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Intelligence quotient (1Q), grades, and scores on achievement tests
are widely used as measures of cognition, but the correlations
among them are far from perfect. This paper uses a variety of
datasets to show that personality and 1Q predict grades and scores
on achievement tests. Personality is relatively more important in
predicting grades than scores on achievement tests. IQ is relatively
more important in predicting scores on achievement tests. Person-
ality is generally more predictive than IQ on a variety of important
life outcomes. Both grades and achievement tests are substantially
better predictors of important life outcomes than 1Q. The reason is
that both capture personality traits that have independent predic-
tive power beyond that of 1Q.

IQ | achievement tests | grades | personality traits

ntelligence quotient (IQ), grades, and scores on achievement

tests are widely used as measures of cognition (1, 2) (S Ap-
pendix, Appendix S1 documents the widespread use of achieve-
ment tests as measures of IQ). However, the correlations among
them are far from perfect. This paper establishes the predictive
power of personality for grades and scores on achievement tests.
Personality is a better predictor of a variety of life outcomes than
IQ. Both grades and scores on achievement tests have in-
dependent predictive power above and beyond IQ, because both
measures capture aspects of personality.

Achievement tests were designed to capture general knowl-
edge acquired in school and life (3-5). They were thought to be
more objective and fair than grades, which involve teacher as-
sessments of individual students in particular classrooms. Tests
of fluid intelligence were designed to capture “innate aptitudes”
rather than acquired knowledge (6).

The recent literature has shown that there is no clear dis-
tinction between innate and acquired traits. A large body of
research shows that IQ can be altered by interventions (7, 8).
Additionally, all measures of ability are based on knowledge as
gauged by performance on tasks (e.g., taking a test) (9). Not
only is knowledge acquired but greater cognitive ability facili-
tates acquisition of knowledge. Personality traits also affect
acquisition of knowledge. More motivated people learn more
(10). In addition, more conscientious people take tests more
seriously (11). Personality traits also influence grades. It was
precisely because grades depend on personality that achieve-
ment tests were advocated as better measures of cognition.
Achievement tests were thought to be independent of teacher
assessments of noncognitive traits that were often deemed to be
biased (4, 5).

This paper makes the following points. (i) Grades, scores on
achievement tests, and IQ are strongly positively correlated but
not perfectly so. This strong correlation gives purchase to the
view that the three measures can be used interchangeably.
(ii) Grades and scores on achievement tests are differentially
influenced by IQ and personality. Grades are more heavily
influenced by personality than achievement tests. (iii) All three
measures predict a variety of important life outcomes, but scores
on achievement tests and grades are better predictors than 1Q.
(iv) Grades and achievement tests are more predictive of life
outcomes because they capture aspects of personality that have
independent predictive power.
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The paper proceeds as follows. The first section briefly reviews
the literature. The second section describes the data. The third
section decomposes grades and scores on achievement tests into
IQ and personality. The fourth section examines the predictive
power of 1Q and personality on a variety of important life out-
comes (we make no causal claims in this paper).

Brief Overview of the Literature

Achievement tests, like the Armed Forces Qualification Test
(AFQT), are often used as proxies for cognitive ability (12-14).
SI Appendix, Appendix S1 lists 50 papers that use AFQT scores
as proxies for intelligence. Grades are also used as proxies for
intelligence (1, 2).

Previous research studies relationships between IQ and
personality®, between grades and IQ (a review of the literature
is in ref. 18), and between personality and grades.” Ref. 22
relates the High School Personality Questionnaire and the
Culture Fair Intelligence Test to scores on standardized
achievement tests and finds that conscientiousness and 1Q
predict scores on achievement tests. Ref. 23 surveys studies

Significance

Grades and scores on achievement tests are widely used as
measures of cognition. This paper examines these measures
and their constituent parts. We establish that, on average,
grades and achievement tests are generally better predictors
of life outcomes than “pure” measures of intelligence. The
reason is that they capture aspects of personality that have
been shown to be predictive in their own right. All of the
standard measures of “intelligence” or “cognition” are influ-
enced by aspects of personality, albeit to varying degrees,
depending on the measure. This result has important implica-
tions for the interpretation of studies using scores on achieve-
ment tests and grades to explain differences in outcomes and for
the use of standard cognitive measures to evaluate the effec-
tiveness of public policies.
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*Ref. 15 gives an overview of this literature. Scores on IQ tests have been related to
personality (16). In related work, ref. 17 shows that less conscientious men perform
better when they are offered incentives in IQ tests, and ref. 11 shows that conscientious
and emotionally stable people do not spend more time answering IQ questions when
rewards are higher, whereas people who score lower on these traits do.

