al., 2020; Stanhope & 
Surface, 2014). Nevertheless, even these studies assessed 
only a limited range of narrow cognitive abilities, and these 
abilities were assessed using a single measure (Lang et al., 
2010; Stanhope & Surface, 2014) or assessments that were 
confounded with other constructs (Nye et al., 2020).

In sum, although several studies have shown that “not 
much more than g” is important for predicting performance, 
recent research has begun to question the validity of this 
claim. As a result, there are a number of conflicting findings 
in this literature that necessitate further research. In addi-
tion, we believe that a comprehensive examination of this 
research question has yet to be conducted because a broad 
range of narrow abilities has not been simultaneously con-
sidered when examining the incremental validity of narrow 
abilities over GMA. Therefore, we suggest that the limited 
range of abilities that are typically assessed has hindered 
past research on this topic. Thus, the goal of the present 
study was to evaluate the relationships between GMA, nar-
row cognitive abilities, and job performance by conducting 
a meta-analysis that includes a comprehensive set of narrow 
abilities as well as multiple dimensions of job performance. 
The results of this study will help to clarify these relation-
ships and provide additional information about how narrow 
cognitive abilities can contribute to the employee selection 
process.

The Structure of Cognitive Ability

To identify a definitive structure of cognitive ability, Carroll 
(1993) conducted a quantitative analysis of cognitive ability 
research. In his review of the literature, he identified 461 
datasets that could be used to examine the factor structure 
of cognitive ability. Based on the results of factor analyses, 
Carroll proposed a hierarchical model of cognitive ability 
with a general ability factor (i.e., GMA) at the top, a set 
of narrower cognitive abilities in the second stratum of the 
model, and a broad range of specific factors underlying each 
of the narrow abilities. Importantly, Carroll found that some 
narrow abilities had stronger relationships with the general 
factor than others.

More recently, attempts have been made to integrate 
Carroll’s (1993) model with similar models proposed by 
Cattell and Horn (Cattell, 1943, 1971; Horn & Blankson, 
2005) due to the substantial overlap among the narrow 

abilities proposed in each of these models. One key differ-
ence between these models is that Carroll’s model includes 
a GMA factor, but neither Cattell nor Horn proposed such 
a general factor. Thus, the integration effort has primarily 
focused on clarifying  the narrow abilities (McGrew, 2009). 
To be specific, in addition to the narrow abilities included in 
Carroll’s model, the models proposed by Cattell and Horn 
(a) included additional factors for quantitative knowledge 
and reading and writing, and (b) separated Carroll’s mem-
ory factor into factors for short-term memory and long-term 
storage and retrieval. In short, the integrated model includes 
the hierarchical structure identified by Carroll (1993) and the 
additional narrow abilities suggested by Cattell and Horn. 
This integrated model is known as the Cattell-Horn-Carroll 
(CHC) model and is widely accepted as a comprehensive 
structure of cognitive ability (McGrew, 2009). Given the 
theoretical and empirical support for this model, we use this 
model as the underlying framework for the current study. 
Table 1 provides the definitions of the narrow abilities in 
this model.

The Validity and Incremental Validity 
of Narrow Cognitive Abilities

Numerous studies have examined the validity of GMA and 
narrow cognitive abilities for predicting work outcomes. 
This research has consistently supported the validity of 
GMA for predicting job performance (Schmitt, 2014) and 
selecting employees across a wide variety of jobs (Schmidt 
& Hunter, 1998). Debate still remains, however, about the 
value of narrow cognitive abilities for predicting work out-
comes. For example, some of the most widely cited research 
on this topic has concluded that narrow cognitive abilities 
do not provide incremental validity over GMA for pre-
dicting either training or job performance (Ree & Earles, 
1991; Ree, et al., 1994). Moreover, this finding occurs even 
when the content of the test is matched to the job (Murphy, 
2009; Murphy et al., 2009). Based on these findings, several 
authors have concluded that the utility of cognitive ability 
for predicting job performance primarily lies with GMA and 
not with the narrow abilities (Ones et al., 2012; Ree & Car-
retta, 2002; Schmitt, 2014).

However, it is important to highlight that the bulk of the 
empirical evidence supporting the “not much more than g” 
position has been obtained in studies that assessed only a 
limited subset of the narrow abilities identified in the CHC 
model—typically, those that are most strongly correlated 
with GMA. To elaborate, although many earlier measures 
of cognitive ability assessed a broad range of narrow abili-
ties (e.g., the General Aptitude Test Battery included psy-
chomotor and auditory subtests), efforts to develop efficient 
measures of GMA have resulted in measures that only assess 
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a small number of narrow abilities that are highly corre-
lated with GMA (Ackerman, 1996; Humphreys, 1994). For 
example, the ASVAB assesses verbal ability, quantitative 
knowledge, and spatial ability, all of which are highly cor-
related with GMA (Carroll, 1993; Lubinski, 2006). To illus-
trate this, Drasgow (2013) estimated a single factor model 
for the ASVAB subtests. In this model, all except two of 
the ASVAB subtests had factor loadings > 0.79 on the gen-
eral factor. The two subtests that did not exhibit such high 
factor loadings have since been removed from the ASVAB, 
presumably to create an even more efficient measure of 
GMA and potentially at the expense of assessing narrow 
abilities. Using this updated version of the ASVAB, Brown 
et al. (2006), unsurprisingly, reported a lack of incremental 
validity for the narrow abilities over GMA when predicting 
training performance.

The fact that previous research has only examined a 
limited subset of narrow cognitive abilities is an important 
limitation that confounds the conclusion that “not much 
more than g” is important for predicting job performance. 
To clarify, the fact that many existing measures of cognitive 
ability assess relatively few narrow abilities that are highly 
correlated with each other limits the construct validity of 
these measures. Although the CHC model suggests that 

cognitive ability is comprised of both GMA and a number 
of narrow cognitive abilities (e.g., Carroll, 1993; McGrew, 
2009), only a small subset of these narrow abilities are being 
assessed, meaning that the operationalization of the cog-
nitive ability construct may be deficient in many modern 
measures (Ackerman, 1996; Humphreys, 1994). In addition, 
from a statistical perspective, additional predictor variables 
cannot account for substantially more variance in an out-
come (i.e., increment validity) if these variables correlate 
highly with existing variables that are already in the model. 
Consequently, many of these previous studies (e.g., Ree & 
Earles, 1991; Ree et al., 1994) had severely limited poten-
tial for finding the incremental validity of narrow abilities 
over GMA because the narrow abilities assessed all tended 
to have strong correlations with GMA and each other. In 
other words, these measures of cognitive ability are not 
assessing the full domain of the construct and the narrow 
cognitive abilities that are being assessed are essentially pro-
viding redundant information due to their relatively high 
correlations.

Given the limitations of earlier studies on this topic, 
more recent research (Lang, et al., 2010; Mount et al., 2008; 
Nye et al., 2020; Stanhope & Surface, 2014) has started to 
examine the incremental validity of narrow abilities that are 

Table 1   Definitions of narrow cognitive abilities in the Cattell-Horn-Carroll (CHC) integrated model

Definitions as provided by McGrew (2009, Table 1)
a Although this narrow ability is referred to as Comprehensive Knowledge in the CHC framework, we refer to it as Crystalized Intelligence in this 
study to be consistent with previous research and Carroll’s (1993) terminology

Narrow cognitive ability Definition

Fluid Reasoning (Gf) The use of deliberate and controlled mental operations to solve novel problems that cannot be performed 
automatically

Crystalized Intelligence (Gc)a The knowledge of the culture that is incorporated by individuals through a process of acculturation. Gc is 
typically described as a person’s breadth and depth of acquired knowledge of the language, information and 
concepts of a specific culture, and/or the application of this knowledge

General Knowledge (Gkn) The breadth, depth and mastery of a person’s acquired knowledge in specialized (demarcated) subject matter 
of discipline domains that typically do not represent the general universal experiences of individuals in a 
culture (Gc)

Visual Processing (Gv) The ability to generate, store, retrieve, and transform visual images and sensations
Auditory Processing (Ga) Abilities that depend on sound as input and on the functioning of our hearing apparatus. A key characteristic 

is the extent an individual can cognitively control (i.e. handle the competition between signal and noise) 
the perception of auditory information

Short-term Memory (Gsm) The ability to apprehend and maintain awareness of a limited number of elements of information in the 
immediate situation

Long-term Memory (Glr) The ability to store and consolidate new information in long-term memory and later fluently retrieve the 
stored information (e.g., concepts, ideas, items, names) through association

Processing Speed (Gs) The ability to automatically and fluently perform relatively easy or over-learned elementary cognitive tasks, 
especially when high mental efficiency (i.e., attention and focused concentration) is required

Reaction and Decision Speed (Gt) The ability to make elementary decisions and/or responses (simple reaction time) or one of several elemen-
tary decisions and/or responses (complex reaction time) at the onset of simple stimuli

Quantitative Knowledge (Gq) The breadth and depth of a person’s acquired store of declarative and procedural quantitative or numerical 
knowledge

Reading and Writing (Grw) The breadth and depth of a person’s acquired store of declarative and procedural reading and writing skills 
and knowledge

1121Journal of Business and Psychology (2022) 37:1119–1139



1 3

less highly correlated with GMA (e.g., processing speed, 
auditory processing, and visual processing; Carroll, 1993; 
McGrew, 2009). For example, Stanhope and Surface (2014) 
used the ASVAB to measure GMA and a separate test bat-
tery to assess a narrow ability known as audiolinguistic 
ability. They found that audiolinguistic ability demonstrated 
incremental validity over GMA for predicting training out-
comes, whereas none of the narrow abilities measured by 
the ASVAB subtests did. Similarly, Lang et al. (2010) found 
the largest incremental validity for a subtest related to visual 
processing, while none of the other narrow abilities assessed 
in their study contributed substantially to the prediction of 
performance after controlling for GMA (i.e., Δ R2 < 0.01 
for the other narrow abilities). Finally, a recent study by 
Nye et al. (2020) examined the prediction of training per-
formance and found that a performance-based measure of 
narrow cognitive abilities like visual processing, auditory 
processing, and processing speed provided substantial incre-
mental validity (i.e., Δ R2 ranging from 0.08 to 0.10 across 
training criteria) over a separate measure of GMA. All of 
these studies provide initial evidence to support the claim 
(Krumm et al., 2014, p. 118) that there is greater potential 
for incremental validity when the narrow abilities that are 
assessed are less highly correlated with GMA. Therefore, 
we assert that examining a broader subset of the narrow 
cognitive abilities identified in the CHC model can provide 
a more comprehensive evaluation of their incremental valid-
ity over GMA.

