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A B S T R A C T

Using Swedish population data, we document that girls outperform boys by a third of a standard deviation in
school grades, whereas a gap of similar magnitude but opposite sign persists in SAT scores in the sample of
non-randomly selected test takers. We establish that grades capture different attributes than SAT scores, which
accounts for much of the variation in gender gaps. A model of SAT participation illustrates how women’s
greater participation—driven by traits not rewarded by higher scores—leads to their negative selection on
observed and unobserved traits. We explore the quantitative importance of this mechanism and conclude that
while selection is important, it fails to account for a substantial fraction of the gender gap in SAT scores,
suggesting the possibility that the SAT penalizes women.
1. Introduction

Women outnumber men in university attendance rates in most
OECD countries (Goldin, Katz, & Kuziemko, 2006). Girls systematically
outperform boys in compulsory and high school grade point averages
(GPAs), and are less likely to drop out of high school (Murnane,
2013; OECD, 2017; SCB, 2017). However, gender gaps in measured
performance vary with assessment format, which remains a puzzle. In
particular, despite the female advantage in overall GPAs from school,
men tend to perform at least as well on standardized achievement
tests (see for instance Duckworth & Seligman, 2006).

Using administrative data on the Swedish population spanning
twenty cohorts, this paper documents that female students, on average,
outperform male students on both compulsory school and high school
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an essay component.
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4 See the discussion of related literature at the end of the introduction.
5 This issue arises also when interpreting gender differences in STEM enrollment, given the gender gap in overall university enrollment. See for instance Ahn,

Arcidiacono, Hopson, and Thomas (2015) and Card and Payne (2017).

GPAs by about a third of a standard deviation. At the same time, the
reverse is true for the Swedish SAT, where female test takers under-
perform relative to male test takers by a third of a standard deviation.2
The pattern of a flipped gender gap across school GPAs and SAT scores
is stable across cohorts. There is also a sizeable gender gap in within-
individual score differences between GPA and SAT.3 This variation
in gender gaps is more pronounced than what has previously been
documented. At the same time, the Swedish setting provides uniquely
rich data and thus an excellent opportunity to evaluate potential
explanations.

We test for two possible explanations for the flipping gender gap
across GPAs and SAT scores. First, we investigate whether school gr-
ades capture different individual attributes or skills than do SAT scor-
es, and to what extent students’ skill endowments can account for
the gender gaps. This is motivated by existing evidence suggesting th-
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at relative to standardized achievement tests, course grades are more
strongly associated with personality traits like conscientiousness, which
is generally higher in girls than in boys.4

Second, we ask to what extent the gender gap in SAT scores is a
esult of non-random selection into taking the test. Typically, less than
0 percent of a student cohort take the SAT, with women participating
t a 7-percentage-point higher rate than men. In such a setting, gender
aps in outcomes cannot be taken at face value, as the gaps in relevant
raits among the selected group of test takers may differ from the gaps
n the population.5

We test these potential explanations for the flipped gender gaps
cross assessment formats—and explore their broader implications—
sing uniquely rich data on traits, grades and scores, as well as long-run
ducational and labor market outcomes. We obtain data on cognitive
kills, motivation, and study effort measured at ages 13 and 16 from
representative 10-percent sample of Swedish students born in 1992.
e link this sample to population-wide individual-level data on com-

ulsory school and high school GPAs (measured at ages 16 and 19,
espectively) as well as SAT scores (typically measured at ages 19–20),
niversity graduation, and earnings later in life.

We find that cognitive skills, motivation, and effort are strongly
ositively related to compulsory school GPA (CSGPA) and high school
PA (HSGPA). SAT scores are more informative about cognitive skills

han are GPAs, but they show no correlation with motivation or effort.6
hese results extend to alternative measures of cognitive and non-
ognitive skills which are available for a much larger sample and a
reater number of cohorts: The skills of students’ fathers measured at
ilitary enlistment, used as proxies for students’ own skill.7

A pronounced female advantage in motivation and study effort
ccounts for over 60 percent of the female advantage in CSGPA, and
or 30 percent of the difference in HSGPA. Turning to the gender gap
n SAT scores, we find that among the selected sample of SAT takers,
en have higher cognitive skills than women, especially along the
imensions rewarded in the test. These differences account for more
han 40 percent of the female disadvantage in SAT scores.8 Moreover,
e find that women are 7 percentage points more likely to take the SAT

han men, which appears largely driven by their higher motivation.
To better understand the impact of selection on the SAT gender gap,

e formally model the choice of taking the SAT. In the model, the
tility of taking the test depends positively on expected test scores and
egatively on preparation costs, and some traits that affect costs may
ot affect test scores and vice versa. Our model illustrates that lower
ognitive skills among participating female students are consistent with
tility-maximizing behavior given the female advantage in attitudinal
ttributes. The same mechanism implies that female SAT participants
re also negatively selected on unobservable skills. We quantify the se-
ection mechanism using a parametric approach—estimating the model
n the data from the 1992 cohort study—as well as a non-parametric
pproach relying on an ‘identification at infinity’ argument (Chamber-
ain, 1987; Mulligan & Rubinstein, 2008). Both approaches lead to the

5 This issue arises also when interpreting gender differences in STEM
nrollment, given the gender gap in overall university enrollment. See for
nstance Ahn et al. (2015) and Card and Payne (2017).