Refs. 19 and 20 give an overview of this literature. Ref. 19 concludes that conscientious-
ness is the greatest Big Five predictor of grades (followed at some distance by openness
to experience). Conscientiousness predicts academic performance almost as well as in-
telligence. Ref. 20 evaluates how adolescent measures of the Big Five predict academic
performance—finding that openness and conscientiousness are particularly important.
Ref. 21 investigates the relationship between verbal and mathematical Scholastic Apti-
tude Test (SAT) scores and the Big Five. It finds that openness to experience relates to
SAT verbal scores. Ref. 7 has an extensive review.
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Table 1. Data analyzed

Achievement Adult
Datasets 1Q tests Grades Personality measures outcomes
Stella Maris (Dutch high school students) v v v v (Big Five; grit) NA
BCS (children born in one week in 1970 followed until 38 y old) v v v * v
NLSY79 (prospective survey of youth 14-21y old in 1979; currently v v v V(Self-esteem; locus of v
followed) control)
MIDUS (survey in adult life; baseline 24-34 y old in 1995; follow-up v NA NA v (Big Five) v

2004-2006)

Details on each dataset and their measures are provided in S/ Appendix, Appendices S2-S5. NA, not available.
*Self-esteem, locus of control, disorderly activity, antisocial behavior, introversion, and neuroticism.

relating self-regulation and scores on standardized achievement
tests, course grades, and high school achievement. It shows that
self-regulation is more predictive of course grades than scores on
standardized achievement tests and suggests that this may be the
reason why course grades are more predictive of certain later-life
outcomes than achievement tests. Ref. 24 reports that both self-
discipline and IQ predict performance on achievement tests. Ref.
25 reports that self-control (a facet of Big Five conscientiousness)
and IQ (measured by Raven Matrices) predict scores on the
English/language arts and mathematics standardized achieve-
ment tests. Our analysis builds on and extends this research by
analyzing the effects of cognition and personality on grades,
achievement tests, and a variety of important life outcomes.
We report results from samples pooled across genders.

Data

Table 1 summarizes the availability of measures in the four
datasets that we analyze.* Although details and point estimates
vary and some data contain only partial information, consistent
patterns emerge across all four datasets.

Stella Maris is a Dutch high school at which we collected
Raven’s 1Q, scores on achievement tests [the Differential
Aptitude Test (DAT)], grades, and measures of personality.
For this sample, we have no measure of adult outcomes. The
British Cohort Study (BCS) followed a cohort of children born
in one week in April of 1970 until 2016. It has information on
grades, IQ, scores on achievement tests, personality, and a
variety of adult life outcomes. The National Longitudinal
Survey of Youth 1979 (NLSY79) sampled American children
aged 14-21 y old in 1979 and followed them ever since that
time. It has an achievement test (the AFQT) and scores on
different 1Q tests across students, which we equate to produce
a common IQ score. It has limited measures of personality but
rich data on adult outcomes. The National Survey of Midlife
Development in the United States (MIDUS) is a survey of
adults aged 24-74 y old in 1995-1996 and 34-83 y old in 2004-2006.
It has rich data on IQ, personality, and adult outcomes, but lacks
information on achievement scores or grades. No single dataset
produces definitive evidence. It is the consilience of the evidence
across the diverse datasets that justifies the conclusions of this paper.®

Table 2. Correlations (Pearson correlations)

Correlations Stella Maris BCS NLSY  MIDUS
p (1Q, achievement) 0.378 0.509 0.698 —
p (1Q, grades) 0.112 0.338 0.464 —
p (Achievement, grades) 0.316 0.379 0.610 —
p (1Q, personality) 0.195 0.451 0.291 0.189
p (Achievement, personality) 0.294 0.446 0.410 —
p (Grades, personality) 0.257 0.433 0.305 —

P values are presented in S/ Appendix, Appendix S6.
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Grades, Achievement Tests, and Personality

This section summarizes the correlations among the dimensions
of human capabilities that we study. It also analyzes the extent to
which personality predicts achievement test scores and grades
above and beyond IQ.

Table 2 displays the correlations among the available mea-
sures of cognition and personality in our four datasets. Notice
that the correlations between IQ and grades as well as between
1Q and achievement tests are far from perfect. The same is true
of the correlations between grades and achievement tests. Per-
sonality is positively correlated with grades and achievement
test scores. Grades, achievement tests, and 1Q capture different
aspects of human capabilities.

Figs. 1, 2, and 3 display the predictive power of personality
and IQ on grades and scores on achievement tests as mea-
sured by the adjusted R%.Y The results from the Stella Maris
data in Fig. 1 indicate that scores on the Raven’s Progressive
Matrices test explain more of the variance in achievement
scores (DAT) than the personality measures. However, per-
sonality traits explain a substantial fraction of the variance in
the DAT, even when Raven IQ scores are included in re-
gressions. In the Stella Maris data, grades are mostly related
to personality traits. Scores on the Raven test do not predict
overall grades.

Fig. 2 decomposes achievement tests and grades using data
from the BCS. The results show that IQ and personality mea-
sured at age 10 y old predict scores on various achievement tests
at ages 10 and 16 y old and grades at age 16 y old.

The NLSY data in Fig. 3 show that IQ explains more of the
variance in the AFQT scores and grades than the only available
personality variables—self-esteem and locus of control—but
both personality measures are predictive. Note, however, that
the measures of personality in the NLSY are only a subset of the
wide array of personality traits typically used by psychologists
(ref. 7 has a summary of these measures).

The predictive power of personality and IQ for grades and
scores on achievement tests is considerably lower in the Stella

*Across datasets, the survey instruments differ somewhat. The definitions are given in
SI Appendix.

