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a b s t r a c t
While many studies have examined the linear relationship between intelligence and economic
success, only few, if any, examined their nonlinear relationships. The current study examines
such relationships in a large, nationally representative sample, using pay as an indicator of
economic success. The results show that the effect of General Mental Ability (GMA) on pay
depends on occupational complexity; the greater the complexity, the stronger the effect. They
also show that, by and large, there is a marginally decreasing (concave) effect of GMA on pay.
Methodological and practical questions concerning the relationship between cognitive ability
and pay are discussed.
© 2013 Published by Elsevier Inc.

1. Introduction
Most, if not all studies that examined the effect of intelligence
on wealth estimated linear models, both on the individual
level (e.g., Ganzach, 2011; Herrnstein & Murray, 1994; Ng,
Eby, Sorensen, & Feldman, 2005) and on the national level
(e.g., Kanazawa, 2006; Lynn & Vanhanen, 2002; Meisenberg,
2012). In the current study we examine nonlinear models of
wealth using pay as a dependent variable. We suggest that
the effect of intelligence on pay is not uniform (as would be
suggested by a linear effect), and we examine two nonlinear
hypotheses regarding this effect. First, we examine an interactive hypothesis about the effect of intelligence on pay: the higher
the mental requirement of the occupation (i.e., the higher the
occupational complexity), the stronger the effect of intelligence
on pay (H1). This hypothesis suggests an interaction between
intelligence and occupational complexity in the determination
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of pay. Second, we examine a curvilinear hypothesis about the
effect of intelligence on pay: the effect of intelligence on pay is
concave — it is stronger when intelligence is low than when it is
high (H2).
As we discuss below, the rationale for these two hypotheses
is based on evidence regarding non-linear effects of intelligence on performance. Since in many contemporary economies pay is related to performance, we expect that in such
economies the nonlinear effects of intelligence on performance
will be manifested in nonlinear effects of intelligence on pay.
Note that in this respect the rationale underlying our argument
regarding the nonlinear effects of intelligence on pay is not
different from the rationale underlying the linear effect of
intelligence on pay: intelligence is a good predictor of pay
because it is a good predictor of performance (e.g., Gottfredson,
2002), and because performance is rewarded by pay
(e.g., Herrnstein & Murray, 1994).
In the following paragraphs we first elaborate on the
conceptualization of pay as an indicator of performance, and
then proceed to develop the two hypotheses regarding the
nonlinear effects of intelligence on pay based on the literature
about the nonlinear effects of intelligence on performance. We
subsequently test these hypotheses using a large nationally
representative American sample.
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1.1. Pay as an indicator of performance
One novel aspect of the present study is its reliance on the
view, adopted from economics, that pay is an indicator of
performance. This is a somewhat unusual indicator of performance in the applied psychology literature that commonly use
either output (e.g., number of units produced or services
provided, level of quality achieved) or supervisory evaluation
ratings (of behaviors, approach or output) as indicators of
performance.1 However, although pay is not often used in the
applied psychology as an indicator for performance, there is
much literature suggesting that in most work environments
pay is strongly related to performance (Baker, Jensen, &
Murphy, 1988; Bonner & Sprinkle, 2002; Prendergast, 1999)
despite the finding that this relationship may be weaker when
it relates to performance quality as opposed to performance
quantity (Jenkins, Mitra, Gupta, & Shaw, 1998). Thus, for
example, on the basis of 77 empirical studies, Heneman (1990)
found that performance ratings were positively and usually
significantly related to pay increases. Although there are some
experimental studies showing that under certain situations
there may be weak, and even negative, relationships between
pay and performance (Gneezy & Rustichini, 2000; Heyman &
Ariely, 2004) these studies were usually conducted in situations that do not represent typical work environments.
In sharp contrast to that, pay is the single most common
measure of performance in economics. From an economic
perspective, pay is a universal measure for performance
because it expresses the utility obtained from one's work as
measured by the market (Lazear, 2000). It enables comparing
the performance of people in different occupations, whose
‘raw’ performance is measured in different units, by scaling
them on a common scale representing the benefit that their
employer obtains from their work. The logic behind this view
of the relationship between pay and performance is that in
equilibrium there is no reason to assume that people will not
be paid according to their performance. To see why this is the
case, consider person A who is paid less than the utility her
employer obtains from her performance. A is likely to seek
and be hired by another employer who will be willing to pay
according to the utility he might gain from her performance.
Similarly, consider person B who is paid more than the utility
his employer obtains from his performance. B is likely to be laid
off and be re-hired only by an employer who is willing to pay
(less) according to the utility gained from B's performance. As a
result, over time pay reflects employees' performance, namely
the utility they bring to their employers.