6 Throughout the paper, we are interested in the information content and
redictive power of grades and SAT scores. Thus, our focus is on characterizing
onditional correlations, and we do not claim a causal interpretation (in this
e follow existing literature, see for instance Borghans, Golsteyn, Heckman,
Humphries, 2016, p.13354). Nevertheless, our results have direct policy

elevance given the role that these measures play for sorting students in the
ducation system.

7 Grönqvist, Öckert, and Vlachos (2017) show that the intergenerational
orrelation of cognitive and non-cognitive skills between fathers and sons is
.32–0.35 and 0.2, respectively, using Swedish military enlistment data.

8 In the representative sample as a whole there are no gender differences
n cognitive skills, so cognitive skills do not help explain the female advantage
n GPAs.
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conclusion that selection on unobserved factors is important, but falls
short of accounting for the entire gender gap in SAT scores.

Given that GPAs and SAT scores reflect different traits, the ques-
tion arises which of the measures should get greater weight in the
university admission process. While the answer ultimately depends
on universities’ objective functions, we contribute relevant evidence
by examining later-life outcomes. We document that the HSGPA is a
stronger predictor of graduation—as well as of earnings—than SAT
scores, which implies a student pool with greater preparedness using
the former instrument. To better understand the origins of these corre-
lations, we assess the relationships between skills, college graduation,
and earnings using a representative sample of students born in 1982.
Results from this exercise suggest that grades may be a better predictor
for graduation and earnings, relative to SAT scores, at least in part
because they reflect more of the traits that predict these outcomes.

We contribute to existing work seeking to explain gender gap vari-
ation across different types of assessments. Duckworth and Seligman
(2006) find that a female advantage in self-discipline among eight-
graders in the US accounts for a larger portion of the female dominance
in report card grades than in achievement test scores. Similarly, Corn-
well, Mustard, and Van Parys (2013) find that non-cognitive factors
account for a female advantage in teacher assessed grades among
primary school students in the US. There is also some evidence of men
outperforming women on tests measuring quantitative skills (see for
instance Ellison & Swanson, 2018; Fryer Jr & Levitt, 2010).9 ,10 Our
paper is also related to the literature that documents which traits are
reflected by different assessment types. Borghans et al. (2016) find
that in data from the US, the Netherlands, and the UK, personality
traits are more predictive of school grades and later-life outcomes than
IQ, whereas IQ is more predictive of performance on standardized
achievement tests (see also Heckman & Kautz, 2012). However, they
do not explore gender differences.11

Our contribution can be summarized as follows. First, we simul-
taneously explore gender gap variation across assessment types and
investigate the predictive power of the various assessments for later-
life outcomes. In doing so, we establish that assessments that favor
girls are also more predictive of college graduation and earnings.
Second, we contribute to the understanding of gender gaps in school
performance. While the existence of such gaps is widely documented,
less is known about the origins of these gaps. Our analysis uncovers
key factors contributing to the gender gradient in schooling outcomes,
and offers some topics for future research, for example, the evolution
of gender gaps in non-cognitive traits over the life cycle. Third, using
fathers’ skills additionally allows us to generalize our results to a much

9 This is particularly puzzling as there appears to be no systematic gender
ifference in numerical ability at young ages (Kersey, Braham, Csumitta,
ibertus, & Cantlon, 2018), nor in regions or countries with a more gender-
qual culture (Gevrek, Neumeier, & Gevrek, 2018; Guiso, Monte, Sapienza,

Zingales, 2008; Pope & Sydnor, 2010). Some evidence, however, points to
reater variance in test scores in the male population (see, for instance Machin
Pekkarinen, 2008).

