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Intelligence tests are widely assumed to measure maximal intellectual performance, and predictive associations between intelligence quotient (IQ) scores and later-life outcomes are typically
interpreted as unbiased estimates of the effect of intellectual ability on academic, professional, and social life outcomes. The current
investigation critically examines these assumptions and ﬁnds evidence against both. First, we examined whether motivation is less
than maximal on intelligence tests administered in the context of
low-stakes research situations. Speciﬁcally, we completed a metaanalysis of random-assignment experiments testing the effects of
material incentives on intelligence-test performance on a collective
2,008 participants. Incentives increased IQ scores by an average of
0.64 SD, with larger effects for individuals with lower baseline IQ
scores. Second, we tested whether individual differences in motivation during IQ testing can spuriously inﬂate the predictive validity of intelligence for life outcomes. Trained observers rated test
motivation among 251 adolescent boys completing intelligence
tests using a 15-min “thin-slice” video sample. IQ score predicted
life outcomes, including academic performance in adolescence and
criminal convictions, employment, and years of education in early
adulthood. After adjusting for the inﬂuence of test motivation,
however, the predictive validity of intelligence for life outcomes
was signiﬁcantly diminished, particularly for nonacademic outcomes. Collectively, our ﬁndings suggest that, under low-stakes
research conditions, some individuals try harder than others, and,
in this context, test motivation can act as a third-variable confound
that inﬂates estimates of the predictive validity of intelligence for
life outcomes.

ne of the most robust social science ﬁndings of the 20th
century is that intelligence quotient (IQ) scores predict a
broad range of life outcomes, including academic performance,
years of education, physical health and longevity, and job performance (1–7). The predictive power of IQ for such diverse
outcomes suggests intelligence as a parsimonious explanation for
individual and group differences in overall competence.
However, what is intelligence? Boring’s now famous reply to
this question was that “intelligence as a measurable capacity
must at the start be deﬁned as the capacity to do well in an intelligence test. Intelligence is what the tests test.” (ref. 8, p. 35).
This early comment augured the now widespread conﬂation of
the terms “IQ” and “intelligence,” an unfortunate confusion we
aim to illuminate in the current investigation.
Intelligence has more recently—and more usefully—been deﬁned as the “ability to understand complex ideas, to adapt effectively to the environment, to learn from experience, to engage
in various forms of reasoning, to overcome obstacles by taking
thought” (ref. 5, p. 77). IQ scores, in contrast, measure the performance of individuals on tests designed to assess intelligence.
That is, IQ is an observed, manifest variable, whereas intelligence
is an unobserved, latent variable.
That IQ scores do not perfectly capture latent intelligence is
well known. However, to the extent that IQ scores are affected by
systematic biases and not just random measurement error, there is
the worrisome possibility that IQ–outcome associations are also
systematically biased. The direction of bias depends on the relation between test-taking motivation and life outcomes: If test
motivation does not derive from relatively stable and adaptive
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traits, then the inﬂuence of test motivation will erode IQ–outcome associations, indicating that current inferences about the
effects of intelligence on success in life are spuriously low. If, on
the other hand, the tendency to try hard on low-stakes intelligence
tests derives from what Wechsler called “nonintellective” traits
(9) (e.g., competitiveness, compliance with authority) that also
predict life outcomes, then test motivation will inﬂate IQ–outcome associations, resulting in an overestimation of the predictive
power of intelligence (Fig. 1).
In the current investigation, we hypothesize that individual
differences in low-stakes test motivation are, in fact, much
greater than currently assumed in the social science literature.
Further, we hypothesize that test motivation is a third-variable
confound that tends to inﬂate, rather than erode, the predictive
power of IQ scores for later-life outcomes.
Eliciting Maximal Intellectual Performance. Intelligence-test procedures are designed to maximize the motivation of test takers (10).
For instance, directions from the Third Edition of the Wechsler
Intelligence Scale for Children (WISC-III) manual suggest, “If
the child says that he or she cannot perform a task or cannot
answer a question, encourage the child by saying, ‘Just try it’ or ‘I
think you can do it. Try again.’” (ref. 11, p. 37). Similarly, the
deliberate sequencing of items from easy to difﬁcult is an explicit
strategy for sustaining morale (12). We submit that the motivation-maximizing design features of intelligence tests do not always
succeed in maximizing effort, particularly in the context of research studies in which test takers face no consequences for good
or bad performance. As Revelle has pointed out, “A common
assumption when studying human performance is that subjects
are alert and optimally motivated. It is also assumed that the
experimenter’s task at hand is by far the most important thing the
subject has to do at that time. Thus, although individual differences
in cognitive ability are assumed to exist, differences in motivation are
ignored.” (emphasis added; ref. 13, pp. 352–353).
Prior Research on Test Motivation and Intelligence. Prior studies
have found that self-reported motivation is higher on employment tests among job applicants than incumbents (14) (d = 0.92)
and among eighth grade students paid for correctly answering
questions compared with students not paid for correct answers
(15) (d = 0.42). However, because ratings of motivation are
typically self-reported post hoc, it is possible that they reﬂect how
well test takers think they performed as opposed to how hard
they tried. Thus, the direction of causality in studies using selfreport measures of test motivation is unclear. Moreover, prior
studies have not directly examined whether variance in test
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Fig. 1. Hypothesized associations among IQ, test motivation, life outcomes,
and latent variables.