1.2. Occupational complexity as a moderator of the relationship
between intelligence and performance
Intelligence is more crucial for performing complex as
opposed to simple occupations. Therefore, it is natural to
expect that the higher the complexity of the occupation, the
1
We are aware of only one study in the applied psychology literature that
used pay to measure performance (Hunter, Schmidt, & Judiesch, 1990), but
even there pay was considered to be an appropriate measure only among
non-salaried workers (this study, however, focused on the estimation of the
ratio of the standard deviation of output to mean output, and did not involve
an examination of the relationship between ability and performance per se).

higher the validity of intelligence in predicting performance.
This expectation is supported by Hunter and Hunter (1984),
who present two sets of relevant correlations. One set, obtained
from studies conducted by the United State Employment
Service, shows correlations of .56, .58, .51, .40, and .23 between
intelligence and job performance for five occupational families
arranged by decreasing order of complexity. The other set,
obtained from re-analysis of data collected by Ghishelli (1973),
likewise arranged by decreasing order of complexity, shows
correlations of .53, .54, .61, .42, .48, .46, .37, .28, and .27. Thus,
despite the small number of correlations and the rough pattern
of the results, the trend in these data is consistent with the
expected positive relationship between the complexity of the
occupation and the validity of intelligence as a predictor of
performance (see also Hulsheger, Gunter, & Stumpp, 2007, for a
recent replication). These findings regarding the relationship
between intelligence and performance provide support to our
hypothesis about the interaction between intelligence and
occupational complexity with regard to pay (H1).
1.3. Concave relationships between intelligence and performance
The relationship between intelligence and performance is
concave if the higher the intelligence, the lower its effect on
performance. Such a relationship is consistent with the
Spearman view of intelligence, which distinguishes between
General Mental Ability (GMA, or g) and specific abilities, where
GMA is a major determinant of specific abilities — each specific
ability is related both to a factor common to all abilities (GMA)
and to a unique factor that characterizes this ability. These
specific factors are particularly relevant to job performance
since general ability may be invested in specific experiences
and crystallizes to specific abilities, which may add to the
prediction of performance (Cattell, 1987). Indeed, even studies
that argue for the central role of GMA in predicting performance note that specific abilities contribute a significant,
though small, amount to the prediction of job performance.
Thus, for example, even when stating that there is not “much
more than g” in predicting job performance, Ree, Earles, and
Teachour (1994) stated that specific factors “added to the
accuracy of prediction, but only by a small amount” (p. 520).
Similarly, in reviewing the literature about the predictive
power of cognitive ability, Kuncel, Hezlett, and Ones (2004)
say, “We believe that the ability determinants of creative
work are mainly composed of g, related specific abilities, and
acquired domain specific knowledge” (p. 153).
Spearman's view also proposes that the higher a person's
level of intelligence, the weaker its effect of GMA on specific
abilities, indicating a concave relationship between GMA and
specific abilities. This latter proposal, known in the intelligence
literature as “Spearman's law of diminishing returns”, is
explained as a result of the fact that “High-g persons have
more diversified abilities, with more of the total variance in
their abilities existing in non-g factors” (Jensen, 1998, p. 585). A
relevant example for this law is the threshold theory of
creativity which suggests that the relationship between GMA
and creativity is weaker in higher than in lower levels of
intelligence (Guilford, 1967).
Within the context of the current paper, Spearman's law
of diminishing returns is important because it suggests that –
if performance depends to some extent on specific abilities
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(Gustafsson & Balke, 1993; Humphreys, 1981) – the relationship between GMA and performance is concave.2 Thus, using
creativity as an example for a specific ability that may affect
performance, the threshold theory of creativity predicts that
the relationship between GMA and performance will be
concave because GMA has a stronger effect on creativity in
lower than higher levels of GMA.
There were some attempts in the applied psychology
literature to examine for curvilinear relationships – particularly
concave ones – between GMA and performance (Coward &