SMore information about the datasets can be found in S/ Appendix, Appendices $2-S5.
The study has not been reviewed by an internal review board. There is no need for this
because: (i) three of the four datasets we use are publicly available (BCS, NLSY, MIDUS),
and (ii) the Stella Maris project does not belong to the regimen of the Dutch Act on
medical research involving human subjects. The Stella Maris data were collected at Stella
Maris high school with full cooperation of the school. Before the data collection started,
all students received a letter with information about the types of questions that were
going to be asked. Informed consent was not explicitly asked for because only noninva-
sive questions were asked. It was mentioned to students that participation was volun-
tary. In case they did not want to participate, they could indicate this before the data
collection started or at any time during the process. One student indicated not to be
interested in participating.

951 Appendix locations of the source regressions for Figs. 1, 2, and 3 are given in the notes
of each figure.
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Fig. 1. Decomposing achievement tests and grades into IQ and personality.
Stella Maris. The Stella Maris data include 347 Dutch high school students
aged 15 or 16 y old in 2008. The figure shows the adjusted R? values of two
sets of five regressions: DAT/grades on 1Q, DAT/grades on the Big Five, DAT/
grades on grit, DAT/grades on IQ and the Big Five, and DAT/grades on IQ, the
Big Five, and grit. The Big Five (openness, conscientiousness, extraversion,
agreeableness, and neuroticism) from ref. 35 are measured with 10 items per
trait. Grit, a measure of perseverance and passion for long-term goals, from
ref. 36 is measured with 17 questions. IQ is the principal component of eight
Raven Progressive Matrices. From administrative records, we obtain scores
on the Dutch DAT (comparable with the American DAT), an achievement
test taken at age 15 y old. Grades are also from administrative records and
include the individuals’ core subject grade point average at age 13y old. The
curricula of all individuals in the sample are the same at age 13 y old. S/
Appendix, Tables S7.1 and S7.2 shows the regressions supporting these
decompositions.

Maris data compared with the other datasets. The predictive
power of personality and IQ for grades and scores on achievement
tests is considerably lower in the Stella Maris data compared
with the other datasets, which is probably due to the restriction
on range in that dataset. The sample is constructed from the
two highest tracks (of three possible tracks) at that secondary
school.

Some basic patterns emerge across all datasets. Personality
predicts grades and scores on achievement tests. 1Q is weighted
more heavily in predicting achievement scores than in predicting
grades. Note that most of the variance in both measures remains
unexplained. The reason may be, in part, because of measure-
ment error. However, it is also likely that important determi-
nants of these measures are missing in our datasets.

Decomposing the Contributions of 1Q and Personality to Life
Outcomes

Using the BCS, the NLSY, and the MIDUS, we determine how
much of the variation in numerous important life outcomes is
explained by IQ and personality traits. We also consider the
relative predictive power of grades and scores on achievement
tests compared with IQ. The outcomes studied include wages
and measures of health among other items. We build on the
analyses in refs. 4, 5, 7, and 26.

The results of our analysis of the BCS data plotted in Fig. 4
reveal that, for wages, years of schooling, body mass index,
number of arrests, and life satisfaction, personality is at least as
predictive as 1Q.” However, the variation explained by IQ and
personality is relatively small. Consider, for example, the contribu-
tion to explained variance from a regression of log wages on IQ,
personality, scores on achievement tests, and grades—reported in

*The adjusted R? values are displayed in Figs. 4, 5, and 6. S/ Appendix locations of the
source regressions are given below each figure.

13356 | www.pnas.org/cgi/doi/10.1073/pnas.1601135113

various combinations. Column 1 in Fig. 4 in the first block of
columns (corresponding to wages) shows that IQ predicts
wages, but the predictive power is small (around 1%). Column
2 in Fig. 4 shows that self-esteem, locus of control, antisocial
behavior, and neuroticism, taken together, are more important
determinants of wages. Both IQ and personality remain as
important predictors in wage equations when both are included
in a regression (column 3 in Fig. 4). The fourth column in Fig. 4
shows that achievement has more predictive power than IQ and
personality alone. When IQ and personality are also included in
a regression (column 5 in Fig. 4), achievement test scores re-
main an important predictor of wages, and IQ and personality
also remain important predictors of wages. After controlling for
scores on achievement tests, IQ loses around 60% of its pre-
dictive power. When grades are included, instead of achieve-
ment tests, the effect of IQ becomes negligible. A similar pattern
arises across the other outcomes studied.

For the NLSY79, Fig. 5 parses the contributions of per-
sonality and IQ for a set of outcomes. Fig. 5 shows that IQ and
personality only explain a small portion of the variance for all
of the outcomes studied but that both are important predic-
tors. IQ explains more of the variance than personality for
log wages, any welfare, and physical health at age 40 y old,
whereas personality explains more of the variance in mental
health at age 40 y old and whether or not the individual voted
in 2006. Achievement tests are better predictors of important
life outcomes than IQ.