10 Fortin, Oreopoulos, and Phipps (2015) document a shift in the mode of
irls’ high school GPA from B to A that occurred between the 1980s and
000s in the US, leaving boys behind, and conclude that gender differences
n expectations for attending higher education are the most important factors
ccounting for this trend.
11 Our findings also have some parallels to the GED testing program in the
S, whose aim is to facilitate labor market entry of high school dropouts.
he GED captures cognitive skills, but fails to capture important non-cognitive
kills that are valued in the labor market and predict college graduation:
ontrolling for cognitive ability, GED recipients appear to earn less, have

ower hourly wages, and obtain lower levels of schooling than other high
chool dropouts (Cameron & Heckman, 1993; Heckman, Humphries, & Kautz,
014; Heckman & Rubinstein, 2001). Thus, standardized achievement tests as
orting instruments, in particular if subject to self-selection, appear to favor
ndividuals with higher cognitive skills but lower non-cognitive skills.
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larger sample than is typically studied in this literature. Fourth, we
provide a comprehensive characterization of the selection mechanisms
underlying participation in a standardized achievement test. Finally,
our results are directly relevant to the university admission process,
whereas previous literature largely focused on assessments that are
not actually part of the admission criteria. We inform and connect the
debates on the role of standardized testing in university admissions as
well as on the policy implications of changing skill requirements in the
labor market.

The remainder of the paper is organized as follows. We describe
in Sections 2 and 3 our institutional setting and data, respectively.
Section 4 documents the variation in gender gaps across the various
assessment formats, investigates whether different assessment formats
capture different attributes, and whether this can account for the
variation in gender gaps. Section 5 presents a model of self-selection
into taking the SAT, and data-driven simulations of the model that
allow us to quantify the importance of selection for the gender gap in
test scores. Section 6 explores later-life outcomes. Section 7 concludes
the paper with a discussion of what may explain the part of gender gap
variation that we cannot account for, as well as a discussion of policy
implications.

2. Setting

The Swedish education system consists of nine years of compulsory
schooling, followed by three years of (voluntary) high school, the
completion of which is required for university eligibility. All students
follow the same curriculum in compulsory school, while there is a
range of high school programs, both vocational and academic. The
vocational tracks include academic subjects (such as mathematics, En-
glish, and Swedish) granting access to a subset of university programs.
For oversubscribed high school programs, slots are allocated among
applicants based on compulsory school GPA (CSGPA). Similarly, slots in
oversubscribed university programs are allocated based on high school
GPA (HSGPA) and SAT scores through a centralized process. In the case
of oversubscribed programs, Swedish universities are legally required
to fill at least one third of slots based on a GPA ranking, and at least
one third of slots based on an SAT ranking.

The SAT is voluntary, but nevertheless a high stakes test given the
admission process. For instance, all medical programs in Sweden typi-
cally require the top score on the SAT or a HSGPA exceeding the mean
by more than two standard deviations. Aside from medical programs,
the top score on the SAT is a sufficient condition for admission to
nearly all university programs in Sweden. In general, a higher SAT score
expands the set of programs that a student has access to, especially for
students with a relatively low HSGPA (Graetz, Öckert, & Skans, 2020).

The assessment formats producing CSGPA, HSGPA, and SAT scores
differ along several dimensions, as summarized in Table 1. Apart from
natural differences in purpose, participation requirements, and timing,
it is noteworthy that both CSGPA and HSGPA are based on more than a
dozen separate written and oral assessments occurring during periods
of several years.12 ,13 In addition to written exams, school grades can
be based on several other test formats. For the majority of cohorts
studied in this paper, the grading system is a criterion-referenced
grade scale. According to the Swedish National Agency for Education
(Skolverket), the grades should reflect the students’ acquired skills and
knowledge based on a holistic assessment of written examinations, lab

12 Indeed, CSGPA and HSGPA in Sweden do not solely reflect final-year
ssessments, so that incentives to work hard are present also during earlier
ears.
13 Regarding participation, about 80–90 percent of compulsory school grad-
ates continue on to high school, while the fraction of SAT takers is lower at
0–50 percent. Female students are slightly more likely to finish high school,
hile they are substantially more likely to take the SAT, as we discuss further
3

elow.
reports, in-class discussions, oral presentations etc. Thus, teachers have
considerable discretion in setting questions for tests underlying the
GPAs as well as in setting the course grades that go towards the final
GPA.

In contrast, the Swedish SAT is a centralized test administered by
the Swedish Council for Higher Education, with the same questions
faced by all students on a given test date. It is designed based on the
American SAT (SOU, 2004), but differs from the latter in that it does
not contain an essay component. The Swedish SAT takes place twice
a year and involves 120–150 multiple-choice questions. Unlike in the
case of GPAs, grading of the SAT is done blindly, and the multiple-
choice format rules out any discretion. There is no negative marking,
as each correct answer is rewarded with one point, and wrong answers
yield zero points. Students may repeat the SAT, and only the best score
counts at university admission.

All assessment formats that we consider have in common that they
test for knowledge in various areas. GPAs are based on subjects tests
including math, Swedish, and English. The SAT has two parts, one
testing for language, and one testing for numerical skills.