Although the recent studies cited above call into ques-
tion the claim that “not much more than g” is important 
for predicting performance, they also have several limita-
tions that prevent definitive conclusions about the utility of 
narrow cognitive abilities from being drawn. For example, 
several of these studies only examined a limited subset of 
narrow cognitive abilities in the CHC model. The analyses 
by Lang et al. (2010) only examined a single measure of 
cognitive ability that had been used primarily in German 
samples. Therefore, the narrow cognitive abilities examined 
in that study were restricted to those assessed by that meas-
ure, which may not be representative of the broader CHC 
model. Similarly, Stanhope and Surface (2014) only exam-
ined the incremental validity of a single narrow cognitive 
ability. In both of these studies, only one narrow cognitive 
ability showed incremental validity over GMA but, again, 
this could be due to the limited number of narrow cognitive 
abilities that were assessed. In contrast, Nye et al. (2020) 
used a performance-based measure of cognitive ability that 
assessed several narrow cognitive abilities that are generally 
less highly correlated with GMA. However, the subscales 
of their performance-based measure assessed multiple nar-
row cognitive abilities simultaneously and were confounded 
with other factors inherent in the assessment method (e.g., 
psychomotor abilities). Therefore, their results could not be 

used to determine which narrow abilities were contributing 
to the overall prediction. In addition, all of these previous 
studies either examined training performance (Lang et al., 
2010; Nye et al., 2020; Stanhope & Surface, 2014) and/or 
were limited to individual jobs (i.e., warehouse workers and 
Navy pilots; Mount et al., 2008; Nye et al., 2020). Therefore, 
although these recent studies provide compelling initial evi-
dence for the incremental validity of narrow cognitive abili-
ties, their results may not generalize to other samples, other 
dimensions of performance (e.g., task performance, OCB, 
or CWB), or even to the other narrow cognitive abilities that 
were not assessed. As a result, the existing evidence is not 
sufficient to fully contradict the research finding that “not 
much more than g” is important for predicting performance 
on the job.

In sum, there are conflicting findings in the literature 
about the incremental validity and relative importance 
of GMA and narrow cognitive abilities for predicting job 
performance criteria. Some studies have shown that nar-
row cognitive abilities provide only negligible incremental 
validity after controlling for GMA (Murphy, 2009; Murphy 
et al., 2009; Ree & Earles, 1991; Ree, et al., 1994) while oth-
ers have found that adding narrow cognitive abilities to the 
model can significantly improve the prediction of training 
performance (Lang et al., 2010; Nye et al., 2020; Stanhope 
& Surface, 2014). Given the limitations of these previous 
studies, the debate continues and a more comprehensive 
evaluation of the incremental validity of narrow cognitive 
abilities is needed to resolve these discrepancies in the lit-
erature. Therefore, the present study attempted to address 
this issue by conducting a meta-analysis of the incremental 
validity of narrow cognitive abilities. Because both valid-
ity and incremental validity are likely to vary across nar-
row cognitive abilities, we examined the following research 
question:

Research Question 1: Do narrow cognitive abilities add 
incremental validity over GMA for predicting job per-
formance when a broader range of narrow abilities are 
examined?

Narrow Ability‑Job Match

Recent work has suggested that the match between nar-
row cognitive abilities and work tasks will be particularly 
important for understanding the validity of narrow abili-
ties (Krumm et al., 2014). When individuals have a high 
level of a particular narrow ability, logically, they should 
perform well on job-related tasks requiring that ability. For 
example, individuals with high quantitative ability should 
perform well in jobs (e.g., accounting) that require quanti-
tative tasks. Research in the expert performance literature 
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has provided indirect support for this effect by showing that 
expert levels of performance can be obtained through both 
ability and practice in a particular domain. In other words, 
high levels of performance are achieved when individuals 
with high ability in a particular area focus their time and 
effort on tasks related to that domain of performance (Ham-
brick et al., 2014).

Despite the intuitive appeal of this idea, other research 
has questioned the importance of the match between abili-
ties and job tasks (Murphy, 2009). For example, Murphy 
et al. (2009) examined the effects of matching the content 
of a cognitive ability measure to the content of the job. They 
argued that the positive correlations among cognitive abil-
ity subtests would mitigate the effects of matching because 
individuals who do well on matched subtests would also 
tend to do well on subtests that do no match. They illustrated 
this effect by showing that different composites of ASVAB 
subscales can have very similar validities despite differences 
in their content. Given the debate surrounding the effects of 
matching narrow cognitive abilities to the tasks required on 
the job, we examined the following research question:

Research Question 2: Do narrow cognitive abilities have 
stronger validities for predicting job performance when 
the ability assessed matches the tasks required on the job?

Dimensions of Job Performance

Job performance is typically conceptualized as a multi-
dimensional construct, with the most widely researched 
dimensions including task performance, training perfor-
mance, organizational citizenship behavior (OCB), counter-
productive work behavior (CWB), and withdrawal (Camp-
bell, 2012). Despite the recognition that job performance 
is a multidimensional construct, much of the past research 
examining the relationship between cognitive ability and 
job performance—and especially between narrow cogni-
tive abilities and job performance—has tended to focus on 
only the task or training performance dimensions. In part, 
this may be due to the expectation that the task and training 
dimensions of job performance are most strongly related 
to an employee’s ability to learn new material. As Schmidt 
(2002) has noted, “general cognitive ability is essentially the 
ability to learn” (p. 188). Similarly, in Campbell’s (2012) 
model of job performance, the effect of GMA on job per-
formance was mediated through declarative and procedural 
knowledge. In other words, individuals scoring higher on 
GMA are able to obtain more declarative and procedural 
knowledge about their jobs that then leads to higher per-
formance. Building on this work, research has shown that 
GMA is a much better predictor of task and training perfor-
mance (Schmidt, 2002, 2014) when compared with other 

dimensions of job performance1 (e.g., OCB [Gonzalez-Mulé 
et al., 2014], CWB [Dilchert et al., 2007], or withdrawal 
[Maltarich et al., 2010]; see also Borman & Motowidlo, 
1997).

Although past research has found a stronger link between 
GMA and task or training performance, this research also 
suggests that there will be at least moderate relationships 
between cognitive ability and other specific dimensions of 
job performance, such as OCB or CWB. OCB is defined 
as a set of discretionary behaviors that are not explicitly 
recognized by the reward system of the organization but 
that still contributes to overall organizational performance 
(Organ et al., 2006). Gonzalez-Mulé et al. (2014) suggested 
that GMA may affect OCB through its effects on moral rea-
soning. These authors argued that higher GMA individuals 
have a greater capacity for moral reasoning (see also Jensen, 
1998). As a result, individuals with high GMA will also have 
a better understanding of the moral reasons for engaging in 
OCB and the positive social consequences that can result. 
This suggests that GMA should be positively related with 
OCB.

In contrast, CWB is defined as any intentional employee 
behavior that is “viewed by the organizational as contrary 
to its legitimate interests” (Gruys & Sackett, 2003; p. 30). 
Dilchert et al. (2007) argued that GMA would have an inhib-
itory effect on CWB because individuals with high GMA are 
better able to learn and evaluate the potential consequences 
of their actions. Therefore, individuals with low GMA may 
be less able to accurately judge the negative implications of 
engaging in CWB. This would result in a negative correla-
tion between GMA and CWB, which has been supported by 
previous research (Dilchert et al., 2007).

Similar to the relationship between GMA and CWB, there 
is also likely to be a negative relationship between GMA 
and withdrawal behavior. Withdrawal is typically defined 
as a set of behaviors that employees engage in to avoid or 
disengage from their work environment, tasks, or organiza-
tion (e.g., absenteeism, lateness, withholding effort, turno-
ver; Carpenter & Berry, 2017). From a conceptual stand-
point, work withdrawal is often subsumed under the broader 
concept of CWB (Gruys & Sackett, 2003). In fact, in their 
meta-analytic review, Carpenter and Berry (2017) demon-
strated that CWB and withdrawal are both conceptually and 
empirically related. Despite the overlap in these constructs, 

1  Here, we differentiate between overall job performance and spe-
cific dimensions of job performance. Overall job performance is the 
higher-order construct while the specific dimensions of job perfor-
mance are the narrower forms of performance such as task perfor-
mance, training performance, OCB, CWB, and withdrawal. In the 
present study, we focus on the specific dimensions of performance to 
examine differences in the prediction of these behaviors rather than 
the higher-order performance construct.
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these authors also suggested that there may be differences 
in the underlying causes of these two outcomes. For exam-
ple, CWB may be motivated by an intent to harm whereas 
withdrawal is characterized by an attempt to avoid specific 
work. Given these potential differences, we examined these 
behaviors separately in the current study. Nevertheless, due 
to the empirical overlap demonstrated by Carpenter and 
Berry (2017), we also expect GMA to be negatively related 
to withdrawal.

Although previous studies (e.g., Dilchert et al., 2007; 
Gonzalez-Mulé et al., 2014; Ree & Earles, 1991; Ree et al., 
1994) have demonstrated that GMA is related to specific 
dimensions of job performance, it is important to recognize 
that most of these studies did not examine narrow cognitive 
abilities. Although some research has shown that narrow 
abilities also predict task and training performance (i.e., in 
addition to GMA; Lang et al., 2010; Nye et al., 2020; Stan-
hope & Surface, 2014), it is not currently known if narrow 
abilities predict task and training performance better than 
they predict other dimensions of job performance. Based on 
the assumption that narrow cognitive abilities also contrib-
ute to a person’s capacity to learn domain-specific job-rele-
vant material (e.g., reading and writing ability should predict 
learning the technical vocabulary required in a given job), 
we would expect narrow cognitive abilities to be better pre-
dictors of job performance dimensions that require learning 
(i.e., task and training performance) when compared with 
other dimensions where learning may be less relevant (e.g., 
OCB, CWB, and withdrawal). It seems plausible, however, 
that narrow cognitive abilities may also contribute to the 
prediction of other specific dimensions of job performance. 
As an example, being a subject matter expert in a particular 
domain (i.e., general knowledge, Gkn) may make it easier 
for a person, or make a person more willing, to help others 
or otherwise contribute to organizational goals (e.g., OCB). 
Thus, one contribution of the present study is to examine the 
relationships of both GMA and narrow cognitive abilities 
with five specific dimensions of job performance: task per-
formance, training performance, organizational citizenship 
behavior (OCB), counterproductive work behavior (CWB), 
and withdrawal.

Hypothesis 1: (a) GMA will be better predictor of task 
and training performance than of OCB, CWB, and with-
drawal; (b) Narrow cognitive abilities will be better pre-
dictors of task and training performance than of OCB, 
CWB, and withdrawal.