An analysis of the MIDUS data allows us to consider the
predictive power of the Big Five personality traits for economic
and health outcomes. Fig. 6 shows that the Big Five personality
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Fig. 2. Decomposing achievement tests and grades into IQ and personal-
ity. BCS. The BCS follows a cohort of children born in Britain during one
week in April of 1970 until 2016. The sample included 17,198 in 1970. The
data contain information collected at age 10 y old on the children’s cog-
nitive ability [the Matrices Subtest of the British Ability Scales (BAS), which
is a test similar to the Raven Progressive Matrices test], their personality
traits (measures of self-esteem and locus of control based on questions
answered by the respondents and measures of disorganized activity, anti-
social behavior, neuroticism, and introversion based on questions answered
by the pupils’ teachers), and data from four achievement tests: (i) the BAS
achievement test and its three components, (i/) the Chess Pictorial Lan-
guage Comprehension Test (PCLT), (iii) the Friendly Math Test (FMT), and
(iv) the Edinburgh Reading Test (ERT). At age 16 y old, scores on three other
achievement tests are collected: (i) a vocabulary test, (ii) a spelling test, and
(iii) a math test. Grades are the average grades of 14 subjects at age 16 y
old. The figure shows the adjusted R? values of 11 sets of three regressions:
(/) achievement test scores/grades on 1Q, (ii) achievement test scores/grades
on the personality measures, and (iii) achievement test scores/grades on 1Q
and the personality measures. SI Appendix, Tables $S7.3-57.7 have the full
regressions supporting these decompositions.
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Fig. 3. Decomposing achievement tests and grades into IQ and personality.
NLSY79. The NLSY79 is a nationally representative sample of 12,686 young
men and women who were 14-22 y old when first surveyed in 1979. The
individuals were interviewed annually through 1994 and are currently
interviewed on a biennial basis. Rotter measures locus of control, was
administered in 1979, and is normalized to be mean of zero and SD of one.
Rosenberg measures self-esteem and was administered in 1980. The AFQT
was measured in 1980. For Rosenberg and Rotter, we use the Item Re-
sponse Theory (IRT) scores normalized to be mean of zero and SD of one.
The AFQT z scores are constructed from the 1980 percentile score and set
to have mean of zero and SD of one. IQ and grades are from high school
transcript data. 1Q is pooled across several 1Q tests using IQ percentiles and
then converted into a z score. Grades are the individual’'s grade point
average from ninth grade and are on a four-point scale. The sample ex-
cludes the military oversample. Results are shown for 877 individuals with
nonmissing 1Q, Rotter locus of control, and Rosenberg self-esteem scores.
The figure shows the adjusted R? values of two sets of three regressions: (i)
achievement test scores/grades on 1Q, (ii) achievement test scores/grades on the
personality measures, and (iii) achievement test scores/grades on 1Q and the
personality measures. 1Q tests are administered at different ages. Tests taken at
early ages may be less predictive. We address this issue in S/ Appendix, Appendix
S9. Using 1Q tests for more recent surveys (relative to the date of enrollment in
the NLSY) does not qualitatively affect our analysis. SI Appendix, Table S7.8
shows the full regressions supporting these decompositions.

measures in the MIDUS data explain a much larger percentage
of the variance than IQ for both wage and health outcomes.

The relative importance of IQ and personality measures
varies across datasets. This variation is likely driven by differ-
ences in the measures used, the choice of measures, the pop-
ulations considered, and the circumstances under which tests
are taken. For example, in the NLSY79, 1Q is a better predictor
of log wages than personality, but in the BCS and the MIDUS
data, personality measures are better predictors. The better and
more comprehensive personality measures in the BCS and the
MIDUS data compared with those available in the NLSY data
likely explain why personality is more predictive of outcomes in
those data. The differences may also be driven by the availability
of outcomes in each dataset, because different outcomes most
likely place relatively more or less importance on IQ and per-
sonality. For example, in both the NLSY79 and the MIDUS,
mental health depends relatively more on personality than
physical health.!

Despite variation across datasets, consistent patterns emerge.
Personality is a powerful predictor for most life outcomes across
all datasets. Grades and achievement test scores are more pre-
dictive of adult outcomes than IQ. In regression analyses
reported in SI Appendix, Appendix S8, adding grades and test

lIErrors in the variables can explain some of our evidence. Surprisingly few studies of
measurement error in our measures are available. For log wages, measurement error
likely explains, at most, 25% of the variation (27).

Borghans et al.
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Fig. 4. Decomposing life outcomes into IQ and personality. BCS. Source:
BCS 1970 (see Fig. 2). Wages are log wages at age 38 y old. All other
measures are measured at age 34 y old and standardized to be mean of
zero and SD of one. Education is the nominal age at which a degree is obtained.
The figure shows the adjusted R® values of several sets of regressions: (i) life
outcomes on IQ; (i) life outcomes on the personality measures; (iii) life outcomes
on 1Q and the personality measures; (iv) life outcomes on achievement (Chess
Pictorial Language Comprehension Test); (v) life outcomes on grades; (vi) life
outcomes on 1Q, personality, achievement, and grades; (vii) life outcomes on
achievement, IQ, and personality; and (viii) life outcomes on grades, IQ, and
personality. S Appendix, Tables $8.12-58.16 show the full regressions supporting
these decompositions. BMI, body mass index.