Sackett, 1990; Ghishelli & Kahneman, 1962; Hawk, 1970; Tiffin
& Vincent, 1960), but all of them reported negative results.
However, only Coward and Sackett (1990) and Hawk (1970)
relied on sufficiently large samples that allowed for reliable
conclusions; and only the former used a powerful statistical
method. Coward and Sackett (1990) compared the linear
validity of GMA to the validity of a squared polynomial of GMA
(i.e., they compare the validity of GMA to the validity of
GMA + GMA2). Hawk (1970), on the other hand, relied on the
less powerful r versus eta test that compares the validity of the
linear correlation to the validity of the nonlinear eta measure of
association (Guion, 1965; McNemanr, 1962. See Coward &
Sackett, 1990, for a comparison between the two methods).
But even Coward and Sackett's (1990) study lacks in power.
They calculated both linear and nonlinear validity coefficients
for samples of workers in various occupations, tested in each
sample whether the nonlinear validity is significantly higher
than the linear validity, and examined whether the number of
samples in which the nonlinear validity significantly exceeded
the linear validity is higher than what would be expected by
chance. This method could suffer from lack of power because it
is possible that a consistent ‘true’ pattern of nonlinearity was
not significantly detected in the individual samples due to their
small sizes (although the total number of participants in their
study was 36,614, the average sample size was 210). A test that
takes into account non-significant, yet consistent, deviations
from nonlinearity in individual samples may be more powerful
in detecting nonlinear relationships between ability and
performance. Indeed, Coward and Sackett did report that a
close look at their data revealed indications for a nonlinear–
concave-relationship between GMA and performance: “we do
note that the sign of the regression weights for the polynomial
term was negative more often than positive… note that a
negative regression weight indicates a decreasing slope as
predictor scores increase” (p. 299). This finding regarding the
concave relationship between GMA and performance is consistent with the hypothesis that the relationship between GMA
and pay is concave (H2).
Finally, we note that there is voluminous literature
suggesting that although specific abilities contribute significantly to the prediction performance, their contribution is
rather small. As our hypothesized concave relationship between
2
Note that ﬁndings suggesting that there is not ‘much more than g’ in the
prediction of performance (e.g., Ree et al., 1994; Schmidt & Hunter, 2004)
are not inconsistent with our Spearmanian model of intelligence which
implies that speciﬁc abilities mediate the effect of intelligence on
performance, since such ﬁndings focus on the maximum amount of variance
that can be attributed to g, attributing the shared variance between
intelligence and speciﬁc abilities to the former and not to the latter, rather
than on a process analysis of the relationship between intelligence and
speciﬁc abilities on performance.
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GMA and pay is based on the effect of GMA on specific abilities,
we should also expect the concave effect of GMA to have a
small, though significant, contribution on pay. Nevertheless, it
is important to emphasize that because of the robustness of
linear models, small differences in model fit may be associated
with substantial differences in process. Thus, for example, a
linear model often provides a considerable fit to the data even if
the underlying process is nonlinear (Dawes & Corrigan, 1974).
Furthermore, the empirical evidence for the importance of
GMA in the determination of performance critically depends
on the statistical methods by which GMA is estimated, and a
number of scholars argued that different methods of estimating
GMA may lead to different results regarding the effects of
specific abilities on performance. Thus, even small incremental
variance associated with concave effects of GMA is relevant to a
better understanding of the effect of GMA on performance, and
the extent by which this effect is mediated by specific abilities.
We also note that findings suggesting that there is not ‘much
more than g’ in the prediction of performance (Ree et al., 1994;
Schmidt & Hunter, 2004) are not inconsistent with our
Spearmanian model of GMA, which implies that specific
abilities mediate the effect of GMA on performance, as such
findings focus on the maximum amount of variance that can be
attributed to GMA, attributing the shared variance between
GMA and specific abilities to the former and not to the latter,
rather than on a process analysis of the relationship between
GMA and specific abilities on performance (see Lang, Kersting,
Hulsheger, & Lang, 2010).