Although we expect both general and narrow cognitive 
abilities to predict similar job performance dimensions, it is 
less clear whether the incremental validity of narrow abili-
ties will vary across these outcomes. To our knowledge, no 
previous study has examined this issue. Given the substantial 

role of GMA in learning, it is possible that narrow cognitive 
abilities may provide less incremental validity for predicting 
outcomes that require employees to learn new material than 
other outcomes such as OCB, CWB, and withdrawal. How-
ever, as suggested above, the extent of incremental validity 
should also depend on the magnitude of the relationships 
between GMA and narrow cognitive abilities. Nevertheless, 
we are not aware of any research that has examined this 
issue. Therefore, we also explore whether the incremental 
validity of narrow cognitive abilities varies across perfor-
mance dimensions.

Research Question 3: Does the magnitude of incremental 
validity provided by narrow cognitive abilities over GMA 
vary across the specific dimensions of job performance?

Method

Literature Search and Inclusion Criteria

To identify studies for the present meta-analysis, we 
searched the following electronic databases for potentially 
relevant articles: American Psychological Association’s 
PSYCINFO, ProQuest’s Dissertation Abstracts, Business 
Science Premier, and the Institute of Education Sciences’ 
Education Resources Information Center (ERIC). We con-
ducted two separate searches in each of these databases. 
First, we searched for the following terms: specific cogni-
tive abilities, cognitive assessment, specific aptitudes, CHC 
theory, Cattell-Horn-Carroll theory, Gf-Gc theory, primary 
mental abilities, specific validity, and intelligence measures. 
Second, we searched for each of the following terms cogni-
tive ability, intelligence, and mental ability, in conjunction 
with the term performance (e.g., cognitive ability AND per-
formance). We also reviewed the reference list of each rel-
evant article for further citations that could be incorporated. 
Both published and unpublished studies were included in 
order to reduce the potential for publication bias.

To ensure that the results obtained from this meta-analy-
sis would provide up-to-date information about the state of 
research on the validity of cognitive ability, we examined 
only those studies that had been conducted (i.e., the data 
were collected) within the last three decades (since 1990). In 
the present study, we use the CHC model as the organizing 
framework for the structure of cognitive ability. As noted by 
McGrew (2009), the first published measure that assessed 
many of the narrow cognitive abilities in the CHC model 
(though at the time it was only the Cattell-Horn model) was 
the Woodcock-Johnson test battery, which was published in 
1989 (Woodcock & Johnson, 1989). Carroll’s (1993) pio-
neering work on the structure of cognitive ability was then 
published in the early 1990s and the broader CHC model 
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was proposed several years later (McGrew, 1997). Given 
that the CHC model provided a comprehensive structure of 
cognitive ability that clarified the content of many narrow 
cognitive abilities, we would expect that the studies con-
ducted after the development of this model would use more 
uniform definitions and operationalizations of these narrow 
abilities. Therefore, focusing on articles published after the 
introduction of the Woodcock-Johnson test battery and sub-
sequent refinements to the CHC model provides a useful 
evaluation of the modern conceptualization and measure-
ment of cognitive ability. Our search identified over 3,000 
articles that examined cognitive ability and performance and 
were published during this time frame.

Each article we identified was reviewed and included if 
it reported information about the correlation (or a statistic 
that could be converted into a correlation, e.g., t-statistic) 
between cognitive ability and job performance. Job perfor-
mance was broadly defined to include task performance, 
training performance, OCB, CWB, and withdrawal. To be 
included in our review, a study also needed to: (a) use an 
adult sample; (b) include participants that were not selected 
based on cognitive or psychological disorders (e.g., we 
excluded studies that examined cognitive ability in partici-
pants with dementia or schizophrenia); (c) include partici-
pants who were current employees or prospective employees 
(e.g., trainees) and not undergraduate students; (d) examine a 
dimension of job performance rather than performance on a 
cognitive task; and (e) be written in English. While review-
ing the set of included articles, we screened for whether a 
study used the same dataset as another study in our review. 
When multiple studies used the same dataset, information 
from the study with the largest sample size was retained. 
This was necessary given that several large-scale military 
datasets have been used frequently in this literature (e.g., 
Project A). Application of the inclusion criteria mentioned 
above resulted in 201 independent samples (from 164 unique 
studies) that reported a total of 896 correlations between 
cognitive ability and a specific dimension of job perfor-
mance. A list of included articles can be found in the online 
supplemental material.

Coding of Studies

Type of Cognitive Ability

To code the type of cognitive ability that was measured, 
we created one dummy variable to reflect whether the cor-
relation in a study was between job performance and GMA 
(coded 1), or between job performance and a narrow cogni-
tive ability (coded 0). We created another 11 dummy varia-
bles to code for which of the narrow cognitive abilities in the 
CHC model (McGrew, 2009; see Table 1) was examined in a 
study. For example, if a study reported a correlation between 

fluid reasoning and a specific dimension of job performance, 
then the dummy variable for fluid reasoning was coded 1 and 
all the other dummy variables were coded 0.

Some articles reported correlations between job perfor-
mance and both GMA and narrow abilities. If both GMA 
and narrow abilities were measured by the same assessment 
(i.e., GMA was computed as a composite of the narrow abili-
ties), we included the correlations between job performance 
and narrow abilities and excluded the correlations between 
job performance and GMA. That is, if both GMA and nar-
row abilities were measured by the same assessment, we 
excluded the correlations between job performance and 
GMA to avoid including redundant information (i.e., GMA 
was just the sum of the narrow abilities and we use the nar-
row abilities to extract a latent factor for GMA below) and to 
meet the assumption of statistical independence among the 
observations. However, if GMA and narrow abilities were 
measured using different assessments, we included all of 
the correlations (i.e., correlations between job performance 
and narrow abilities as well as the correlations between job 
performance and GMA). Among the 896 correlations that 
were coded, 260 (29%) were correlations between GMA and 
job performance, and 636 (71%) were correlations between 
narrow cognitive abilities and job performance.

Specific Dimensions of Job Performance

In addition to coding each correlation in a study for the type 
of cognitive ability that was assessed, we also coded each 
correlation for the specific dimension of job performance 
that was measured. To that end, we created five dummy vari-
ables: task performance, organizational citizenship behavior 
(OCB), counterproductive work behavior (CWB), training 
performance, and withdrawal. Each dummy variable was 
coded 1 if the corresponding dimension of job performance 
was assessed and 0 otherwise.

Narrow Ability‑Job Match

For the 636 correlations between narrow cognitive abilities 
and job performance, we attempted to code for the match 
between the narrow ability and the task demands of the job. 
To do so, we examined the original study for information 
about the job. If the results of a job analysis were provided, 
we compared the information reported by the authors with 
the narrow cognitive ability that was measured. If the nar-
row ability assessed matched a required knowledge, skill, 
ability (KSA) or task that was identified in the job analysis, 
the dummy variable was coded 1. Otherwise, it was coded 0.

Only a few of the articles in our database provided the 
necessary job analysis information to code for an ability-job 
match. For the rest of the articles, we used information pro-
vided on O*NET to code for the match between the narrow 
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ability and the task demands of the job. Specifically, for each 
job/occupation, O*NET lists (and ranks by importance) the 
required tasks and KSAs for that occupation, as reported by 
subject matter experts. We used this information to identify 
the top three KSAs associated with each of the jobs included 
in our meta-analysis. If the narrow ability assessed in a study 
matched one of the top three KSAs identified for that job, 
the dummy variable was coded 1. Otherwise, it was coded 0.

Methodological Moderators

We also coded a number of methodological moderators for 
each study in our meta-analysis. First, because the validity 
of cognitive ability is larger when predicting objective rather 
than subjective measures of job performance (Schmidt, 
2002), we coded each correlation in our database for whether 
the measure of job performance was objective or subjective. 
If the performance measure was based on objective criteria 
(e.g., number of customer complaints, volume of sales), the 
dummy variable was coded 1. Otherwise, if the performance 
measure was based on others’ ratings (e.g., supervisory-rated 
task performance, coworker-rated OCB), the dummy vari-
able was coded 0. Second, we coded for whether the study 
used a longitudinal or a cross-sectional design. If there was a 
time lag between the measurements of cognitive ability and 
job performance, a dummy variable reflecting study design 
was coded 1 (longitudinal). If cognitive ability and job per-
formance were measured at the same time point, the study 
was coded 0 (cross-sectional). Finally, we also coded for the 
country that the data were collected in. Although the major-
ity of the studies in our meta-analysis were conducted in 
the USA, a number of studies were also conducted in other 
countries. Therefore, we coded the country the data were 
collected in as an additional moderator in our study. If the 
data used for a study were collected in the USA, a dummy 
variable reflecting the origin of the sample was coded 0. 
Otherwise, if the data were collected in another country, 
this variable was coded 1. Studies that collected data from 
multiple countries or that did not report enough information 
to determine the country the data were collected in were 
excluded from these analyses.

Meta‑analytic Corrections

The correlations reported in each primary study were cor-
rected for both range restriction and unreliability in the 
performance measure. We did not correct for unreliability 
in the cognitive ability predictors; that is, we obtained 
operational correlations. Because some correlations were 
affected by direct range restriction (e.g., cognitive abil-
ity scores were used to select employees), whereas others 
were affected by indirect range restriction, we examined 
each study to determine the appropriate range restriction 

correction to apply. For example, if applicants were 
selected into the position based on cognitive ability scores 
(e.g., qualifying exam scores were used to screen out 
applicants), we applied corrections for direct range restric-
tion. Otherwise, we corrected for indirect range restriction. 
Direct range restriction was observed most often for GMA 
while indirect range restriction was more common for nar-
row abilities. We used the methods proposed by Hunter 
et al. (2006) to perform all corrections.

To correct for range restriction, we used the sample 
(i.e., restricted) standard deviation (SD) for each cognitive 
ability score if it was reported in the original study. To 
obtain the unrestricted SD, we used the population esti-
mate if it was reported in the original study. When these 
values were not reported, we searched for technical manu-
als for each of the cognitive ability measures in our analy-
ses. If these manuals reported studies using a large number 
of participants to establish norms for the cognitive ability 
measure, we used the SDs from these norming samples as 
our estimates of the unrestricted SDs. When appropriate 
restricted or unrestricted SDs could not be identified, we 
used the average SD ratio (i.e., restricted SD/unrestricted 
SD) for cognitive ability measures across all studies to 
correct for range restriction. The average SD ratio across 
all studies was 0.89.

To correct for unreliability in the job performance meas-
ures, we used the reliability of the performance measure 
reported in the original study if it was available. When 
this value was not reported, we used reliability estimates 
obtained from meta-analyses. Specifically, we corrected sub-
jective performance measures using a reliability estimate of 
0.60 (Conway & Huffcutt, 1997) and we corrected objec-
tive performance measures using a reliability estimate of 
0.61 (Sturman et al., 2005). For measures of performance 
that were unlikely to be affected by measurement error (e.g., 
administrative records of training grades or turnover), we 
assumed a reliability of 1.00.