scores to models with IQ and personality produces greater pre-
dictive power for the outcomes studied. This larger explained
variance is additional evidence that they capture relevant dimen-
sions of human capability not captured by IQ and personality. A

i,
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Fig. 5. Decomposing life outcomes into 1Q and personality. NLSY79.
Outcomes from the NLSY79. All outcomes are at age 40 y old unless oth-
erwise noted. Wages are log wages. Depression is the Center of Epide-
miological Studies (CESD) six-item depression scale. Physical health is the
SF12 self-reported measure of physical health. Mental health is the SF12
self-reported measure of mental health. Voted (2006) is if the individual
reports voting in 2006. The figure shows the adjusted R? values of several
sets of regressions: (i) life outcomes on 1Q; (ii) life outcomes on the per-
sonality measures; (iii) life outcomes on 1Q and the personality measures;
(iv) life outcomes on achievement; (v) life outcomes on grades; (vi) life
outcomes on 1Q, personality, achievement, and grades; (vii) life outcomes
on achievement, 1Q, and personality; and (viii) life outcomes on grades, 1Q,
and personality. S/ Appendix, Tables $8.1-58.6 show full regressions sup-
porting these decompositions.
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Fig. 6. Decomposing life outcomes into cognition and personality.
MIDUS. Data from the MIDUS 1995-1996 and 2004-2006. For privacy,
income is reported in 42 unique bins in the MIDUS data. We assign in-
dividuals the average of their income bin. Sixty-one individuals in the
top bin of $200,000 or higher are excluded from the analysis. Cognitive
ability is measured by the Brief Test of Adult Cognition by Telephone
(BTACT), and personality is measured by the Big Five. Results are re-
stricted to the main sample individuals who were interviewed in both
MIDUS I and MIDUS II, have nonmissing BTACT and Big Five measures,
and were between 30 and 60 y of age during MIDUS I, which leaves us
with 2,298 observations. All health-related outcomes are from self-
reported scales administered during the MIDUS Il follow-up. The figure
shows the adjusted R? values of several sets of three regressions: (i) life
outcomes on 1Q, (ii) life outcomes on the personality measures, and (iii)
life outcomes on 1Q and the personality measures. S/ Appendix, Tables
$8.7-58.11 show the full regressions supporting these decompositions.

general message from our analysis is that additional dimensions of
achievement remain to be discovered.

Conclusions and Implications for Policy

Cognitive skills predict life outcomes. This paper reinterprets the
evidence on the relationship between cognitive skills and a variety of
important life outcomes by analyzing the constituent components of
widely used proxies for cognitive skills—grades and achievement
tests. Measures of personality predict achievement test scores and
grades above and beyond IQ scores. Analyses using scores on
achievement tests and grades as proxies for IQ conflate the effects
of 1Q with the effects of personality. Both measures have greater
predictive power than IQ and personality alone, because they em-
body extra dimensions of personality not captured by our measures.
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Why do these findings matter? Achievement tests are widely
used to measure the traits required for success in school or
life. It is important to know what they measure to design ef-
fective policy and use these measures to evaluate schools and
teachers (evidence of teacher effectiveness on personality and
its consequences for high school graduation is in ref. 28).
Understanding the sources of differences in the test scores
and grades used to explain the black—white achievement gap
(29), the male—female wage gap (30), and other gaps by social
class directs attention to what factors might be remediated (5).
For example, personality or noncognitive skills are more
malleable at later ages than IQ, and there are effective ado-
lescent interventions that promote personality but are much
less successful in boosting 1Q (31, 32). The predictive power of
grades shows the folly of throwing away the information
contained in individual teacher assessments when predicting
success in life.**
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Appendix 1: The literature that interprets the AFQT as an intelligence test

Table 1.1: An overview of papers which use the AFQT as a measure for cognitive ability or Intelligence (sorted on date of

appearance) !

Authors

Title

Journal/Book

Quote

Marigee Bacolod,
Bernardo S. Blum,
William C. Strange

Skills in the city

Journal of Urban
Economics 65 (2009) 136—
153

The AFQT is designed to measure intelligence.

Jay D. Teachman,

Divorce, Race, and

Journal of Marriage and

We also control for a number of fixed covariates,

Lucky Tedrow Military Service: More | Family, Vol. 70, No. 4 including mother’s education measured as years of
than Equal Pay and (Nov., 2008), pp. 1030-1044 | schooling completed as of 1979, intelligence of the
Equal Opportunity respondent measured as his score on the AFQT

measured in 1980.

Anne Case, Stature and Status: The Journal of Political Both the NLSY and the Fragile Families samples

Christina Paxson Height, Ability, and Economy, Vol. 116, No. 3 contain information on the cognitive ability of mothers,
Labor Market (Jun., 2008), pp. 499-532 in the form of an Armed Forces Qualifying Test
Outcomes (AFQT) score for the mothers in the NLSY.

James J. Heckman, | The Productivity Review of Agricultural Figures 8(c) and (d) show that mothers with low

Dimitriy V. Argument for Investing | Economics, Vol. 29, No. 3 cognitive ability provide less cognitive and emotional

Masterov in Young Children (Autumn, 2007), pp. 446- stimulation for their children.... (c) Average cognitive

493

stimulation score by mother's AFQT decile; and (d)
Average emotional stimulation score by mother's
AFQT decile.

James J. Heckman,
Lance J. Lochner
and Petra E. Todd

Earning Functions,
Rates of Return and
Treatment effects

Chapter 7 in the Handbook
of the Economics of
Education, 2006

Cognitive ability (as measured by AFQT) is an
important determinant of the returns to schooling.