motivation is associated with life outcomes and, as a consequence, either inﬂates or erodes IQ–outcome associations.
Current Investigation. If indeed test takers are less than maximally
motivated in low-stakes research settings, material incentives should
substantially improve their performance. We tested this hypothesis
in Study 1, a random-effects meta-analysis of random-assignment
laboratory experiments comparing IQ scores under incentivized
and standard testing conditions in 46 independent samples. In
Study 2, we tested whether objectively measured test motivation
confounds the predictive association between intelligence, as
indexed by IQ scores, and later-life outcomes. Speciﬁcally, in
a longitudinal study of 251 boys followed from adolescence to early
adulthood, we tested whether the nonintellective traits underlying
test motivation predict the same academic (i.e., school performance
in adolescence and total years of education) and nonacademic (i.e.,
employment and criminal behavior) outcomes as does IQ and
whether the predictive validity of intelligence for outcomes is reduced when test motivation is measured and controlled.

Results
Study 1. In 46 independent samples (n = 2,008), the mean effect
of material incentives on IQ was medium to large: g = 0.64 [95%
conﬁdence interval (CI) = 0.39, 0.89], P < 0.001. An examination
of Table S1, which lists the raw effect size from each sample (16–
40), reveals that a small number of samples with very large effect
sizes may have exerted undue inﬂuence on the mean effect size.
To ensure that these samples did not account for the signiﬁcance
of the effect, we excluded the three samples with raw effect sizes
greater than g = 2.00 and recomputed the mean effect. In the
remaining 43 samples, the effect was still medium in size and
statistically signiﬁcant: g = 0.51 (95% CI = 0.31, 0.72), P < 0.001.
Three of four tests suggested no publication bias on effect-size
estimates (SI Materials and Methods).
A test of heterogeneity among all 46 samples indicated that
between-study variance accounted for 85% of the variance in
effect sizes: Q(45) = 303.68, P < 0.001, I2 = 85.18. We therefore
tested whether baseline IQ, incentive size, age, or study design
accounted for heterogeneity in effect sizes.
Because exact baseline IQ scores were not reported in some
samples, we created a binary variable where 1 = below average
(i.e., IQ < 100) and 2 = above average (i.e., IQ ≥ 100). The
effect of incentives was greater for individuals of below-average
baseline IQ: Qbetween(1) = 9.76, P = 0.002. In 23 samples with IQ
scores below the mean, the effect size was large: g = 0.94 (95%
CI = 0.54, 1.35). In contrast, in 23 samples of above-average IQ,
the effect was small: g = 0.26 (95% CI = 0.10, 0.41). A similar
analysis in which baseline IQ scores (available for 43 of 46
samples) were treated as a continuous moderator indicated that
a 1 SD increase in IQ is associated with about two-thirds of an
2 of 5 | www.pnas.org/cgi/doi/10.1073/pnas.1018601108