2. Method
2.1. Data
The data were taken from the National Longitudinal Survey
of Youth (NLSY), conducted with a probability sample of
12,686 persons born between 1957 and 1964. The interviews
are administered annually, and aimed primarily to assess the
labor market experience of the participants (see the NLS user
guide, 1995, for details). The 4591 participants who reported
working more than 35 h per week at the time of the 1993
survey, who did not have missing values on the variables of
interest, and whose values on these variables did not deviate
more than 2.5 standard deviations from the mean were
included in the study.

2.2. Measures
2.2.1. GMA
The measure for GMA is derived from participants' test
scores in the Armed Forces Qualifying Test (AFQT). This test
was administered to groups of five to ten participants of the
NLSY during the period June through October 1980; respondents were compensated, and the overall completion rate was
94%. The GMA score in the NLSY is the sum of the standardized
scores of four tests: arithmetic reasoning, reading comprehension, word knowledge and mathematics knowledge. Since this
score is correlated with age (r = .21), it was standardized
within each age group to obtain an age-independent measure
of GMA.
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2.2.2. Occupation
The NLSY includes an occupational code, which was derived
from participants' open-ended descriptions of their jobs. This
information was categorized by the NLSY staff into 591
occupational categories using the 3-digit Census classification.
2.2.3. Occupational complexity
A measure of occupational complexity is available for each
of the 3-digit census bureau occupations. It was derived by
Roos and Treiman (1980) from the 4th edition of the Dictionary
of Occupational Titles. It is a summary index of the following
occupational characteristics, evaluated by objective observers:
complexity with regard to data, the degree to which the work
is abstract and creative, the degree to which it requires verbal
and numerical aptitudes, and the required educational and
vocational preparation.
2.2.4. Pay
Following the convention of using a logarithmic transformation of pay in pay models (e.g., Ehrenberg & Smith, 1988),
our measure for pay is the logarithm of the hourly rate of pay,
obtained by dividing the monthly income of each participant
by the number of hours he or she worked during the month
(a logarithmic transformation is used in empirical work on
pay mainly because the distribution of pay, but not of the
logarithm of pay, is strongly skewed to the right).
3. Results
3.1. Within occupations correlational analysis
We begin with a correlational analysis (validity analysis)
that allows for presenting our main findings in terms of
validity coefficients. In doing that we adopted the analytical
method used by Hunter and Hunter (1984). We calculated
the validity of GMA for each occupation, and then examined
the relationship between these validities and occupational
complexity.
First, to examine the moderating effect of occupational
complexity, we calculated the validity of GMA within each of
the 84 occupations in the sample which were represented by
more than 15 participants. This was done by calculating the

within-occupation correlations (or validities) between GMA
and pay. Subsequently, we calculated the correlation between
these (untransformed) validity coefficients and the complexity
indices of the 84 occupations. Consistent with H1, this
correlation was significantly positive, r = .33, p b .002, indicating that the higher the complexity of the occupation, the
higher the validity of GMA. Note that this moderating effect of
occupational complexity was not driven by non-salaried
workers; the correlation between occupational complexity
and the validity of GMA remained almost the same when the
analysis was limited to salaried workers.
Second, to examine the curvilinear relationship between
GMA and pay, we calculated the average within-occupation
correlation between GMA squared and pay, controlling for the
linear effect of GMA (a Fisher r to Z transformation was
employed before averaging the correlations). The average
correlation (omitting occupation that had less than 15 people
in the database) was − .07 (p b .02, with a standard error of
.02), indicating that the relationship between GMA and pay is
concave. This result is consistent with our re-analysis of
Coward and Sackett's (1990) data and supports our second
hypothesis.
3.2. Regression analysis
We supplement the correlational analysis with a regression analysis. Using this method, we could examine the entire
sample, including those in less popular occupations. The
appropriate model to detect curvilinear and interactive
effects of GMA and complexity is the regression of the
logarithm of pay on the linear and quadratic terms of GMA
and complexity together with the interaction between GMA
and complexity. The reason for including the quadratic effect
of complexity in addition to the quadratic effect of GMA is
that when interaction is estimated in the presence of
multicollinearity, the two quadratic terms of the components
of the interaction must be estimated as well (see Cortina, 1994;
Ganzach, 1998; Lubinski & Humphreys, 1990). The results of
this model – after standardization of the independent variables
to allow for meaningful interpretation of main effects (see
Cohen & Cohen, 1983, pp.324–325) – are given in the second
column (labeled the “Full model”) of Table 1. It is clear from