IThis table is the result of a search in JSTOR on the key words intelligence and AFQT.




Darius Lakdawalla

The Economics of

Journal of Law and

The NLSY 1979 cohort administers to respondents the

Teacher Quality Economics, Vol. 49, No. 1, | Armed Forces Qualification Test (AFQT), which is a
Symposium: Piracy and type of intelligence test.
File Sharing (Apr., 2006),
pp- 285-329
Pedro Carneiro, Labor Market Journal of Law and Cognitive ability (as measured by the AFQT) of

James J. Heckman,
Dimitriy V.
Masterov

Discrimination and
Racial Differences in
Premarket Factors

Economics, Vol. 48, No. 1
(Apr., 2005), pp. 1-39

mothers.

Lawrence M.
Berger, Jennifer

Maternity Leave, Early
Maternal Employment

The Economic Journal, Vol.
115, No. 501, Features

Mother’s age-adjusted Armed Forces Qualification
Test (AFQT) score (a measure of cognitive ability).

Hill, Jane and Child Health and (Feb., 2005), pp. F29-F47
Waldfogel Development in the US
Susanne James- The Effect of Maternal | Journal of Labor Mother’s AFQT intelligence score.
Burdumy Labor Force Economics, Vol. 23, No. 1
Participation on Child | (Jan., 2005), pp. 177-211
Development
David M. Bishai Does Time Preference | Journal of Population Intelligence as measured by the Armed Forces
Change with Age? Economics, Vol. 17, No. 4 Qualification Test (AFQT).
(Dec., 2004), pp. 583-602
Nicola Persico, The Effect of The Journal of Political The earliest standardized measure of intellectual ability
Andrew Adolescent Experience | Economy, Vol. 112, No. 5 is the AFQT, an achievement test administered in
Postlewaite, Dan on Labor Market (Oct., 2004), pp. 1019-1053 | 1981, when the respondents are 16 or older.
Silverman Outcomes: The Case of
Height
Eric Gould Inequality and Ability | Labour Economics 12 For the NLSY97 sample, the IQ variable is the age-

(2005) 169189

adjusted AFQT test score which was administered to
all members in that sample.

Kai Li, Dale J.
Poirier

Bayesian Analysis of
an Econometric Model

Journal of Population
Economics, Vol. 16, No. 3
(Aug., 2003), pp. 597-625

Variables x7-xi2 capture regional and temporal effects
plus the intelligence and family income of the mother
(X7=AFQT score/mean of NLSY women).




of Birth Inputs and
Outputs

Kathy A. Paulson
Gjerde

The Existence of
Gender-Specific
Promotion Standards in
the U.S.

Managerial and Decision
Economics, Vol. 23, No. 8
(Dec., 2002), pp. 447-459

As discussed at length by Herrnstein and Murray
(1994), the AFQT is one of the most highly ‘g-loaded’
mental tests in current use, i.e., measures “general
intelligence.” In addition, AFQT scores are highly
correlated with a wide range of other mental test
scores, lending further support to their use as a
measure of [Q. For instance, Scullin et al. (2000), use
the AFQT as a proxy for IQ in examining the
relationship between general intelligence, educational
attainment, and labor market outcomes. Similarly, the
AFQT test scores serve as a proxy for general
intelligence or ability in the following analysis.
Thus, the NLSY data set provides us with the unique
opportunity to explore patterns of promotion across
multiple occupations and to link these patterns to a
measure of general intelligence or ability typically
lacking in other data sets. Like all IQ tests, the AFQT

Darlene L. Shearer,
Beverly A.
Mulvihill, Lorraine
V. Klerman, Jan L.
Wallander, Mary
E. Hovinga, David
T. Redden

Association of Early
Childbearing and Low
Cognitive Ability

Perspectives on Sexual and
Reproductive Health, Vol.
34, No. 5 (Sep. - Oct.,
2002), pp. 236-243

We based cognitive ability on a composite score
derived from the sum of four of the 10 sub-tests:
arithmetic reasoning, math knowledge, word
knowledge, and paragraph comprehension. Norms for
the composite measure—the Armed Forces
Qualifications Test (AFQT) score.

Charles Murray

IQ and Income
Inequality in a Sample
of Sibling Pairs from

The American Economic
Review, Vol. 92, No. 2,
Papers and Proceedings of

The measure of 1Q is the Armed Forces Qualification
Test, a highly g-loaded paper-and-pencil test designed
for administration to teenage students (g is the general




Advantaged Family the One Hundred factor in mental tests). In the NLSY, the average
Backgrounds Fourteenth Annual Meeting | correlation of the AFQT with classic full-scale 1Q tests
of the American Economic | administered to the NLSY sample when they were
Association (May, 2002), younger was 0.81, somewhat higher than the usually
pp. 339-343 observed correlations of those 1Q tests with each other.
The AFQT scores used in the analysis have been
normalized separately for each year's birth cohort to a
mean of 100 and a standard deviation of 15.
Jane Waldfogel, The Effects of Early Demography, Vol. 39, No. 2 | The AFQT, a measure of cognitive ability that
Wen-Jui Han, Maternal Employment | (May, 2002), pp. 369-392
Jeanne Brooks- on Child Cognitive
Gunn Development