Further, as noted by Hunter et al. (2006), corrections 
for indirect range restriction require that both the job per-
formance measures and the cognitive ability measures be 
corrected for unreliability. Therefore, to correct for unreli-
ability in the cognitive ability measures, we used the reli-
ability estimate for the cognitive ability measure reported in 
the original study if it was available. When this value was 
not reported in the original study, we searched the technical 
manual for that cognitive ability measure (if available) to 
obtain a reliability estimate. If a reliability estimate could 
not be obtained from either of these sources, then we used 
the average reliability estimate (0.82) obtained across all 
the cognitive ability measures included in our database as 
our estimate. After correcting for indirect range restriction 
using the approach described by Hunter et al. (2006), we 
uncorrected the correlation for unreliability in the predictor 

1126 Journal of Business and Psychology (2022) 37:1119–1139



1 3

to obtain operational correlations. These operational correla-
tions were then used for our meta-analyses.

Analytic Approach

Regression‑Based Meta‑analysis

We used a clustered regression-based approach to conduct 
the meta-analysis. In this approach, the dependent variable 
in the regression model is the effect size of interest (i.e., the 
correlation between cognitive ability and a specific dimen-
sion of job performance) and the predictor variables are 
the dummy codes for the potential moderators (e.g., type 
of cognitive ability, dimension of job performance). Thus, 
the regression intercept provides a baseline estimate of the 
relationship between cognitive ability and job performance 
when all the dummy variables are coded 0 and the regres-
sion slopes reflect the unique increment/decrement (from the 
baseline estimate) associated with each of the corresponding 
dummy variables.

One important feature of the regression-based approach 
is that it is able to handle multiple correlations from a single 
sample (e.g., correlations with different measures of GMA 
from the same sample), by properly accounting for the clus-
tered (i.e., non-independent) nature of the effect size esti-
mates included in our meta-analysis (Cochran, 1977). This 
was an important issue that needed to be dealt with, as many 
studies included in our review reported correlations between 
multiple measures of the same cognitive ability or the same 
dimension of performance. Although a common strategy to 
avoid violating the assumption of independence is to average 
across all of the correlations reported for the same sample to 
obtain a single effect size estimate for that sample (Hunter 
& Schmidt, 2004), this strategy limits the information used 
for the analyses and can affect the meta-analytic variance 

estimates and the ability to detect moderators (Gonzalez-
Mulé & Aguinis, 2018). To ensure that we could include 
all of the correlations from every study, while accounting 
for the non-independence of these correlations, we used a 
regression approach to meta-analysis that has been used in 
previous research (e.g., Nye et al., 2017; Richman et al., 
1999). This regression-based meta-analysis allowed us to 
test Hypothesis 1 and to address Research Question 2.

Incremental Validity Analyses

Although the regression-based meta-analysis provides bivar-
iate validity estimates for GMA and narrow cognitive abili-
ties, it does not provide a test of the incremental validity of 
narrow cognitive abilities over GMA. To examine incremen-
tal validity in addition to the bivariate validities, estimates 
of the intercorrelations among the narrow cognitive abilities 
are also required. Therefore, we conducted a separate meta-
analysis to estimate these intercorrelations and the meta-
analytic intercorrelation matrix is reported in Table 2.2

Table 2   Mean sample-size-weighted correlations among narrow abilities (k = 159)

Corrected correlations are presented in the lower triangle; uncorrected correlations in the upper triangle

Cognitive ability 1 2 3 4 5 6 7 8 9 10 11 12

1. General Mental Ability (GMA) – 0.68 0.67 0.50 0.50 0.35 0.50 0.48 0.49 0.61 0.85 0.75
2. Fluid Reasoning 0.72 – 0.46 0.30 0.34 0.22 0.35 0.67 0.33 0.22 0.41 0.43
3. Crystalized Intelligence 0.71 0.51 – 0.39 0.24 0.22 0.27 0.34 0.24 0.23
4. General Knowledge 0.52 0.37 – 0.15 0.05 0.10 0.08 0.17 0.13 0.55 0.54
5. Visual Processing 0.53 0.38 0.43 0.17 – 0.17 0.24 0.16 0.24 0.27 0.42 0.26
6. Auditory Processing 0.38 0.26 0.27 0.06 0.20 – 0.12 0.15 0.49 0.19
7. Short-term Memory 0.53 0.40 0.25 0.12 0.27 0.23 – 0.19 0.23 0.03 0.45 0.31
8. Long-term Memory 0.52 0.67 0.30 0.10 0.17 0.22 – 0.23 0.25
9. Processing Speed 0.53 0.38 0.39 0.20 0.28 0.17 0.27 0.26 – 0.12 0.44 0.24
10. Reaction and Decision Speed 0.64 0.25 0.28 0.13 0.31 0.53 0.04 0.15 – 0.17
11. Quantitative Knowledge 0.85 0.51 0.54 0.48 0.52 0.49 – 0.57
12. Reading and Writing 0.75 0.49 0.27 0.59 0.29 0.22 0.35 0.29 0.28 0.21 0.57 –

2  To estimate the intercorrelations, we examined the correlation 
matrices provided in the original studies in our database. If at least 
two different cognitive abilities were measured in the same study, we 
coded the intercorrelations between those abilities when they were 
reported in the article. For studies that did not report these intercor-
relations, we searched the technical manuals (if available) for the 
cognitive ability measure that was used and included the correlations 
reported in the manuals whenever possible. We identified 24 studies 
that reported correlations between two or more cognitive abilities. 
In addition, to supplement these 24 studies, we also included informa-
tion reported by Carroll (1993), which is the most comprehensive and 
widely used study on the structure of cognitive ability to date. Carroll 
(1993) reported results from 135 additional samples that we used to cal-
culate correlations between cognitive abilities. These correlations were 
then corrected for range restriction but not unreliability because we were 
interested in the operational validities. The procedures for correcting 
these correlations are described in the online supplemental material.
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In this study, we used three different methods to examine 
incremental validity. First, consistent with previous research 
(e.g., Ree & Earles, 1991; Ree et al., 1994), we used hier-
archical regression analyses. For these analyses, GMA was 
entered in Step 1 of the regression model, and the full set of 
narrow cognitive abilities was entered in Step 2. Incremental 
validity was determined by examining Δ R2 in the model and 
the significance of the regression weight for each narrow 
ability (while controlling for GMA and all the other narrow 
abilities).

Second, we supplemented the hierarchical regression 
analysis with a relative weights analysis (RWA; John-
son, 2000) conducted using the RWeb statistical package 
(Tonidandel & LeBreton, 2015). Although hierarchical 
regression provides an estimate of the unique contribution 
that narrow abilities provide over GMA, some research has 
suggested that the use of hierarchical regression may help 
to explain the lack of incremental validity in past research 
on cognitive ability (Lang et al., 2010; Stanhope & Surface, 
2014). This is because hierarchical regression is strongly 
affected by multicollinearity among the cognitive ability 
predictors. In contrast, RWA focuses on the relative con-
tributions of GMA and narrow abilities to the prediction 
of job performance. To do this, RWA partitions the shared 
variance among all of the cognitive ability predictors to 
create orthogonal predictors. We note that this approach 
of partitioning the shared variance is inconsistent with the 
hierarchical CHC model. According to the CHC model, all 
the shared variance among the narrow abilities should be 
treated as an indication of GMA (Carroll, 1993; McGrew, 
2009). Nonetheless, we conducted RWA to provide a point 
of comparison with previous research (Lang et al., 2010; 
Stanhope & Surface, 2014).

Finally, we also examined incremental validity using 
structural equations modeling (SEM). That is, to fully 
account for the shared variance among narrow abilities, 
we estimated a latent GMA factor by allowing all of the 
narrow abilities in the meta-analytically derived intercor-
relation matrix to load onto a single latent factor. This one-
factor model is consistent with the hierarchical CHC model, 
which represents GMA as a latent factor that describes 
the shared variance among the narrow abilities (Carroll, 
1993; McGrew, 2009). We used this one-factor model and 
estimated paths from both the latent GMA factor and the 
observed scores for each of the narrow abilities to the spe-
cific dimensions of job performance.3 For each of the three 
approaches used to examine incremental validity, separate 
models were estimated for each of the specific dimensions 
of job performance. In combination, these three different 

approaches to examining incremental validity (i.e., hierar-
chical regression, RWA, and SEM) allowed us to explore 
Research Questions 1 and 3.

Results

Meta‑analytic Bivariate Validities of GMA 
and Narrow Abilities

The weights estimated in the meta-analytic regression model 
are shown in Table 3 and the meta-analytic estimates of the 
bivariate validities for GMA and narrow abilities estimated 
using these weights are shown in Table 4. As highlighted 
earlier, the dependent variable for the meta-analytic regres-
sion model is the corrected correlation between cognitive 
ability and job performance in each study and the predic-
tors are the dummy codes for the potential moderators (e.g., 
type of cognitive ability, dimension of job performance, 

Table 3   Results of the meta-analytic regression model for cognitive 
ability

Model 1 is the original meta-analytic regression model that included 
all of the available studies in our database. In contrast, model 2 was 
estimated to test the effects of matching narrow cognitive abilities to 
the demands of the job (Research Question 2). GMA was excluded 
from model 2 because this general factor was not expected to depend 
on the match with any specific jobs
* p < .05

Variables Model 1
β

Model 2
β

Intercept .23* .23*
Cognitive Ability Factor
General Mental Ability (GMA) .02 –
Fluid Reasoning -.07 -.03
General Knowledge .12 .09
Visual Processing .07 –
Processing Speed .10* .15*
Quantitative Knowledge .12* .11*
Reading and Writing .07 .06
Job Performance Dimension
Task Performance -.02 -.08
Training Performance .10 .01
OCB -.11* -.23*
CWB -.18* -.20
Withdrawal -.28* -.23
Methodological Moderators
Objective Measure of Performance .14* –
Longitudinal Study Design -.11* –
Sample Origin -.05 –
Narrow Ability-Job Match – .02
R2 .36 .23

3  We could not estimate latent factors for the narrow abilities because 
we did not have item-level data in our meta-analytic database.