Table 1
Pay as a function of GMA, occupational complexity, their interaction and their curvilinear effects.

GMA
Occupational complexity (OC)
GMA × OC
GMA2
OC2
R

2

Full model

Partial model I

Partial model II

Partial model III

Fixed effects model

.146⁎⁎⁎
(.007)
.151⁎⁎⁎
(.007)
.052⁎⁎⁎

.143⁎⁎⁎
(.007)
.073⁎⁎⁎
(.003)

.141⁎⁎⁎
(.007)
.091⁎⁎⁎
(.012)

.093⁎⁎⁎
(.015)
.072⁎⁎⁎
(.003)
.010⁎⁎

.134⁎⁎⁎
(.007)

(.008)
−.031⁎⁎⁎
(.008)
−.029⁎⁎⁎
(.007)
.270

(.003)
−.010
(.006)

.263

−.002
(.001)
.263

.038⁎⁎⁎
(.008)
−.032⁎⁎⁎
(.008)

.264

Pay is expressed in terms of the natural logarithm of the hourly rate of pay. GMA and OC are standardized. A comparison of the partial models to the full model
suggests that the pattern of negative quadratic effects and a positive interaction effect is associated with reciprocal suppression.
⁎⁎⁎ p b .0001.
⁎⁎ p b .0005.
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these results that there is a highly significant negative
quadratic effect of GMA on pay as well a highly significant
positive interaction between GMA and complexity.
Fig. 1 depicts the effects of GMA on pay for low (one
standard deviation below the mean) and for high (one
standard deviation above the mean) levels of occupational
complexity. Consistent with the two hypotheses, it is clear
from this figure that the effect of GMA on pay was stronger at
the higher level of occupational complexity than at the lower
level. It is also clear that the effect of GMA on pay was
concave for both levels of complexity.
These two effects can also be stated in terms of returns on
GMA. The quadratic effect of GMA represents a marginally
decreasing return on GMA when occupational complexity is
kept constant. The interaction effect between complexity and
GMA represents an increasing return on GMA when complexity increases (the results also indicate that the curvilinear
effect of complexity on pay is significant, for which we do not
have a clear substantive interpretation).
Our regression analysis is particularly interesting as the
pattern of negative quadratic effects and a positive interaction
effect is associated – given that GMA and complexity are highly
correlated – with reciprocal suppression; that is, with a situation
in which the (true) curvilinear and interactive effects can be
detected when examined jointly, but not when examined
separately (Ganzach, 1997). Table 1 presents the three relevant
partial models. It is clear from partial model I that the curvilinear
effect of GMA would not have been detected had it not been
jointly estimated with the interaction with complexity (similarly, the curvilinear effect of occupational complexity would
not be have been detected had it not been jointly estimated
with the interaction with GMA; see partial model II). Additionally, it is clear from partial model III that the interaction of GMA
and complexity would have appeared much weaker unless
jointly estimated with the curvilinear effects (the interaction
coefficient is five times larger in the full model than in partial
model III).
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3.3. Additional analyses
We conducted two additional analyses to examine for
possible alternative explanations. First, to control for the
average salary of the various occupations, as well as all other
aspects of the occupations, we conducted a fixed effects
regression by including a dummy for each occupation. The
estimates of the effects of GMA, the curvilinear effect of GMA
and the interaction between GMA and job complexity are given
in the last column of Table 1, and it is clear that the estimates of
the effects obtained in this fixed effects regression are very
similar to the estimates obtained in model I (the effects of
occupational complexity cannot be estimated in such a model
since they are fixed within occupation).
Second, one possible explanation for the concave relationship between GMA and pay is range restriction due to
compensation pay banding. It is possible that when one reaches
the ceiling of the occupation pay band, one has substantial
difficulty getting higher pay regardless of performance. To
examine for this possibility, we performed a fixed effects
regression, regressing the hourly rate of pay on the occupations'
dummies, and plotted the histogram of the residuals of this
regression in Fig. 2a. This histogram represents the distribution
of raw pay controlling for occupation (i.e., the representative
distribution of pay within occupations). It is clear from the
figure that, if anything, this distribution is skewed to the right,
which suggests a possible floor, rather than a ceiling, effect.3
Finally, Fig. 2b presents the histogram of the residuals of a
fixed effects regression regressing the logarithm of the hourly
rate of pay – the dependent variable in our analyses above –
on the occupation dummies. The histogram of the residuals of
this regression is plotted in Fig. 2b. It is clear from this figure
that the distribution of the residuals of the logarithm of the
hourly rate of pay, the pay measure used in our analyses, is
approximately normally distributed. Thus range restriction,
whether a ceiling or a floor effect, is not likely to explain the
concave effect of GMA on pay observed in our analyses.