3. Data

We use two main data sources for our analyses. To document
gender gap variation across assessment formats in Sweden, we use
population-wide individual-level administrative registers. These data
include year and country of birth, gender, grade point averages (GPAs)
from compulsory and high school, SAT scores, and parents’ educational
attainment and country of birth. Our data cover the compulsory school
graduation cohorts of 1993–2012, corresponding to birth cohorts 1977–
1996 as students typically graduate from compulsory school at age 16.
Given that the typical high school graduation age is 19 and that most
students take the SAT around the time of high school graduation, this
leads us to focus on high school graduations and SAT tests during the
years 1996–2015.14 Among the students who have ever taken the SAT,
about half have taken the test more than once (Graetz et al., 2020). For
repeaters, we use the results from the first test throughout. We have
checked that our results are robust to using the highest life-time score
instead. We standardize GPAs and SAT scores within each cohort.

To explain gender gap variation across assessment formats, we use
data on cognitive skills, attitudes, and behaviors from the Evalua-
tion Through Follow-up (UGU) study (in Swedish: Utvärdering Genom

ppföljning), conducted by the Department of Education at Göteborg
University. These data contain a 10-percent stratified random sample of
students born in 1992, which corresponds to some 10,000 individuals.15

Due to non-response in the survey, our final sample consists of roughly
4,300 individuals. The UGU data further include sampling weights to
allow nationally representative statistics. We adjust these weights to
make the final sample representative in terms of gender, immigrant
status, and compulsory school GPA decile.

The UGU data contain detailed information on cognitive skills ob-
tained during grade 6 (about age 13). The cognitive tests measure
inductive (number sequences), spatial (plate folding), and verbal (syn-
onyms and opposites) skills. We use these detailed measures as well as a

14 In our final sample, the maximum time between graduating from compul-
sory school and taking the SAT is seven years, and most individuals take the
SAT within four years from compulsory school graduation.

15 The UGU study performs a two-stage stratified cluster sampling, where
municipalities are drawn at random in the first stage, and catchment areas
within municipalities in the second stage. All students in the relevant cohort
of the included catchment areas are covered in the sample. The UGU data
contain 10 percent random samples of nine cohorts born between 1948 and
1998. While the cognitive tests are identical across the samples, the survey
questions do not overlap. Therefore, we focus here on one cohort for which
we have relevant data on traits, and for which we also have data on GPAs and
SAT scores.
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Table 1
Overview of assessments.

CSGPA HSGPA SAT

Purpose Progression to HS Progression to university

Participation Compulsory Voluntary Voluntary
Timing Years 7–9 Years 10–12 Usually year 12+
Number of tests 15+ 15+ 1, may repeat
Format Written & oral Written & oral Multiple choice
Content Mixed Mixed Mixed
Teacher discretion in choosing content ✓ ✓ ✗

Blind grading ✗ ✗ ✓

Teacher discretion in grading ✓ ✓ ✗
composite index obtained by principal component analysis. In addition
to cognitive tests, the UGU study includes a comprehensive question-
naire to elicit students’ motivation and time spent on homework. Using
principal component analysis we create three measures of motivation: a
general one that captures students’ motivation to work towards getting
admitted to a high-quality university program, achieving higher pay,
becoming a productive member in society, etc.; a subject-specific one
capturing students’ interest and motivation to learn different school
subjects (such as maths and reading); and a composite index combining
the two. Our measure of effort exerted is the time spent on homework
that the students report. Unlike cognitive skills, which are only tested
in grade 6, students are asked to fill in the questionnaire twice, during
grade 6 and grade 9. For reasons we explain below, we mostly use the
grade 9 responses in our analysis.16

The UGU data has gone through multiple waves. We collected
ata also for a random sample of students born in 1982 to shed
ight on whether the relationships between skills, grades, and test
cores generalize across samples. Another advantage of the 1982 wave
f the cohort study is that it allows us to explore the relationships
etween teenage cognitive skills and attitudes and earnings later in life.
he 1982 UGU wave, however, only administered the questionnaire
liciting attitudinal measures once; in sixth grade.

To complement the UGU measures, we use military enlistment data
o explore whether the relationships between attributes and scores
eneralize when using a different data source for measuring skills.
hese data contain measures of cognitive skills, as well as non-cognitive
psychological) ability, available for more than 90 percent of Swedish
ales born 1955–1985 who were subject to military conscription and
nderwent extensive enlistment examinations. The cognitive test con-
ists of four parts: synonyms, inductions, plate folding, and technical
omprehension. The non-cognitive measure is based on behavioral
uestions capturing psychological energy (e.g. focus), intensity, and
motional stability (stress tolerance). Thus, while the cognitive tests are
ighly similar across the UGU and the military enlistment data, the non-
ognitive tests are not likely to capture the same traits across the two
ests. Importantly, however, both types of measures from the Swedish
nlistment data are predictive of labor earnings and employment (see
.g. Fredriksson, Hensvik, & Skans, 2018; Lindqvist & Vestman, 2011).
s these data contain only a small number of female volunteers, and
ue to the limited overlap with the birth cohorts we focus on, we
se fathers’ enlistment scores as a proxy for their children’s cognitive
nd non-cognitive skills.17 Employed in this way, the enlistment scores
re thus balanced across genders in the population, limiting their
otential for explaining gender gaps in grades and SAT scores. They are
evertheless useful for examining which skill dimensions are captured