1128 Journal of Business and Psychology (2022) 37:1119–1139



1 3

Ta
bl

e 
4  

M
et

a-
an

al
yt

ic
 c

or
re

ct
ed

 c
or

re
la

tio
ns

 b
et

w
ee

n 
co

gn
iti

ve
 a

bi
lit

y 
an

d 
pe

rfo
rm

an
ce

O
C

B 
or

ga
ni

za
tio

na
l c

iti
ze

ns
hi

p 
be

ha
vi

or
; C

W
B 

co
un

te
rp

ro
du

ct
iv

e 
w

or
k 

be
ha

vi
or

. A
ll 

va
lu

es
 re

pr
es

en
t t

he
 e

sti
m

at
ed

 c
or

re
la

tio
ns

 c
or

re
ct

ed
 fo

r r
an

ge
 re

str
ic

tio
n 

an
d 

at
te

nu
at

io
n 

in
 th

e 
cr

ite
rio

n
a  U

si
ng

 th
e 

re
gr

es
si

on
-b

as
ed

 a
pp

ro
ac

h 
to

 m
et

a-
an

al
ys

is
, t

he
se

 c
or

re
la

tio
ns

 re
pr

es
en

t t
he

 b
as

el
in

e 
es

tim
at

es
 o

f t
he

 m
et

a-
an

al
yt

ic
 c

or
re

la
tio

ns
. A

s s
uc

h,
 th

e 
ba

se
lin

e 
co

rr
el

at
io

ns
 re

pr
es

en
t t

he
 re

la
-

tio
ns

hi
ps

 b
et

w
ee

n 
co

gn
iti

ve
 a

bi
lit

y 
an

d 
pe

rfo
rm

an
ce

 in
 e

m
pl

oy
ed

 s
am

pl
es

 w
he

n 
th

e 
da

ta
 a

re
 c

ro
ss

-s
ec

tio
na

l, 
co

lle
ct

ed
 in

 th
e 

U
SA

, a
nd

 s
ub

je
ct

iv
e 

m
ea

su
re

s 
of

 p
er

fo
rm

an
ce

 (e
.g

., 
su

pe
rv

is
or

y 
ra

tin
gs

) a
re

 u
se

d 
as

 th
e 

cr
ite

ria
b  Th

e 
si

gn
s 

of
 th

e 
pr

ed
ic

te
d 

co
rr

el
at

io
ns

 h
av

e 
be

en
 re

ve
rs

ed
 b

ac
k 

to
 th

ei
r o

rig
in

al
 d

ire
ct

io
n.

 A
s 

su
ch

, n
eg

at
iv

e 
co

rr
el

at
io

ns
 w

ith
 c

og
ni

tiv
e 

ab
ili

ty
 in

di
ca

te
 th

at
 in

di
vi

du
al

s 
w

ho
 s

co
re

 h
ig

he
r o

n 
co

gn
iti

ve
 a

bi
lit

y 
w

ill
 e

ng
ag

e 
in

 le
ss

 c
ou

nt
er

pr
od

uc
tiv

e 
w

or
k 

be
ha

vi
or

 a
nd

 w
ith

dr
aw

al

Va
ria

bl
es

Ta
sk

 P
er

fo
rm

an
ce

Tr
ai

ni
ng

 P
er

fo
rm

an
ce

O
C

B
W

ith
dr

aw
al

b
C

W
B

b

Su
bj

. C
rit

er
ia

O
bj

. C
rit

er
ia

Su
bj

. C
rit

er
ia

O
bj

. C
rit

er
ia

Su
bj

. C
rit

er
ia

O
bj

. C
rit

er
ia

Su
bj

. C
rit

er
ia

O
bj

. C
rit

er
ia

Su
bj

. C
rit

er
ia

O
bj

. C
rit

er
ia

C
og

ni
tiv

e 
A

bi
lit

y 
Fa

ct
or

G
en

er
al

 M
en

ta
l

A
bi

lit
y 

(G
M

A
)

.2
3

.3
7

.3
5

.4
9

.1
4

.2
8

.0
3

-.1
1

-.0
7

-.2
1

Fl
ui

d 
Re

as
on

in
g

.1
4

.2
8

.2
6

.4
0

.0
5

.1
9

.1
2

-.0
2

.0
2

-.1
2

G
en

er
al

 K
no

w
le

dg
e

.3
3

.3
7

.4
5

.5
9

.2
4

.3
8

-.0
7

-.2
1

-.1
7

-.3
1

V
is

ua
l P

ro
ce

ss
in

g
.2

8
.4

2
.4

0
.5

4
.1

9
.3

3
-.0

2
-.1

6
-.1

2
-.2

6
Pr

oc
es

si
ng

 S
pe

ed
.3

1
.4

5
.4

3
.5

7
.2

2
.3

6
-.0

5
-.1

9
-.1

5
-.2

9
Q

ua
nt

ita
tiv

e 
K

no
w

le
dg

e
.3

3
.4

7
.4

5
.5

9
.2

4
.3

8
-.0

7
-.2

1
-.1

7
-.3

1
Re

ad
in

g 
an

d 
W

rit
in

g
.2

8
.4

2
.4

0
.5

4
.1

9
.3

3
-.0

2
-.1

6
-.1

2
-.2

6
O

th
er

 N
ar

ro
w

 A
bi

lit
ie

sa
.2

1
.3

5
.3

3
.4

7
.1

2
.2

6
.0

5
-.0

9
-.0

5
-.1

9
St

ud
y 

D
es

ig
n

C
ro

ss
-S

ec
tio

na
l S

tu
di

es
a

.2
1

.3
5

.3
3

.4
7

.1
2

.2
6

.0
5

-.0
9

-.0
5

-.1
9

Lo
ng

itu
di

na
l S

tu
di

es
.1

0
.2

4
.2

2
.3

6
.0

1
.1

5
.1

6
.0

2
.0

6
-.0

8
In

te
rn

at
io

na
l S

tu
di

es
.1

6
.3

0
.2

8
.4

2
.0

7
.2

1
.1

0
-.0

4
.0

0
-.1

4

1129Journal of Business and Psychology (2022) 37:1119–1139



1 3

and methodological moderators). Therefore, the regression 
weights for this model (see Table 3) can be used to identify 
the most important factors for predicting variance in the cor-
relation between cognitive ability and performance across 
studies. In addition, these weights can also be used to calcu-
late the meta-analytic correlations represented in Table 4.4

The results presented in Table 4 provide the overall bivar-
iate validities for both GMA and narrow cognitive abilities. 
One important finding was that the results were substantially 
different for subjective (e.g., supervisor ratings) and objec-
tive (e.g., volume of sales) performance outcomes. As shown 
in Table 4, correlations with objective criteria were larger 
than correlations with subjective criteria. For example, the 
meta-analytic correlation between GMA and task perfor-
mance was substantially larger when task performance was 
operationalized using objective ( r

corrected
 = 0.37), rather than 

subjective ( r
corrected

 = 0.23) criteria. A similar pattern of 
results was also obtained for narrow abilities. For example, 
the meta-analytic correlation between visual processing and 
task performance was substantially larger when task perfor-
mance was operationalized using objective ( r

corrected
 = 0.42) 

rather than subjective ( r
corrected

 = 0.28) criteria. Moreover, 
the significant regression weight shown in Table 3 for objec-
tive measures ( � = 0.14, p < 0.05) indicates that the differ-
ences between these correlations are statistically significant. 
These results suggest that the objectivity of the criterion was 
an important moderator of the validity of both GMA and 
narrow cognitive abilities.

As shown in Table  4, and consistent with previous 
research, GMA was a strong predictor of several per-
formance dimensions. Importantly, the results shown in 
Table 4 also indicate that narrow cognitive abilities have 
strong correlations with many of the performance out-
comes. Although the CHC model describes 11 narrow 
abilities, our review of the literature only found correla-
tions between job performance and six of these narrow 
abilities. This finding is consistent with the idea that rela-
tively few narrow cognitive abilities are generally assessed 
and examined in the organizational literature. Thus, only 
the results associated with these six narrow abilities are 
shown in Tables 3 and 4. Nevertheless, the overall valid-
ity estimates for these narrow abilities were sometimes 
substantial. For example, the meta-analytic corrected cor-
relations ranged from 0.28 to 0.47 for objective measures 

of task performance, from 0.40 to 0.59 for objective meas-
ures of training performance, and from 0.19 to 0.38 for 
objective measures of OCB. However, it is important to 
note that these are bivariate validities that do not demon-
strate incremental validity over GMA (additional analy-
ses to examine incremental validity are shown in the next 
section).

Finally, the results presented in Table 4 also indicate 
that longitudinal predictive designs generally resulted 
in smaller correlations than concurrent validity designs. 
Moreover, the significant regression weight presented in 
Table 3 ( � = -0.11, p < 0.05) suggests that these differ-
ences were statistically significant. This finding is not 
surprising and suggests that validity may decrease when 
measurement of the predictor and the criterion are sepa-
rated in time. This result is consistent with temporal mod-
els of the cognitive ability—performance relationship over 
time (Alvarez & Hulin, 1972). In contrast, the origin of 
the sample did not have a significant impact on the cor-
relation between cognitive ability and performance ( � = 
-0.05, p > 0.05).

Hypotheses 1a and 1b state that GMA and narrow cogni-
tive abilities, respectively, will be better predictors of task 
and training performance than of OCB, CWB, or with-
drawal. To test these hypotheses, the effect sizes of these 
differences are shown in Table 4. Consistent with Hypoth-
esis 1a, GMA was more strongly correlated with task and 
training performance than with OCB, withdrawal, or CWB. 
For example, when job performance was measured using 
objective criteria, the correlations between GMA and task 
and training performance were 0.37 and 0.49, respectively. 
In contrast, the correlations between GMA and OCB, with-
drawal, and CWB were 0.28, -0.11, and -0.21, respectively. 
Moreover, the regression results presented in Table 3 dem-
onstrate that the correlations with OCB, withdrawal, and 
CWB were significantly lower than correlations with task 
and training performance, as indicated by the significant 
negative regression weights for these three performance 
dimensions (i.e., � = -0.11, -0.28, and -0.18, respectively, 
for OCB, withdrawal, and CWB).

The results reported in Table 4 for GMA are consistent 
with previous meta-analyses examining the validity of cog-
nitive ability (e.g., Bertua et al., 2005; Hunter & Hunter, 
1984; Salgado et al., 2003), although the magnitude of the 
correlations we obtained are slightly smaller than those 
reported previously. This is primarily due to the larger 
values used to correct for range restriction in the current 
study (i.e., average SD ratio = 0.89), as compared with the 
smaller values used in previous meta-analyses (average SD 
ratio = 0.65; Bertua et al., 2005; Hunter & Hunter, 1984; 
Salgado et al., 2003). The SD ratios used to correct for range 
restriction in the present study were estimated based on our 
meta-analytic database but would have resulted in smaller 

4  To calculate the meta-analytic correlations, the relevant regression 
weights for different conditions would simply be added to the inter-
cept to estimate the overall effect size. For example, the meta-analytic 
estimate of the correlation between GMA and an objective meas-
ure of training performance is equal to .23 (intercept) + .02 (weight 
for GMA) + .10 (weight for training performance) + .14 (weight for 
objective performance) = .49 (see Table 4).
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corrected correlations between GMA and performance than 
in previous studies, all else being equal.5

Consistent with Hypothesis 1b, narrow abilities also 
tended to be most strongly correlated with task and train-
ing performance and least strongly correlated with CWB 
and withdrawal. Again, correlations between the narrow 
cognitive abilities in our analyses and task performance 
ranged from 0.28 to 0.47 while correlations with training 
performance ranged from 0.40 to 0.59. In contrast, correla-
tions with either withdrawal or CWB tended to range from 
0.02 to 0.31 in absolute value. Interestingly, some narrow 
abilities appear to be as strongly correlated with OCB as 
with task and training performance. In fact, for OCB, many 
of the bivariate validities for the narrow cognitive abilities 
were greater than the bivariate validity for GMA.