4. Discussion

High complexity
-- ---- -- Low complexity

Fig. 1. The concave effect of GMA and its interaction with occupational
complexity in determining pay. Pay is expressed in terms of the logarithm of
the hourly rate of pay. GMA is expressed in terms of standard deviations.
Note that the slope of the curves represents the validity of GMA as a function
of the level of GMA in high versus low levels of job complexity.

This study shows that there are important nonlinear
elements in the effect of GMA on pay. First, the (positive)
effect of GMA on pay increases with increasing occupational
complexity. Second, keeping occupational complexity constant,
the relationship between GMA and pay is concave. Bearing in
mind the close association between pay and performance, this
pattern of nonlinear relationships is consistent with a previous
data reported by Hunter and Hunter (1984) regarding the
interaction between occupational complexity and performance,
and with our re-analysis of Coward and Sackett's (1990) data
which discovered concave relationship between GMA and
performance.
An interesting aspect of the pattern of a negative quadratic
effect of GMA and a positive interaction effect between GMA and
occupational complexity is the suppression effect discussed
above. Thus, it is clear that in order to detect the accurate

3
Note that a concave effect of intelligence may be consistent with a
ceiling effect but not with a ﬂoor effect.
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Fig. 2. a. The distribution of residuals obtained from regressing hourly rate of pay on the occupations' dummies. b. The distribution of residuals obtained from
regressing the logarithm of hourly rate of pay on the occupations' dummies.

relationship between GMA and pay, a relationship that includes
a curvilinear–concave-element, it is necessary to introduce the
interaction between GMA and occupational complexity.

Further insight into the meaning of the suppression effect
can be gained by considering the nonlinear effects on pay of
an increase in GMA. On the one hand, an increase in GMA

Y. Ganzach et al. / Intelligence 41 (2013) 631–637

leads to higher occupational complexity, which in turn leads
to an increase in the monetary return on GMA (an effect
associated with the interaction between complexity and
GMA). On the other hand, an increase in GMA leads to a
decrease in the monetary return on GMA (associated with
the negative quadratic effect of GMA). Thus, there are two
opposing consequences to increase in GMA, each associated
with a different nonlinear effect.
Viewing pay as a measure of performance suggests clear
substantive explanations for the quadratic and interactive
effects of GMA on pay. The interactive effect is associated
with the higher importance of GMA for performance of – and
therefore compensation for –complex as opposed to simple
occupations. The quadratic effect is associated with a cutoff
above which an increase in mental ability does not add to job
performance, and therefore does not add to pay.
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