16 The complete questionnaire underlying the attitudinal measures can be
ound in Appendix B.
17 Grönqvist et al. (2017) show that the correlation between fathers and sons

s 0.32–0.35 for cognitive skills and 0.2 for non-cognitive skills in the Swedish
nlistment data. The authors also use cognitive scores from the UGU data in
n IV strategy to correct for measurement error in fathers’ abilities, by which
4

he correlation increases to 0.42 for cognitive and non-cognitive abilities.
by GPAs and SAT scores. The analysis using fathers’ enlistment scores
covers the cohorts of students born 1990–1996 (for whom there is high
coverage of fathers’ scores).

Finally, we use college graduations and earnings data from 2014—
obtained from Statistics Sweden’s LISA database—which we merge with
data on grades and SAT scores for the full samples of students and
SAT takers, as well as with cognitive and attitudinal scores for the
representative sample of 1982-born students in the UGU database.

Summary statistics. We take a first look at the UGU data for the 1992
cohort in Table 2. All measures of cognitive skills, motivation, and
effort are standardized to have zero mean and unit variance within
the final estimation sample. The first four columns describe the full
sample. Among all surveyed students, the gender difference in overall
cognitive skills is negligible. There are however systematic differences
in the individual components, with girls scoring higher than boys on
spatial skills by a quarter of a standard deviation, but scoring lower on
inductive skills by about 0.1 standard deviations. In contrast, measures
of motivation and effort (measured in grade 9) all display a strong
female advantage ranging from 0.24–0.43. The table also includes three
variables merged in from population registers: mother’s and father’s
education, and whether the student eventually takes the SAT. Parental
education does not display a gender gap in the full sample. The fraction
of SAT takers is however 25 percent (7 percentage points) higher
among female students compared to their male peers. The gender gap
in SAT participation is of the same size in the population, and is largely
stable over time (see Figure A1).

The last four columns of Table 2 describe the cognitive skills,
attitudes, and parental background of SAT takers. Within this selected
sample, there is a striking male advantage in all components of cogni-
tive skills except spatial skills, where a female advantage remains but
is muted compared to the full sample. Gender gaps in motivation and
effort are nearly identical to those in the full sample. Finally, parental
education, like cognitive skills, turns from balanced in the full sample to
favoring male students in the SAT sample. The differential self-selection
by gender into taking the SAT is arguably closely related to the higher
participation among female students, as well as their higher motivation,
and promises to go some way in explaining the gender gap in SAT
scores. We will investigate these issues in detail in the remainder of
the paper.

As explained above, the 1992 UGU study asked students to fill in
the questionnaire twice, during grade 6 and grade 9. In contrast to
the grade-9 measures, there are no systematic gender differences in
motivational measures elicited during grade 6 (see panel A of Table
A5). Girls have an advantage in subject-specific motivation and time
spent on homework (but less pronounced than in grade 9), while boys
display higher school-specific motivation. The same pattern holds true
for students in the UGU 1982 cohort (see panel B of Table A5). Thus,
the gender gap in attitudinal measures opens up over time. While
it is beyond the scope of this paper to examine the causes of the
increasing gradient in attitudinal measures between boys and girls over
the educational life cycle, we discuss this issue in greater detail in
Appendix C.

Because there are no systematic gender differences in grade-6 attitu-

dinal measures, they would not help explain the gender gaps in grades
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Table 2
Descriptive statistics.

All SAT takers

Female Male Difference 𝑡-stat Female Male Difference 𝑡-stat

Cognitive skills, comp. index 0.016 −0.015 0.031 1.00 0.32 0.47 −0.16 −3.63
Inductive skills −0.047 0.044 −0.091 −3.00 0.23 0.50 −0.27 −6.39
Spatial skills 0.12 −0.11 0.24 7.76 0.32 0.16 0.16 3.74
Synonyms skills −0.076 0.073 −0.15 −4.90 0.16 0.46 −0.30 −6.90
Verbal opposites skills 0.051 −0.049 0.100 3.28 0.28 0.36 −0.077 −1.71
Motivation, comp. index 0.16 −0.15 0.32 10.5 0.44 0.13 0.31 7.93
Motivation(subject-specific) 0.17 −0.16 0.34 11.2 0.40 0.14 0.26 6.92
Motivation(general) 0.13 −0.13 0.26 8.59 0.39 0.099 0.29 7.11
Time spent on homework 0.22 −0.21 0.43 14.3 0.49 0.0091 0.48 10.4
Mother graduated college 0.20 0.21 −0.0070 −0.57 0.27 0.33 −0.058 −2.79
Father graduated college 0.14 0.14 −0.00070 −0.064 0.20 0.24 −0.042 −2.23
Took SAT 0.40 0.33 0.071 4.87 1 1 0
Observations 4,294 1,914