Research Question 2 asks whether narrow cognitive abili-
ties will have stronger validity for predicting job performance 
when the ability being assessed matches the tasks required on 
the job. To answer this research question, we ran a separate 
analysis to test whether the regression weight associated with 
the dummy variable for the narrow ability-job match con-
tributed significantly to the meta-analytic regression model 
(see Table 3 Model 2). GMA was excluded from this model 
because it was not expected to depend on the match with any 
specific jobs—by definition GMA should relate to a broad 
range of tasks and jobs. We also excluded visual processing 
from these analyses because none of the studies that included 
visual processing in our review provided enough informa-
tion to identify the match between this ability and job-related 
tasks. In other words, we estimated the narrow ability-job 
match based on five of the six narrow abilities included in our 
meta-analytic regression. Results indicated that the narrow 
ability-job match did not moderate the ability-performance 
relationship ( � = 0.02, p > 0.05), suggesting that narrow abil-
ities predict job performance across a broad range of jobs and 
not just in jobs that require that particular ability.

Incremental Validity of Narrow Cognitive Abilities 
over GMA

The results presented above indicate that both GMA and 
narrow cognitive abilities predict specific dimensions of 

job performance. Both GMA and narrow abilities demon-
strated substantial validity for predicting task and training 
performance. In addition, when performance was measured 
objectively, both GMA and narrow abilities demonstrated 
moderate to large validities with OCB (Gignac & Szodo-
rai, 2016). The question remains, however, as to whether 
narrow cognitive abilities add incremental validity over 
GMA for predicting job performance (Research Question 
1). Addressing this question requires both the meta-analytic 
correlations between the cognitive ability predictors and job 
performance and the meta-analytic intercorrelations among 
the ability predictors (which we also estimated; see Table 2) 
to account for the relationships between GMA and narrow 
cognitive abilities.

Hierarchical Regression Analyses

For each job performance dimension, we estimated a sepa-
rate hierarchical regression model to examine the incremen-
tal validity of narrow abilities (over GMA) for predicting 
that performance dimension. Each model was estimated 
based on: (a) the intercorrelations among the cognitive abil-
ity predictors, and (b) the correlations between the cognitive 
ability predictors and that performance dimension. Note that 
we re-estimated the meta-analytic correlations between the 
cognitive ability predictors and each performance dimension 
using a model that included only GMA, the narrow abilities, 
and the performance dimensions; that is, all other modera-
tor variables were excluded from the regression model (cf. 
Tables 3 and 4). This was done so that the validity estimates 
would not be confounded with the levels of the moderator 
variables in the incremental validity analyses. Given that the 
correlations with both CWB and withdrawal were negligible 
for all of the cognitive abilities in our model (see Table 4), 
we did not examine incremental validity for predicting these 
specific dimensions of job performance.

For each hierarchical regression model, we added GMA 
as a predictor of performance in Step 1 and the narrow 
cognitive abilities in Step 2. The results of the hierarchi-
cal regression analyses are shown in Table 5 and indicate 
that narrow cognitive abilities added incremental validity 
for predicting all three performance criteria. When pre-
dicting task performance, the adjusted R2 increased sub-
stantially after adding the narrow abilities to the model 
(ΔR2 = 0.16, p < 0.05). Similarly, when predicting training 
performance (ΔR2 = 0.33, p < 0.05) and OCB (ΔR2 = 0.09, 
p < 0.05), there were also moderate increases in predic-
tion after adding the narrow cognitive abilities. Thus, in 
addressing Research Question 1, these results clearly show 
that narrow cognitive abilities add to the prediction of job 
performance outcomes, even after controlling for GMA.

Research Question 3 asks whether the incremental 
validity of narrow cognitive abilities varies across job 

5  To determine how much of an effect the smaller SD ratio had on 
the results of the present study, we re-ran our analyses using the 
smaller SD ratio to determine the meta-analytic correlation between 
GMA and performance. These exploratory results indicated that the 
meta-analytic correlation between GMA and task performance was 
.25 for subjective criteria and .40 for objective criteria. In addition, 
the meta-analytic correlation between GMA and training performance 
was .36 for subjective criteria and .51 for objective criteria. Despite 
these stronger correlations, we continue to use the SD ratio of .89 to 
correct for range restriction in all subsequent analyses because that 
correction corresponded to the data from the studies incorporated in 
this meta-analysis.
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performance criteria. As shown in Table 5, it does. The 
incremental validity over GMA was substantial when pre-
dicting both training performance (ΔR2 = 0.33, p < 0.05) 
and task performance (ΔR2 = 0.16, p < 0.05) but more 
modest, though still sizeable, when predicting OCB 
(ΔR2 = 0.09, p < 0.05).

As we noted earlier, the results of a hierarchical regres-
sion analysis are strongly affected by multicollinearity 
among its predictors. As seen in Table 2, GMA correlates 
substantially with several of the narrow abilities (e.g., 0.72 
with fluid reasoning, 0.85 with quantitative knowledge, and 
0.75 with reading and writing). These substantial correla-
tions could help to explain why adding narrow abilities in the 
hierarchical regression models (shown in Table 5) resulted in 
the positive regression weights for GMA becoming negative. 
To help account for multicollinearity among the cognitive 
ability predictors, we used ridge regression (Hoerl & Ken-
nard, 1970) and again estimated separate models for each job 
performance dimension. The results of the ridge regression 
models are shown in parentheses in Table 5. After account-
ing for multicollinearity: (a) the negative regression weights 
for GMA were reduced to nearly zero, (b) the regression 
weights for the narrow abilities that were the most highly 
correlated with GMA (e.g., fluid reasoning, reading and 
writing) were also reduced, and (c) the regression weights 
for the narrow abilities that were less highly correlated with 
GMA (e.g., general knowledge, visual processing, and pro-
cessing speed) remained strong predictors of performance.

In short, these results provide further evidence that nar-
row cognitive abilities add to the prediction of job perfor-
mance, even after accounting for GMA. Narrow abilities that 
were less highly correlated with GMA tended to provide the 
strongest additional prediction of performance. Similarly, 

narrow abilities also predicted performance when multicol-
linearity among the predictors was taken into account.

Relative Weights Analysis (RWA)

To further supplement the hierarchical regression analyses, 
we also conducted RWA. The results of these analyses are 
presented in Table 6. First, consistent with the results of the 
hierarchical regression analyses, RWA indicated that narrow 
abilities contributed substantially to the prediction of task 
performance, training performance, and OCB. For example, 
results indicated that GMA explained approximately 10% 
of the variance that was explained when predicting each 
of these job performance dimensions (i.e., 10.49% of the 
variance accounted for when predicting task performance, 
9.16% of the variance accounted for when predicting train-
ing performance, and 12.32% of the variance accounted for 

Table 5   Hierarchical regression 
results using the meta-analytic 
correlation matrix

*p < .05. The sample size for these analyses was 804, which is the average sample size across all correla-
tions in the matrix. OCB organizational citizenship behavior. Values in parentheses represent the regression 
weights from the ridge regression model

Cognitive ability predictors Task Performance Training Performance OCB

Step 1
   General Mental Ability (GMA) .19* .34* .10*

Adjusted R2 .04* .12* .01*
Step 2
   General Mental Ability (GMA) -.77* (.00) -1.08* (.01) -.58* (-.01)
   Fluid Reasoning .07 (-.01) .19* (.02) -.01 (-.03)
   General Knowledge .18* (.09) .26* (.12) .14* (.07)
   Visual Processing .16* (.04) .28* (.08) .08* (.01)
   Processing Speed .27* (.08) .40* (.11) .20* (.05)
   Quantitative Knowledge .41* (.06) .51* (.08) .35* (.05)
   Reading and Writing .32* (.05) .47* (.08) .23* (.03)

Adjusted R2 .20* .45* .10*
ΔR2 .16* .33* .09*

Table 6   Rescaled results of the relative weights analysis

Values in this table are the rescaled relative weights, which represent 
the percentage of predicted variance accounted for

Cognitive ability predictors Task per-
formance

Training per-
formance

OCB

General Mental Ability (GMA) 10.49 9.16 12.32
Fluid Reasoning 2.58 4.12 4.49
General Knowledge 24.26 22.45 24.58
Visual Processing 7.52 11.65 3.79
Processing Speed 22.33 22.55 20.41
Quantitative Knowledge 18.31 15.19 21.21
Reading and Writing 14.50 14.88 13.20
R2 .21 .46 .11
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when predicting OCB). In contrast, the narrow cognitive 
abilities in the model explained approximately 90 percent 
of the remaining variance accounted for in each of these 
performance dimensions.

Second, consistent with the results from the ridge regres-
sion models, RWA clarified the importance of general 
knowledge and processing speed for the prediction of task 
performance, training performance, and OCB. Specifically, 
these narrow abilities—which had some of the lowest cor-
relations with GMA—accounted for the highest proportion 
of the total variance accounted for in these performance out-
comes. Both of our attempts to address the issue of multicol-
linearity (using ridge regression and RWA) thus suggest a 
consistent result: narrow abilities that are less strongly cor-
related with GMA (e.g., general knowledge and processing 
speed) are likely to provide better incremental validity than 
narrow abilities that are more strongly correlated with GMA 
(e.g., quantitative knowledge and reading and writing). This 
conclusion differs from the conclusion drawn by focusing 
solely on the hierarchical regression analysis, which showed 
that narrow abilities that are more strongly correlated with 
GMA (e.g., quantitative knowledge and reading and writing) 
had larger regression weights. Our supplemental analyses 
thus clarify that these hierarchical regression results were at 
least partially due to the effects of multicollinearity and pro-
vide guidance as to which narrow cognitive abilities might 
provide incremental validity over GMA.

Structural Equation Modeling

Although the results presented in Tables 5 and 6 suggest 
that narrow cognitive abilities can add incremental valid-
ity over GMA, these results may not fully account for the 
relationships between GMA and the narrow abilities. The 
CHC model represents GMA as a latent factor that accounts 
for the shared variance among the narrow cognitive abilities 
(Carroll, 1993; McGrew, 2009). In contrast, the relationships 
between the general and narrow cognitive abilities that were 
used for the incremental validity analyses presented above 
were taken from previous studies that reported results from 
separate measures of GMA and narrow abilities. Using a 
separate measure of GMA, rather than estimating it as the 
shared variance among the narrow abilities (i.e., as in the 
CHC model), could result in GMA scores that are a combi-
nation of both the shared variance and the aggregated unique 
variance attributable to each narrow ability. Therefore, it 
is possible that the results would differ if we estimated a 
general factor based on the correlations among the narrow 
abilities. To address this issue, we next used structural equa-
tions modeling (SEM) to examine the incremental validity 
of narrow abilities over the general factor.