SD decrease in the effect of incentives: b = −0.04, P < 0.001.
Moderation by baseline IQ did not account for all heterogeneity
in effect size among low-IQ samples: Q(22) = 226.23, P < 0.001,
I2 = 90.28. In contrast, heterogeneity in effect size among highIQ samples was not signiﬁcantly different from zero: Q(22) =
24.37, P = 0.33, I2 = 9.71 (Table S2).
As predicted, a systematic dose–response relationship was
observed between incentive size and IQ score gain: Qbetween(2) =
28.95, P < 0.001. Excluding three samples for which incentive
size was not reported, large incentives produced a very large
effect [g = 1.63 (95% CI = 1.15, 2.10)], whereas medium
[g = 0.58 (95% CI = 0.37, 0.79)] and small [g = 0.16 (95%
CI = −0.09, 0.41)] incentives produced smaller effects.
Neither sample age nor study design were signiﬁcant moderators of the effect of incentive on IQ score change: Qbetween(3) =
6.16, P = 0.10 and Qbetween(1) = 2.14, P = 0.14, respectively.
Study 2. Consistent with Study 1, test motivation, measured by
observer ratings of “thin-slice” video footage of boys taking a fullscale intelligence test, was lower among boys with lower IQ, even
when controlling for the demographic variables of race, family
structure, and family socioeconomic status (SES): partial r = 0.25,
P < 0.001. Test motivation was also more variable among boys of
below-average IQ: Levene’s F = 11.47, P < 0.001 (Table S3).
We estimated a series of structural equation models to test
whether the nonintellective traits contributing to test motivation
confound the associations between IQ and important outcomes.
As a preliminary step, we tested a model of the predictive validity
of IQ without considering test motivation. We speciﬁed a model in
which observed IQ scores were a function of a latent intelligence
factor and measurement error (estimated as 1 minus the published
reliability of the IQ scores), which adjusted effect sizes for attenuation attributable to measurement error. We set the latent intelligence variance to 1 for identiﬁcation and regressed each
outcome onto the intelligence factor. This model ﬁt the data well:
χ2(1) = 0.002, P = 0.96, comparative ﬁt index (CFI) = 1.00, RMS
error of approximation (RMSEA) = 0.00. As shown in Fig. 2, after
controlling for demographic variables and adjusting for reliability,
intelligence as assessed by IQ predicted academic performance in
adolescence and cumulative years of education, current employment, and fewer criminal convictions in early adulthood.
We next tested for the confounding effect of test motivation
by using a series of nested models. First, we tested the full
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Fig. 2. Model tested in Study 2. Values are standardized regression coefﬁcients, and parenthetical values are from the IQ-only model, which did not
include test motivation or its associations with IQ scores and outcomes. The
thickness of regression paths are proportional to standardized coefﬁcients.
All paths are signiﬁcantly different from zero; P < 0.05. Demographic
covariates and covariances among life outcomes are not shown.
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Discussion
In Study 1, material incentives in random-assignment studies
increased IQ scores by an average of 0.64 SD, suggesting that test
motivation can deviate substantially from maximal under lowstakes research conditions. The effect of incentives was moderated by IQ score: Incentives increased IQ scores by 0.96 SD
among individuals with below-average IQs at baseline and by only
0.26 SD among individuals with above-average IQs at baseline.
Because no samples exceeded 120 in average baseline IQ, it is
unlikely that this result can be explained by a ceiling effect on IQtest performance. Further, homogeneity in the effect of incentives among samples of above-average IQ suggests that, in the
absence of incentives, individuals perform closer to maximal
potential than do individuals of below-average IQ.
In Study 2, observer ratings of test motivation were associated
with both IQ scores and important life outcomes. Because children
who tried harder on the low-stakes test earned higher IQ scores
and also had more positive life outcomes, we tested for and found