Notes: The table shows summary statistics for the representative sample of students born in 1992 in the UGU database, and the sub-sample of those students who participated
n the SAT. Attitudinal scores (motivation and study effort) are here drawn from the grade 9 survey, whereas cognitive skills are measured in grade 6. For the corresponding
ttitudinal measures elicited in grade 6 for the same sample of individuals used in the present table, see Table A5 in the Appendix (the same table also contains the corresponding
tatistics for the representative sample of students born in 1982). The motivational variables in the grade 6 and grade 9 surveys, and in the 1982 and 1992 samples, do not fully
verlap; see Table A3 for availability of the different sets of attitudinal measures across grades and cohorts.
r SAT scores, and therefore we focus on attitudinal measures elicited in
rade 9. Nevertheless, the grade-6 attitudinal measures from both the
992 and 1982 cohort studies are useful in studying whether results
ith respect to what grades and test scores capture are generalizable.
e return to these sensitivity analyses below.

. Documenting and explaining gender gap variation across as-
essment formats

We begin the presentation of our main results by documenting gen-
er gaps in school grades and SAT scores in Section 4.1. We then show
hat the various assessment formats capture different traits (Section 4.2)
nd explore whether gender differences in traits can account for the
ariation in gender gaps (Section 4.3). We examine the gender gap
n SAT participation, as well as the predictors of taking the test, in
ection 4.4. Section 4.5 repeats our main analysis, as far as possible,
or attitudinal measures elicited in grade 6, as well as for the 1982
GU cohort. Section 4.6 explains why the interpretation of our results
s conditional correlations is both informative and policy relevant.

.1. Documenting gender gaps across assessment formats

Fig. 1 reports standardized test scores and grades over time, by
ender (the means plotted in the figure, along with their standard
rrors, are listed in Table A1). Female students typically outperform
ale students on both compulsory school GPA (CSGPA) and high school
PA (HSGPA) by about a third of a standard deviation (average gaps of
.34 and 0.37 for CSGPA and HSGPA, respectively). But the reverse is
rue for the SAT, where women under-perform by a third of a standard
eviation (an average gap of −0.32). These gaps are largely stable over
ime, with the exception of the narrowing of the HSGPA gap in 2011
nd the widening of the SAT gap also in 2011.18

The gaps are present across the score distributions: across deciles
of CSGPA and HSGPA the fraction of female students (and hence the
chance that a female student scores in a given decile) increases nearly
monotonically, but decreases monotonically across deciles of the SAT;
and the average SAT score of men is higher than that of women at

18 Although these shifts, which both favor male students, coincide in timing,
hey were likely caused by two separate changes: a grading reform affecting
he HSGPA gap, and an expansion of the quantitative section of the SAT. It is
eyond the scope of this paper to investigate this issue.
5

all deciles of CSGPA and HSGPA (see Figures A2 and A3).19 There is
also a sizeable gender gap in within-individual score differences. For
each student in the UGU sample who took the SAT at least once, we
calculate the difference between their first SAT score and their CSGPA,
and between the SAT score and the HSGPA. This difference is 0.5 less on
average for women than men, in both the SAT-CSGPA and SAT-HSGPA
comparisons—see Table A4.20

4.2. What attributes do GPAs and SAT scores capture?

A potential explanation for the flipping gender gaps just docu-
mented could be that grades and SAT scores capture different traits that
are unevenly distributed across gender. Here we explore which traits
the different assessment formats reveal.

Panel A of Fig. 2 plots standardized indices of cognitive skills and
motivation, respectively, against deciles of various scholastic assess-
ments at older ages for our UGU sample, which is representative of the
1992 birth cohort. Both sets of attributes are strongly positively related
to CSGPA and HSGPA: There is a two standard deviation difference in
cognitive skills, and a one standard deviation difference in motivation,
between the bottom and top deciles of the CSGPA. For the HSGPA,
the differences between bottom and top are 1.5 for cognitive skills,
and 0.5 for motivation. SAT scores are even more strongly informative
about cognitive skills, with a greater than two standard deviation gap
between bottom and top deciles. However, motivation shows no corre-
lation with SAT scores.21 Furthermore, we note that CSGPA and HSGPA
reflect the sub-components of cognitive skills (as well as motivation
and effort) in a relatively uniform way. In contrast, SAT scores reflect
verbal skills to a greater extent than inductive and spatial skills (see
Figure A4).