Using the corrected correlations shown in Table  2, 
the initial one-factor model did not fit the data well 

(RMSEA = 0.16, CFI = 0.89, TLI = 0.81, SRMR = 0.06). 
Further analysis of this model indicated that quantitative 
knowledge, reading and writing, and general knowledge 
were still highly correlated even after accounting for the gen-
eral factor. This is consistent with Carroll’s (1993) model, 
which combined these three narrow abilities into crystalized 
intelligence. Therefore, we estimated an additional model 
with correlated errors6 between general knowledge and both 
quantitative knowledge and reading and writing. The result-
ing model fit the data substantially better (RMSEA = 0.10, 
CFI = 0.96, TLI = 0.92, SRMR = 0.04) and the factor load-
ings for this model are shown in Table 7. Consistent with 
the CHC model, fluid reasoning, quantitative knowledge, 
and reading and writing ability had the strongest loadings 
on the general factor. In contrast, general knowledge had the 
lowest factor loading.

Next, we used this one-factor model to estimate the valid-
ity of both general and narrow cognitive abilities. To do so, 
we included paths from both the general factor estimated in 
the factor analytic model and each of the narrow cognitive 
abilities to job performance. Separate models were estimated 
for each job performance dimension: task performance, 
training performance, and OCB. The results of these models 
are shown in Table 8. In these models, the narrow cognitive 
abilities added incremental validity for predicting all three 
job performance dimensions. The largest path coefficients 
were observed from the narrow cognitive abilities with the 
weakest relationships to GMA. General knowledge, visual 
processing, and processing speed all had the smallest load-
ings on the general factor (see Table 7) but had the largest 
effects on each of the performance outcomes. Both general 
knowledge and processing speed had the strongest positive 
relationships with all three performance dimensions. Visual 

Table 7   Factor loadings on the general mental ability (GMA) latent 
factor

The sample size for these analyses was 804, which is the average 
sample size across all correlations in the matrix

Narrow cognitive abilities Factor loadings

Fluid Reasoning .63
General Knowledge .46
Visual Processing .55
Processing Speed .55
Quantitative Knowledge .86
Reading and Writing .65

6  Although estimating a latent factor using these three narrow abili-
ties may be methodologically preferable to correlating errors, we used 
correlated errors so that we could examine the incremental validity of 
quantitative knowledge, reading and writing, and general knowledge 
separately in this model.
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processing was only a significant predictor of training per-
formance, but also had relatively strong path coefficients to 
both task performance and OCB.

In most cases, the narrow abilities that had the strongest 
loadings on the general factor (i.e., fluid reasoning, quanti-
tative knowledge, reading and writing) also had small and 
nonsignificant relationships with each of the performance 
outcomes after controlling for the general factor. In fact, the 
weights for fluid reasoning were negative for all three out-
comes. However, as with the regression analyses presented 
above, these negative path coefficients are likely due to 
multicollinearity between this narrow ability and the latent 
GMA factor.

Discussion

The goal of the present study was to examine the relative 
contributions of GMA and narrow cognitive abilities to the 
prediction of job performance. Consistent with previous 
research, we found that GMA is strongly related to multiple 
dimensions of job performance. We also demonstrated that 
the magnitudes of these correlations varied substantially 
across criteria. Specifically, we found strong correlations 
with task and training performance, moderate correlations 
with OCB and objectively reported CWB, and smaller cor-
relations with withdrawal. To our knowledge, this is the first 
study that has simultaneously compared the validity of GMA 
across all of these dimensions of job performance. Neverthe-
less, this general pattern of results is consistent with previ-
ous research examining the relationships between GMA and 
each of these outcomes in separate studies (Dilchert et al., 
2007; Gonzalez-Mulé et al., 2014; Maltarich et al., 2010; 
Schmidt & Hunter, 1998).

Although the general conclusions about GMA replicate 
previous research, the magnitudes of the relationships found 
in the present study are slightly smaller than in previous 

studies. There are many potential explanations for these 
slightly smaller correlations. First, the present study sum-
marizes the most recent data on the relationship between 
cognitive ability and performance. Second, as described 
above (see footnote #5), the present study used a larger cor-
rection factor than incorporated in previous research, result-
ing in smaller corrected correlations. However, this larger 
correction factor was based on the observed data and, there-
fore, was more appropriate for the current study. Despite 
the relatively lower correlations found in the present study, 
the overall conclusion is still the same—GMA is a strong 
predictor of job performance.

In addition to the substantial correlations with GMA, 
we also found that narrow cognitive abilities demonstrated 
moderate to large validities for predicting multiple dimen-
sions of job performance. This result extends previous 
research by examining a broader range of narrow abilities, 
multiple measures of cognitive ability, and multiple dimen-
sions of job performance. Crucially, our meta-analysis 
indicates that narrow cognitive abilities show incremental 
validity over GMA for predicting task performance, train-
ing performance, and OCB. Moreover, these results were 
obtained across three different analytic methods (i.e., hier-
archical regression analyses, relative weights analyses, and 
SEM). This finding contradicts the generally held belief that 
“not much more than g” is important for predicting either 
task performance (Ree et al., 1994) or training performance 
(Ree & Earles, 1991) and demonstrates that narrow abilities 
predict specific dimensions of job performance even after 
controlling for GMA.

Further, we found that the narrow abilities that are the 
least strongly correlated with GMA (e.g., visual processing, 
general knowledge, processing speed) provided the greatest 
increments to validity. This is of particular relevance because 
the influential research showing that “not much more than 
g” is required for predicting performance (Ree & Earles, 
1991; Ree et al., 1994) used the ASVAB to operational-
ize both GMA and narrow cognitive abilities. However, the 
narrow abilities assessed by the ASVAB (e.g., reading and 
writing, quantitative knowledge) are highly correlated with 
each other and with GMA (Drasgow, 2013), which limits 
their potential for incremental validity. Thus, our results sug-
gest that past research on the incremental validity of narrow 
abilities may have been limited by the specific types of nar-
row abilities that were assessed (Humphreys, 1994; Mount 
et al., 2008).

It is worth noting that the relationship between GMA and 
performance decreased substantially after controlling for the 
full range of narrow cognitive abilities. As described above, 
the low and sometimes negative relationships between GMA 
and specific performance dimensions were at least partially 
due to multicollinearity. Nevertheless, even after controlling 
for multicollinearity, the relationships between performance 

Table 8   Results of the SEM analyses of the meta-analytic correlation 
matrix

*p < .05. N = 804. GMA general mental ability

Cognitive ability factors Task perfor-
mance

Training per-
formance

OCB

GMA (Latent Factor) .07 .06 .04
Fluid Reasoning -.15 -.11 -.20*
General Knowledge .24* .33* .19*
Visual Processing .08 .17* .11
Processing Speed .19* .28* .14
Quantitative Knowledge .01 -.02 .01
Reading and Writing .04 .09 .02
R2 .17* .37* .10*
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and GMA remained low. This is most likely due to the 
inclusion of a more comprehensive set of narrow cognitive 
abilities in the model. Because GMA is a broader construct 
that reflects the shared variance among all narrow abilities 
, examining a limited number of narrow abilities, as was 
done in many previous studies, means that the general fac-
tor could account for additional variance that is associated 
with both the unmeasured narrow abilities and the outcome. 
In contrast, in the present study, where we included a more 
comprehensive set of narrow abilities, there was less unique 
variance associated with GMA to increase the prediction of 
performance. This was particularly true in the SEM analy-
ses where GMA was estimated as a latent factor and added 
little to the prediction of performance after controlling for 
narrow abilities. As an example, when only the relationship 
between GMA and training performance was estimated (i.e., 
none of the relationships between training performance and 
narrow abilities were controlled), the path estimate was 0.57. 
However, after controlling for the relationships with narrow 
abilities, the relationship between GMA and training per-
formance decreased to 0.07. This again suggests that a more 
comprehensive set of narrow abilities should be measured 
in future research.

Another potential explanation for the different incre-
mental validity findings in previous research is the way that 
the general factor was operationalized. In some of the most 
widely cited studies showing that narrow cognitive abili-
ties do not add incremental validity over the general factor 
(Ree & Earles, 1991; Ree et al., 1994), the general factor 
was operationalized as the first principal component in a 
principal components analysis (PCA) and narrow cogni-
tive abilities were operationalized as the remaining unro-
tated principal components in the model. Although PCA 
is a useful method for data reduction, it does not estimate 
the general factor hypothesized in the CHC model (Jack-
son et al., 2015)—i.e., a common factor that represents the 
shared variance among several narrow cognitive abilities. 
To elaborate, PCA does not differentiate between the shared 
variance among the narrow abilities (attributable to GMA) 
and the unique variance attributable to each narrow ability 
(Fabrigar et al., 1999; Jackson et al., 2015). This is because 
PCA estimates a set of linear composites comprised of the 
narrow cognitive abilities and containing both their shared 
variance and their unique variance. Therefore, using the 
first principal component to operationalize GMA attributes 
potentially meaningful variance that should be attributed to 
each narrow ability to the general factor. In contrast, the 
CFA/SEM approach used here and summarized in Tables 7 
and 8 separates the shared variance among the narrow cogni-
tive abilities from the unique variance and provides a more 
realistic estimate of the incremental validity of narrow cog-
nitive abilities.

One important advantage of the present study was the 
use of meta-analytic regression (Gonzalez-Mulé & Aguinis, 
2018). This approach incorporates all of the available infor-
mation from the studies included in the meta-analysis and, 
therefore, provides more accurate estimates of the stand-
ard errors (Nye et al., 2017). This approach also allowed 
us to examine the combined effects of several moderators 
(e.g., objective vs. subjective performance), instead of the 
effect of each moderator in isolation. By examining a mod-
eration effect in conjunction with other moderating effects, 
we improved upon previous meta-analytic studies that often 
rely on the untenable assumption that the presence of one 
moderator is “unaffected by the presence of other boundary 
conditions” (p. 2248; Gonzalez-Mulé & Aguinis, 2018).