evidence that relying on IQ scores as a measure of intelligence may
overestimate the predictive validity of intelligence. That is, nonintellective traits partially accounted for associations between IQ
and outcomes. The seriousness of this confound was more profound (i.e., reductions in the proportion of variance explained by
68–84%) for the nonacademic outcomes of employment and
crime than for the academic outcomes of school achievement in
adolescence and years of education (i.e., reductions in the proportion of variance explained of 23–27%).
Despite efforts to “encourage in order that every one may do his
best” on intelligence tests (ref. 41, p. 122), pioneers in intelligence
testing took seriously the possibility that test takers might not, in
fact, exert maximal effort. Thorndike, for instance, pointed out
that although “all our measurements assume that the individual in
question tries as hard as he can to make as high a score as possible
. . . we rarely know the relation of any person’s effort to his maximum possible effort” (ref. 42, p. 228). Likewise, Wechsler recognized that intelligence is not all that intelligence tests test: “from
30% to 50% of the total factorial variance [in intelligence test
scores remains] unaccounted for.. . .this residual variance is
largely contributed by such factors as drive, energy, impulsiveness, etc. . . .” (ref. 9, p. 444).
It is important not to overstate our conclusions. For all measured
outcomes in Study 2, the predictive validity of intelligence remained
statistically signiﬁcant when controlling for the nonintellective traits
underlying test motivation. Moreover, the predictive validity of intelligence was signiﬁcantly stronger than was the predictive validity
of test motivation for academic achievement. In addition, both
Studies 1 and 2 indicate that test motivation is higher and less
variable among participants who are above-average in measured
IQ. These ﬁndings imply that earning a high IQ score requires high
intelligence in addition to high motivation. Lower IQ scores,
however, might result from either lower intelligence or lack of
motivation. Thus, given closer-to-maximal performance, test motivation poses a less serious threat to the internal validity of studies
using higher-IQ samples, such as college undergraduates, a popular
convenience sample for social science research (43). Test motivation as a third-variable confound is also less likely when experimenters provide substantial performance-contingent incentives or
when test results directly affect test takers (e.g., intelligence tests
used for employment or admissions decisions).
On the other hand, test motivation may be a serious confound in
studies including participants who are below-average in IQ and who
lack external incentives to perform at their maximal potential.
Consider, for example, the National Longitudinal Survey of Youth
(NLSY), a nationally representative sample of more than 12,000
adolescents who completed an intelligence test called the Armed
Forces Qualifying Test (AFQT). As is typical in social science research, NLSY participants were not rewarded in any way for higher
scores. The NLSY data were analyzed in The Bell Curve, in which
Herrnstein and Murray (44) summarily dismissed test motivation as
a potential confound in their analysis of black–white IQ disparities.
Segal (45) subsequently reanalyzed the NLSY data, presenting
evidence that performance on the coding speed subtest, the objective of which is to match 4-digit numbers to words by using a key

Table 1. Percentage of variance explained by IQ, intelligence, and nonintellective traits
Predictor
IQa
Intelligenceb
Nonintellective traits

Academic performance
in adolescence, %

Total years of
education, %

Employment in
adulthood, %

Lifetime convictions,
age 26 y, %

40.1
31.0
9.2

15.2
11.1
4.9

5.0
1.6
8.1

3.2
0.5
5.2

a

IQ scores include variance attributable to intelligence and the nonintellective traits that inﬂuence test motivation.
Intelligence is deﬁned as variance in IQ scores independent of variance explained by the nonintellective traits that inﬂuence test
motivation.
b
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hypothesized model: test motivation ratings were speciﬁed
as a function of measurement error (estimated as 1 minus its
interrater reliability) and a nonintellective latent factor, and IQ
scores were speciﬁed as a function of both latent intelligence and
the nonintellective traits that contribute to test motivation, in
addition to error. The latent factor variances were again set to 1
for identiﬁcation. The full model ﬁt well: χ2(1) = 0.03, P = 0.86,
CFI = 1.00, RMSEA = 0.00. Standardized regression coefﬁcients are shown in Fig. 2 and Table S4. Both latent intelligence
and nonintellective traits signiﬁcantly predicted all four life
outcomes, and nonintellective traits were signiﬁcantly associated
with IQ scores. As a test of the inﬂuence of the latent traits
underlying test motivation, we compared the full model with
a model in which paths from nonintellective traits to outcomes
were constrained to equal zero. As expected, this model ﬁt signiﬁcantly worse than did the full model: Δχ2(3) = 55.07, P <
0.001, CFI = 0.83, RMSEA = 0.23. In sum, the nonintellective
traits assessed by test motivation predicted both IQ scores and
life outcomes associated with IQ scores. As summarized in Table
1, failing to account for the inﬂuence of motivation on IQ scores
resulted in an overestimation of the association between latent
intelligence and all four life outcomes.
The standardized regression coefﬁcients presented in Fig. 2
suggested that intelligence was more strongly associated with academic outcomes, whereas nonintellective traits appeared more
strongly associated with nonacademic outcomes (i.e., employment
and fewer criminal convictions). A model in which the intelligence
and nonintellective path coefﬁcients were constrained to be equal
showed that intelligence predicted academic achievement signiﬁcantly better than did nonintellective traits, Δχ2(1) = 12.12, P =
0.002, CFI = 0.98, RMSEA = 0.12. In contrast, coefﬁcients for
intelligence and nonintellective traits could be constrained to be
equal for the three other outcomes without worsening model
ﬁt, suggesting that the predictive validities for intelligence and
nonintellective traits did not signiﬁcantly differ: Δχ2(1) ≤ 2.52,
P > 0.11, CFI = 1.00, RMSEA ≤ 0.03.