19 In the working paper version of this paper (Graetz & Karimi, 2019), we
investigate gender gaps in subject scores across assessment formats. In terms
of both school grades and SAT scores, boys do better in quantitative areas than
languages. Gender gaps also flip within subject: For instance, girls have a 0.1
advantage in CS math, but a 0.5 disadvantage in the quantitative part of the
SAT.

20 It is also worth noting that despite the flipping gender gaps, the
individual-level correlations between GPAs and SAT scores are quite similar
across the genders (CSGPA, HSGPA, and SAT scores are all strongly positively
correlated—see Table A2).

21 The fact that motivation was measured three years prior to taking the
SAT is not a likely explanation for this zero-correlation, since motivation does
have predictive power for the HSGPA, and most students take the SAT around
the time of high school graduation.
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Fig. 1. Standardized scores over time, by assessment format and gender.
In Panel B of Fig. 2, we show that the relationships between at-
ributes and scores generalize when using a different data source for
easuring skills, namely cognitive and non-cognitive tests administered

t the military enlistment. Recall from Section 3 that cognitive skills
licited at military enlistment refer to essentially the same concepts
s those from the UGU data, while the non-cognitive skills differ from
he attitudinal measures in the UGU survey. There is a one standard
eviation difference in (fathers’) cognitive and non-cognitive skills
etween the bottom and top decile of (own) CSGPA, and roughly half a
tandard deviation difference in both types of skills between the bottom
nd top deciles of HSPGA. There is a larger than one standard deviation
ifference in cognitive skills between the bottom and top deciles of
AT scores, while the corresponding difference in non-cognitive skills is
ess than half a standard deviation. (Father’s non-cognitive skills have a
mall negative association with SAT scores when controlling for father’s
ognitive skills—results are available on request.)

The overall patterns in Fig. 2 thus suggest that school-level assess-
ents test for different attributes than the SAT. In particular, GPAs

re highly informative about students’ motivation and non-cognitive
kills, while the SAT scores are not.22 Recall that girls exhibit higher
otivation than boys and report spending more time on homework

Table 2). The gender differences in cognitive skills are less systematic
n the representative sample, but they favor male students in the sub-
ample of SAT takers. Taken together, this suggests that differences
n the attributes that are tested for, together with gender differences
n endowments, may go some way towards explaining the flipping
ender gap. We investigate this issue in the next sub-section. It should
e noted, however, that the relationships between SAT scores and
ttributes that we observe in the data—necessarily restricted to the
ample of test takers—may be different from those that would prevail in
he whole population, in the counterfactual scenario of everyone taking

22 The relationships between attributes and scores shown in panel A of Fig. 2
o not vary by gender, see Figure A5.
6

the SAT. We explore this issue in Section 5, where we also assess the
role of unobservables in accounting for the SAT gender gap.

4.3. The explanatory power of gender differences in the endowments of
attributes

Table 3 contains the main results of this paper. Working with the
sample of 1992-born students from the UGU survey, we first regress
GPAs and SAT scores on only a female indicator, which shows that the
gender gaps in this sample are very similar to those in the population—
see columns (1), (5), and (9) of Table 3, and compare to the population
numbers in Fig. 1. Next, we add four components of cognitive skill
on the right-hand side. In terms of standardized coefficients, inductive
skills are most predictive of both CSGPA and HSGPA, with the other
three components spatial, synonyms, and verbal opposites skills being
less than half as important, although they still have predictive power
(columns (2) and (6) of Table 3). Given the lack of systematic gender
differences in these attributes, adding cognitive skills does not affect
the gender gaps in GPAs.

Motivation and time spent on homework are both highly predictive
of CSGPA and HSGPA (columns (3) and (7) of Table 3). This, together
with the fact that female students exhibit higher motivation and effort
(time on homework), implies that these measures account for a large
portion of the gender gaps: over 60 percent in the case of CSGPA, and
one third in the case of HSGPA.

A summary index of cognitive skills suggests no substantial differ-
ences in their importance across GPAs and SAT scores (Fig. 2). How-
ever, there are such differences when it comes to the sub-components.
Similar to the unconditional relationships discussed above, the most
predictive for SAT scores among them are synonyms skills and verbal
opposites skills, followed by inductive skills; spatial skills are relatively
unimportant. But among SAT takers in this sample, spatial skills is the
only component of cognitive abilities where female students have an
advantage (Table 2). Taken together, the four components of cognitive

skills account for more than 40 percent of the gender gap in SAT scores



Economics of Education Review 91 (2022) 102313G. Graetz and A. Karimi
Fig. 2. Test scores, cognitive skills, motivation, and father’s skills.
among self-selected SAT takers (column (10) of Table 3). However, gen-
eral motivation and effort are slightly negatively correlated with SAT
scores, while school-specific motivation is slightly positively correlated.
Overall, adding these variables has no effect on the gender gap in SAT
scores, see column (11) of Table 3. The conclusions that motivation and
effort help explain the gender gaps in GPAs, and cognitive skills help
explain the gender gap in SAT scores do not change when we enter
7

these sets of variables jointly, as shown in columns (4), (8), and (12)
of Table 3.23

23 We also find that the gender gap in within-individual score differences is
accounted for in part by cognitive skills, motivation, and effort. These variables
are capable of explaining one third of the gender gap in the CSGPA-SAT
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Table 3
The explanatory power of cognitive skills and motivation.