Finally, the meta-analytic regression approach also has 
greater power to detect statistically significant moderation 
effects because it is relies on the total number of effect sizes 
available for analyses rather than the number of studies con-
tributing to a specific effect (i.e., k). Therefore, although the 
number of studies reporting a specific effect might be small, 
the meta-analytic regression approach will still have suffi-
cient power to detect these moderation effects and estimate 
the meta-analytic effect size. This is particularly relevant for 
the present study in which k varies substantially across the 
narrow cognitive abilities examined. For example, although 
k = 40 for quantitative ability (156 correlations), k was only 
15 for processing speed. However, there were 43 correla-
tions reported across the 15 studies that examined processing 
speed. Given this variability, the meta-analytic regression 
approach provides important advantages for examining the 
correlation differences across narrow cognitive abilities. 
Nevertheless, the accuracy of the regression model will 
continue to improve as the number of data points increases. 
Therefore, future research should continue to replicate these 
effects and provide updated estimates of the relationships 
between various narrow cognitive abilities and specific 
dimensions of job performance.

Implications for Theory and Research

Our findings advance understanding of how narrow cog-
nitive abilities relate to job performance in several ways. 
First, past research has strongly emphasized the importance 
of GMA for the employee selection process (Ones et al., 
2012; Ree & Carretta, 2002; Schmidt & Hunter, 1998), and 
correspondingly, placed far less emphasis on the importance 
of narrow abilities when selecting job applicants. The results 
of the present study, however, suggest that narrow cognitive 
abilities improve the prediction of job relevant outcomes 
and, therefore, may add utility to the selection process. 
In particular, narrow cognitive abilities that are the least 
highly correlated with GMA, such as general knowledge, 
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processing speed, and visual processing, had the largest 
effects on performance even after accounting for GMA.

Second, our results suggested that the match between the 
narrow ability and job tasks did not have a substantial effect 
on the relationships between cognitive ability and perfor-
mance. One possible explanation for these findings is that 
the breadth of each of the specific job performance dimen-
sions assessed (e.g., task performance or organizational 
citizenship behavior) was incompatible with the narrower 
cognitive abilities. If the primary studies in our review had 
included narrower dimensions of job performance, such as 
performance on quantitative tasks, the findings might have 
been different. This explanation is consistent with the com-
patibility principle proposed by Schneider and Newman 
(2015). Unfortunately, we could not find a sufficient number 
of studies that reported relationships between narrow cogni-
tive abilities and narrow job performance dimensions in the 
context of the present study.

Interestingly, the results of our meta-analysis also indi-
cate that the validities of both GMA and narrow abilities 
were significantly higher when performance was measured 
objectively. Although this finding is consistent with previ-
ous research on cognitive ability (Hunter, 1986; Schmidt, 
2002), it is unclear why this might be the case. Past research 
has demonstrated that objective and subjective performance 
measures are not interchangeable (Bommer et al., 1995). 
The reasons for this lack of consistency between objective 
and subjective performance appear to be a combination of 
both rater effects and the situational constraints associated 
with subjective ratings (Murphy, 2008). From this perspec-
tive, future research and practice may benefit from focusing 
on predicting objective measures of performance. However, 
objective measures of performance also have limitations in 
that they are contaminated by situational constraints on per-
formance. In addition, one difficulty with attributing these 
differences to the limitations of subjective performance rat-
ings is that previous research has failed to find similar dif-
ferences when examining non-cognitive predictors such as 
personality (Tett et al., 1991) or vocational interests (Nye 
et al., 2017). As such, there appears to be an important dis-
tinction between the prediction of subjective and objective 
performance, but only when considering cognitive ability. 
Therefore, future research should examine the relationships 
between cognitive ability, subjective performance ratings, 
and objective measures of performance to help identify these 
differences.

Finally, another potential direction for future research is 
to examine the mechanisms for the relationships between 
narrow cognitive abilities and performance. Past research 
has suggested that the relationship between GMA and per-
formance is mediated through job knowledge (Campbell, 
2012; Schmidt et al., 1986). In other words, people with 
higher levels of intelligence are able to learn more (or learn 

more quickly) job-relevant knowledge than others, which 
will help to facilitate performance. Therefore, it would be 
useful to examine whether similar mechanisms apply to nar-
row cognitive abilities. This seems likely given that many of 
the narrow abilities that added the most incremental validity 
in the present study can also facilitate learning. For example, 
visual processing and processing speed, which both added 
incremental validity over GMA in the present study, can 
help employees to gather information (i.e., visual process-
ing) and process that information more quickly (i.e., process-
ing speed). Therefore, these narrow abilities may facilitate 
learning on the job.

In the present study, general knowledge also added incre-
mental validity over GMA. As general knowledge repre-
sents the sum total of existing knowledge that a person has 
obtained over time (i.e., knowledge a person already has), 
the relationship between this narrow ability and learning is 
complicated. This is because the knowledge a person pos-
sesses could be directly related to the job (e.g., an account-
ant who knows a lot about math), indirectly related to the 
job (e.g., a salesperson who knows a foreign language that 
helps to improve communication with customers who speak 
that language), or completely irrelevant to the job (e.g., a 
mechanic who knows a lot about geography). Consequently, 
it is unclear whether general knowledge is related to per-
formance because individuals already have higher levels 
of existing knowledge that happens to be job-relevant or 
because having higher levels of existing knowledge (even if 
it is not directly job-relevant) facilitates learning on the job. 
However, as mentioned above, matching the content of the 
narrow ability to the job did not have a significant effect on 
the validity of cognitive ability. This effect occurred even 
while controlling for general knowledge, suggesting that 
the effects of this narrow ability are not job specific either. 
Therefore, it seems more likely that a high level of general 
knowledge can help to facilitate learning in a new domain. 
This is consistent with the phenomenon known as the “Mat-
thew Effect,” where individuals with existing advantages 
(e.g., more job-relevant or general knowledge) receive more 
resources and more opportunities for growth and develop-
ment (Call et al., 2015). Future research should examine this 
issue more closely and explore the potential role of learning 
in the validity of narrow cognitive abilities.

Implications for Practice

The results of the present study also have several implica-
tions for practice. Some have criticized the measurement 
of cognitive ability because of the narrow range of abili-
ties that are assessed (Ackerman, 1996; Humphreys, 1994; 
Mount et al., 2008). Many measures of cognitive ability 
tend to favor narrow abilities like verbal, quantitative, and 
spatial abilities and exclude other abilities that may be less 
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highly correlated with GMA such as processing speed and 
visual processing. Although general knowledge is sometimes 
assessed in cognitive ability measures, this is not common. 
The present study suggests that the practice of assessing 
a narrow range of content in cognitive ability measures 
may limit the potential predictive validity of the assess-
ment. Stated differently, if a cognitive ability test battery 
only assesses narrow abilities that are highly correlated with 
GMA, then the battery of tests will provide an efficient esti-
mate of the general factor but may miss the additional pre-
dictive validity that can be provided by other narrower abili-
ties. Therefore, organizations that are using cognitive ability 
measures for employee selection should carefully consider 
the content of these measures and attempt to assess a broader 
range of content than has traditionally been assessed.

However, this effort to assess a broader range of cognitive 
abilities may, in some cases, require a tradeoff between test-
ing time and incremental validity. Assessing a more compre-
hensive set of narrow cognitive abilities will require longer 
assessments that take more time to complete. This can be 
a problem in an employee selection context where testing 
time may be limited because job applicants are unwilling 
(or unable) to spend a long time completing assessments 
for a job. In fact, we expect that the desire for more effi-
cient assessments is at least partially responsible for the 
tendency to measure a limited range of narrow cognitive 
abilities in traditional cognitive assessments. To address this 
issue, while also realizing the potential incremental validity 
of narrow cognitive abilities, more research is needed to 
identify the most useful narrow abilities for the employee 
selection process. The present study takes an initial step 
towards addressing this issue and the results suggest that 
narrow cognitive abilities like visual processing, general 
knowledge, and processing speed added the most to the pre-
diction of performance after accounting for GMA. However, 
other narrow cognitive abilities that could not be examined 
here due to an insufficient number of studies that included 
those abilities in the literature may also be useful. Therefore, 
more research is needed to examine other narrow cognitive 
abilities in the CHC model (see Table 1) and to identify 
those that can provide the greatest utility given the increased 
amount of testing time required to assess them.

In some cases, assessing a broader range of narrow abili-
ties to improve prediction may not require longer assess-
ments. Some cognitive ability measures already assess 
several narrow cognitive abilities but their scores are aggre-
gated to reflect GMA rather than the narrow abilities. When 
this is the case, and especially when the narrow cognitive 
abilities include those that are less highly correlated with 
GMA, it may not be necessary to add more items to assess 
additional narrow cognitive abilities. Instead of examining 
overall scores, the disaggregate scores for each narrow abil-
ity should be examined and used for prediction. This will 

provide information on a broader range of narrow cognitive 
abilities that may add incremental validity over GMA and 
potentially reduce the adverse impact of the cognitive ability 
measure (Wee, Newman, & Joseph, 2014).

Limitations and Directions for Future 
Research

As with all studies, the present study has several limitations. 
One limitation is that we did not have item-level information 
to estimate the full hierarchical structure of cognitive ability. 
In other words, we could not estimate a model where both 
the narrow abilities and the general factor were modeled 
as latent factors. Therefore, it is possible that the structure 
of cognitive ability could have differed from the underly-
ing structure we used here. This is a potential limitation 
because differences in the structure of cognitive ability 
(i.e., different numbers or types of narrow abilities) could 
influence the results about which narrow abilities provided 
more incremental validity. Nevertheless, the narrow abilities 
examined in this study were based on the widely researched 
CHC model and, therefore, have strong empirical support 
(McGrew, 2009).

Another limitation is that we were only able to examine 
the narrow cognitive abilities that had been examined in 
previous research. Consequently, some narrow abilities that 
may be useful for predicting performance were excluded 
from our study. For example, short-term memory, long-term 
memory, auditory processing, and reaction and decision 
speed are all narrow abilities in the CHC model that could 
not be examined in the present study because we could not 
find enough relevant studies assessing these abilities in the 
literature. As shown in Table 2, these abilities have some 
of the lowest correlations with GMA when compared with 
other narrow abilities. This would suggest that these narrow 
abilities could have contributed additional unique variance 
to the prediction models if they were also correlated with job 
performance. Future research should continue to expand the 
measurement of cognitive ability to include a broader range 
of narrow abilities and explore their incremental validity for 
predicting performance.

Conclusions

The present study summarizes the last 30 years of research 
on the relationship between cognitive ability and job perfor-
mance. Our findings suggest that narrow cognitive abilities 
can add substantially—beyond GMA—to the prediction of 
job performance (e.g., task and training performance, organ-
izational citizenship behavior). The incremental validity of 
narrow cognitive abilities was strongest for those narrow 
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abilities that were the least strongly correlated with GMA. 
These findings contradict past research and have important 
implications for the measurement of cognitive ability in 
employee selection. Based on these findings, we may need 
to reconsider how cognitive ability is measured, especially in 
applied settings where tradeoffs are often made between the 
efficiency and validity of an assessment. We believe that this 
study provides a first step towards reinvigorating research 
on the utility of a broader range of cognitive abilities and 
organizational outcomes.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s10869-​022-​09796-1.
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