Samuel Bowles,
Herbert Gintis,
Melissa Osborne

The Determinants of
Earnings: A Behavioral
Approach

Journal of Economic
Literature, Vol. 39, No. 4
(Dec., 2001), pp. 1137-1176

The Armed Forces Qualification Test (a cognitive test
developed to predict vocational success), intelligence
tests (e.g. AFQT). Using both the AFQT and a
heterogeneous set of IQ (and achievement) test scores,
Jencks and Phillips estimate a log earnings function
that does not condition on years of schooling. They
find an increasing return to a cognitive score between
1983 and 1993. However because they do not include
years of schooling as an earnings predictor, it is
impossible to say whether their result measures an
increased return to schooling or to cognitive
performance per se. However, Taber (1997), also using
the NLSY (and the AFQT), estimates distinct time
trends in the private return to both higher education
and to cognitive performance and finds no evidence of
an increased earnings effect of the cognitive score for
white males between 1979-91. Comparing the
covariation of AFQT scores and earnings in black men
in the years 1964 and 1980. Jencks and Phillips (1998)




find that the cognitive score is a stronger predictor of
earnings in the latter year. But as in their study just
mentioned, these estimates do not condition on the
years of schooling, so one cannot tell if these are labor
market returns to cognitive skill or a change in the
effect of cognitive skill on schooling attainment and/or
an increase in the rate of return to schooling for
individuals of identical cognitive skill.

Charlie O. Trevor

Interactions among
Actual Ease-of-
Movement
Determinants and Job
Satisfaction in the
Prediction of Voluntary
Turnover

The Academy of
Management Journal, Vol.
44, No. 4 (Aug., 2001), pp.
621-638

Cognitive ability was measured in 1980 by giving the
NLSY sample the Armed Forces Qualifications Test
(AFQT), which is a composite of four quantitative and
verbal tests (mathematical knowledge, arithmetic
reasoning, paragraph comprehension, and word
knowledge). Numerous researchers specifically
interested in cognitive ability have used the AFQT
composite from the NLSY (e.g., Ganzach, 1998).
Additionally, Bock and Moore (1986) reported the
AFQT's reliability at over .90, and Gottfredson (1986)
has characterized the cognitive ability construct as very
stable over time.

Christopher R.
Taber

The Rising College
Premium in the
Eighties: Return to
College or Return to
Unobserved Ability?

The Review of Economic
Studies, Vol. 68, No. 3 (Jul.,
2001), pp. 665-691

I next include the AFQT score in the regression to see
how much of this increase can be attributed to changes
in the payoff to cognitive ability. (Although this author
also states: Both the AFQT score and some of the
scores on other sections of the test will be used as
measures of skill that may influence both earnings and
schooling decisions.)

James J. Heckman,
Yona Rubinstein

The Importance of
Noncognitive Skills:
Lessons from the GED
Testing Program

The American Economic
Review, Vol. 91, No. 2,
Papers and Proceedings of
the Hundred Thirteenth

Recipients are as smart as ordinary high school
graduates who do not go on to college, where cognitive
ability is measured by an average of cognitive
components of the Armed Forces Qualifying Test




Annual Meeting of the
American Economic
Association (May, 2001),
pp. 145-149

(AFQT) or by the first principle component (g). By
these same measures, GED recipients are smarter than
other high school dropouts who do not obtain a GED.

Wen-Jui Han, Jane
Waldfogel, Jeanne
Brooks-Gunn

The Effects of Early
Maternal Employment
on Later Cognitive and
Behavioral Outcomes

Journal of Marriage and
Family, Vol. 63, No. 2
(May, 2001), pp. 336-354

If the effects of 1st-year employment are due to the
loss of the mothers' cognitive stimulation, then the
effects should be more pronounced for children whose
mothers have higher cognitive ability themselves. We
will test this by comparing the effects of 1st year
maternal employment for children whose mothers have
differing levels of cognitive ability (as measured by the
AFQT).

James Heckman,
Edward Vytlacil

Identifying the Role of
Cognitive Ability in
Explaining the Level of
and Change in the
Return of Schooling

The Review of Economics
and Statistics, Vol. 83, No.
I (Feb., 2001), pp. 1-12

In Cawley et al. (1997), we show that there is little
difference between general intelligence, AFQT (Armed
Forces Qualifying Test), and averages of the ASVAB
test of the sort used by Blackburn and Neumark
(1993), in terms of explanatory power in log wage
regressions.

Charles R. Tittle,
Thomas Rotolo

1Q and Stratification:
An Empirical
Evaluation of
Herrnstein and
Murray's Social
Change Argument

Social Forces, Vol. 79, No.

1 (Sep., 2000), pp. 1-28

Our measure of 1Q, the 1980 AFQT score from the
NLSY, is the same as that used by Herrnstein and
Murray...

(Although the authors also state: In using the AFQT
for testing the social change argument and alternative
interpretations of it, we are not endorsing Herrnstein
and Murray's contention that it, or any test, actually
measures we are interested in whether those attributes
or abilities, whatever they might "intelligence," innate
or otherwise. Rather, actually be, that are tapped by
measured 1Q (AFQT in this instance) predict later
status in accordance with supposed trends in
"cognitive-enhancing conditions" or "credentialing.")
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Judith R. Smith,
Jeanne Brooks-
Gunn, Pamela K.
Klebanov,
Kyunghee Lee

Welfare and Work:
Complementary
Strategies for Low-
Income Women?