of number–word pairs, administered in the same session as the
AFQT, is a good proxy for test motivation. Performance on the
coding speed test demonstrates the lowest correlations with
the AFQT and other IQ subtests administered in the same session
(44) yet predicts earnings in adulthood over and beyond AFQT
scores. Furthermore, in line with our ﬁnding that test motivation is
lower and more heterogeneous among individuals of lower IQ,
coding speed best predicts income among the least educated individuals in the NLSY sample.
Limitations and Future Directions. Limitations of the current investigation suggest proﬁtable directions for future research. First,
the Pittsburgh Youth Study sample used in Study 2 was socioeconomically and ethnically diverse but included only boys. Although
we have no theoretical reason to suspect that test motivation is an
important individual difference among males but not females, this
assumption should be tested empirically. A second limitation of
Study 2 is that its sample size did not allow sufﬁcient power to test
whether test motivation was a stronger confound of IQ–outcome
relations among participants of below-average IQ. Finally, more
precise measures of test motivation may have explained more variance in life outcomes—and pointed to an even larger confounding
effect than was observed than the available thin-slice video ratings.
Future studies are needed to identify the traits that determine
effort on low-stakes tests. More than 1,000 psychologists and
educational specialists with expertise in intelligence testing rated
the importance of six “personal characteristics” to performance
on intelligence tests (46). On a 4-point scale where 1 = of little
importance and 4 = very important, experts’ ratings were as
follows: attentiveness (M = 3.39, SD = 0.74), persistence (M =
2.96, SD = 0.87), achievement motivation (M = 2.87,SD = 0.96),
anxiety (M = 2.68, SD = 0.90), emotional ability (M = 2.52, SD =
0.94), and physical health (M = 2.34, SD = 0.89). Consistent with
these ratings, Borghans, Meijers, and Ter Weel (47) found that
individuals higher in achievement motivation tend to think longer
and are less sensitive to ﬁnancial incentives when answering
questions on an untimed intelligence test.
Future research should also examine cross-cultural differences
in test motivation. A recent analysis of the Third International
Mathematics and Science Study (TIMSS) suggested that test
motivation accounts for a signiﬁcant proportion of achievement
differences between countries (48). The TIMSS examined math
and science achievement among a half-million students from 41
nations in 1995. The relatively disappointing performance of the
more than 33,000 American students who participated in the
TIMSS has been widely publicized (e.g., American 12th graders
earned among the lowest scores in both science and mathematics). A little-publicized TIMSS report revealed that test motivation, indexed as the proportion of optional self-report questions
answered in the accompanying student background questionnaire, accounts for 53% of between-nation variability in math
achievement, 22% of between-classroom variability within
nations, and 7% of between-student variability within classrooms
(48). These ﬁndings are consistent with the current investigation
and further suggest that cross-cultural differences in test motivation may be even greater than individual differences among
students within a particular culture.

Conclusion
The current investigation supports the hypothesized relations in
Fig. 1. What do intelligence tests test? Both intelligence and test
motivation. Why is this a problem? Because test motivation on
low-stakes intelligence tests can partially confound IQ outcome
associations.
Our conclusions may come as no surprise to psychologists who
administer intelligence tests themselves (49). Where the problem
lies, in our view, is in the interpretation of IQ scores by economists,
sociologists, and research psychologists who have not witnessed
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variation in test motivation ﬁrsthand. These social scientists might
erringly assume that a low IQ score invariably indicates low intelligence. As pioneers in intelligence testing pointed out long ago,
this is not necessarily true.
Materials and Methods
Study 1. Sample of studies. In January 2008, we conducted a search of the
PsycInfo database for articles containing at least one keyword from both
of the following two lists: (i ) intelligence, IQ, test performance, or cognitive ability and (ii ) reinforcement or incentive. This search resulted in
1,015 articles and dissertations. We examined the abstracts of these
publications by using the following inclusion criteria: (i ) the article described an empirical study, (ii ) the article used a between-subjects design
with control and experimental groups, (iii ) the experimental groups were
rewarded with material incentives (e.g., money, tokens, candy) contingent on their intelligence-test performance, (iv) study participants did
not meet diagnostic criteria for schizophrenia or other serious mental
illness requiring inpatient care, and (v) study participants did not meet
diagnostic criteria for mental retardation (i.e., study participants did not
score below 70 on intelligence tests without incentives). No within-subject studies that counterbalanced incentive and control conditions met
the other inclusion criteria. Therefore, within-subjects studies were excluded because the effect of incentives was not separable from the effect
of practice.
The ﬁnal sample comprised 19 published articles and 6 dissertations with 46
independent samples and 2,008 total participants. The included articles ranged in
publication date from 1936 to 1994, and descriptions of study characteristics
varied widely in level of detail. Consequently, participant age, baseline level of
intelligence, and incentive size were coded as categorical variables (SI Materials
and Methods). P.D.Q. coded all articles, and A.L.D. coded a random sample of
10% of the articles; interrater reliability was 100%.
Effect-size analyses. In all samples, the difference between intelligence-test
scores for control (i.e., no incentive) and material incentive groups was the
effect size of interest. We computed Hedge’s g, the bias-corrected standardized mean difference, using random-effects models in Comprehensive
Meta-Analysis (50). Hedge’s g is interpreted similarly to Cohen’s d but is
corrected for bias attributable to small sample sizes (51). To compute the
sample-size adjusted mean effect size, we used a random-effects model,
which assumes that there is no single true population effect and allows for
random between-sample variance in addition to error variance (51). We
used mixed-effects models to independently test for the effect of four categorical moderators: level of baseline IQ, incentive size, study design, and
age. We used control group scores to estimate baseline IQ in studies that did
not report scores at baseline. See Table S1 for the raw effect sizes.
The full Study 1 data are available in Dataset S1.
Study 2. Participants were drawn from 508 boys in the middle sample of
the Pittsburgh Youth Study (52) (SI Materials and Methods). At average
age 12.5 y, ∼80% of these boys completed a short form of the Wechsler
Intelligence Scale for Children–Revised (WISC-R) (11, 53, 54), the reliability of
which has been estimated at 0.91 (55). During testing, a 15-min video sample
of the boys’ behavior was recorded to be coded by three different raters who
were blind to the hypotheses of the study and to the IQ scores of the boys.
Coders were trained to consensus (20 h) to observe and identify behaviors
that indicated low motivation, including refusing to attempt tasks, forcing
examiners to work hard to get them to try a task, expressing the desire for
the testing session to end as quickly as possible, or responding very rapidly
with “I don’t know” responses (56). Scores were standardized within each
rater and then averaged across all three raters (SI Materials and Methods).
Intraclass correlations for each set of raters ranged from 0.85 to 0.89.
In early adulthood, ∼60% of these participants (n = 251) completed
structured interviews assessing educational attainment, employment, and
other outcomes and were therefore included in our analyses (SI Materials
and Methods). Average age at follow-up was 24.0 y, SD = 0.91. In addition,
lifetime criminal history data were obtained from government records for all
participants when they reached age 26 y. In terms of measured IQ, the
longitudinal sample was representative of the general population (mean
IQ = 101.80, SD = 15.77). The men who participated in the follow-up interviews
did not differ from those who did not on most study variables, but they were
signiﬁcantly higher in test motivation, performed better academically during
adolescence, had fewer criminal convictions by age 26, came from higher-SES
families, and were more likely to be Caucasian and from two-parent homes.
These effects were small to moderate in size (SI Materials and Methods).
References 16–40 were studies included in the meta-analysis in Study 1.
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