Journal of Marriage and
Family, Vol. 62, No. 3
(Aug., 2000), pp. 808-821

Finally, we do not expect that a mother's limited
intellectual abilities, as measured by the Armed Forces
Qualifying Test (AFQT), will fully explain the
negative effects on child well-being of the mother's
lack of employment and her receipt of welfare benefits.
(Although these authors also state: Although the
AFQT is not an intelligence test, per se, it is highly
correlated with IQ and is a widely used measure of
adult aptitude.)

David M. Blau The Effect of Child The Journal of Human The AFQT, which is considered to be a measure of
Care Characteristics on | Resources, Vol. 34, No. 4 intelligence,
Child Development (Autumn, 1999), pp. 786-
822
Susan K. Lewis, Establishing a Sense of | Social Forces, Vol. 77, No. | Our measure of cognitive skills is based on test scores.

Catherine E. Ross,
John Mirowsky

Personal Control in the
Transition to
Adulthood

4 (Jun., 1999), pp. 1573-
1599

In some cases schools reported the teen's score and
percentile rank on one or more intelligence or aptitude
tests in 1979. If these were available, we took the mean
of the student's percentile ranks on the reported tests. If
not, we used the student's percentile rank on the Armed
Forces Qualification Test (AFQT), which was
administered to all respondents interviewed in 1980

Guang Guo, Leah
K. VanWey

Sibship Size and
Intellectual
Development: Is the
Relationship Causal?

American Sociological
Review, Vol. 64, No. 2
(Apr., 1999), pp. 169-187

AFQT (a cognitive test)

Yoav Ganzach

Intelligence and Job
Satisfaction

The Academy of

Management Journal, Vol.

41, No. 5 (Oct., 1998), pp.
526-539

The measure of intelligence was derived from
respondents’ test scores on the Armed Forces
Qualifying Test (AFQT). This test was administered to
groups of five to ten respondents between June and
October 1980; respondents were compensated, and the
overall completion rate was 94 percent. The
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intelligence score was the sum of standardized scores
on four tests: arithmetic reasoning, paragraph
comprehension, word knowledge, and mathematics
knowledge. However, since this score was correlated
with age (r = .21), I standardized it within each age
group to obtain an age-independent measure of
intelligence.

Guang Guo

The Timing of the
Influences of
Cumulative Poverty on
Children's Cognitive
Ability and
Achievement

Social Forces, Vol. 77, No.
I (Sep., 1998), pp. 257-287

Mother’s cognitive ability, AFQT, is a strong ...

Joel Myerson,
Mark R. Rank,
Fredric Q. Raines,
Mark A. Schnitzler

Race and General
Cognitive Ability: The
Myth of Diminishing
Returns to Education

Psychological Science, Vol.
9, No. 2 (Mar., 1998), pp.
139-142

In conducting a test of Herrnstein and Murray's
diminishing-returns hypothesis, we used the same data
set as they did; the same approach to the selection of
respondents, construction of variables, and modeling
techniques; and the same test of general cognitive
ability, the Armed Forces Qualification Test (AFQT),

Virginia W. Knox

The Effects of Child
Support Payments on
Developmental
Outcomes for
Elementary School-
Age Children

The Journal of Human
Resources, Vol. 31, No. 4
(Autumn, 1996), pp. 816-
840

The Armed Forces Qualification Test was administered
to NLSY respondents in 1980. It is computed from
Arithmetic and Reading sections of the Armed
Services Vocational Aptitude Battery, which is an
intelligence test used for pre-enlistment screening by
the Armed Forces (Baker and Mott, 1989).

Tom Luster,
Harriette Pipes
McAdoo

Factors Related to the
Achievement and
Adjustment of Young
African American
Children

Child Development, Vol. 65,
No. 4 (Aug., 1994), pp.
1080-1094

Maternal intellectual ability was measured with the
Armed Forces Qualification Test (AFQT), which was
administered to the mothers during the 1980 phase of
the study.
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Donald S. Kenkel,
David C. Ribar,
Philip J. Cook,
Sam Peltzman

Alcohol Consumption
and Young Adults'
Socioeconomic Status

Brookings Papers on
Economic Activity.
Microeconomics, Vol. 1994,

(1994), pp. 119-175

By results from a standardized intelligence test, the
Armed Forces Qualification Test (AFQT)

Toby L. Parcel, Early Parental Work, The American Journal of Maternal cognitive skills...This concept is measured
Elizabeth G. Family Social Capital, | Sociology, Vol. 99, No. 4 by the Armed Forces Qualifying Test (AFQT), 1980.
Menaghan and Early Childhood (Jan., 1994), pp. 972-1009

Outcomes
Tom Luster, Robert | Infant Affect and Journal of Marriage and Maternal intelligence was assessed in 1980 with the

Boger, Kristi

Home Environment

Family, Vol. 55, No. 3

Armed Forces Qualification Test (AFQT),

Hannan (Aug., 1993), pp. 651-661
Mark R. Maternal Expectations | The Journal of Human Height and intelligence (AFQT) test sc