Compulsory school GPA High school GPA SAT

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Female 0.32 0.32 0.13 0.14 0.31 0.32 0.22 0.24 −0.33 −0.19 −0.30 −0.20
(0.047) (0.042) (0.044) (0.039) (0.045) (0.041) (0.045) (0.042) (0.052) (0.033) (0.054) (0.034)

Inductive skills 0.27 0.24 0.20 0.18 0.19 0.19
(0.026) (0.022) (0.025) (0.024) (0.020) (0.020)

Spatial skills 0.091 0.097 0.062 0.069 0.077 0.074
(0.021) (0.018) (0.023) (0.023) (0.019) (0.019)

Synonyms skills 0.11 0.11 0.087 0.089 0.28 0.27
(0.038) (0.033) (0.032) (0.031) (0.026) (0.026)

Verbal opposites skills 0.16 0.16 0.12 0.12 0.25 0.25
(0.028) (0.024) (0.031) (0.030) (0.023) (0.023)

Motivation (general) 0.18 0.20 0.10 0.11 −0.12 −0.024
(0.030) (0.022) (0.029) (0.026) (0.042) (0.021)

Motivation (subject-specific) 0.16 0.097 0.066 0.019 0.17 0.073
(0.027) (0.024) (0.027) (0.024) (0.032) (0.022)

Time spent on homework 0.21 0.21 0.12 0.13 −0.083 −0.013
(0.019) (0.016) (0.022) (0.020) (0.022) (0.016)

R-squared 0.03 0.31 0.23 0.48 0.02 0.16 0.07 0.20 0.04 0.53 0.07 0.53
Observations 4,294 4,064 1,914

Notes: The dependent variables are standardized grades and test scores as indicated in the column headings. All right-hand side variables, except the female indicator, are
standardized. Regressions are weighted using sampling weights. Robust standard errors in parentheses.
4.4. The gender gap in test-taking propensity

Recall that women are 25 percent (7 percentage points) more likely
to take the SAT. Moreover, the distribution of cognitive skills among
test takers differs from that in the full sample, with male test takers
exhibiting relatively higher skills; in contrast, the gender gap in mea-
sures of motivation is nearly identical among test takers to that in the
full sample (Table 2). We have already explored the explanatory power
of observable characteristics for the SAT gender gap. But selection
into taking the test may lead to gender differences in unobserved test-
taking ability, as well. Moreover, non-random selection could lead to a
different relationship between test scores and observed characteristics
than what would prevail in the population or under random selection.
We investigate these issues in depth in the next section with the help
of a theoretical model. Here we investigate to what extent observable
characteristics predict test participation, and whether they can explain
the gender gap in participation.

We regress an indicator for having taken the SAT on the cognitive
and attitudinal measures from the UGU survey. The results are reported
in Table 4. Column (2) shows that cognitive skills are indeed positive
predictors of taking the test. Interestingly, the weakest predictor of
participation—spatial skills—is also the weakest predictor of test scores
(Table 3). This is consistent with a utility-maximizing model of test
taking, as we show in the next section. Cognitive traits of course cannot
explain the gender gap in test taking, because they are balanced across
genders in the population. Column (3) shows that measures of motiva-
tion are also strong predictors of participation. Since these attitudinal
measures do favor female students in the population, controlling for
them does help to explain the participation gap, reducing it to two
percentage points. While the gap increases slightly to three percentage
points when also controlling for cognitive skills (column (4)), it is
not estimated very precisely. Fitting a probit model instead of OLS
leads to essentially the same conclusions (column (5)). In sum, gender
differences in motivation account for the majority of the gender gap in
participation.

comparison, and one fifth of the gap in the HSGPA-SAT comparison (Table
A4).
8

4.5. Results for the 1982 UGU cohort

We investigate whether the relationships between attributes and
scores are generalizable across cohorts. To this end, we draw on UGU
data for the representative sample of children born in 1982 (recall that
both cognitive skills and motivation are measured in grade 6 for this
sample). Cognitive skills are equally distributed across the genders in
the representative sample. In terms of the sub-components, girls exhibit
slightly higher verbal opposites skills than boys, while inductive and
spatial skills slightly favor boys. There appear to be no systematic
differences in motivation across the genders (but girls report spending
more time on homework relative to boys). In the sample of SAT
takers, cognitive skills favor boys. Moreover, women are 9 percentage
points more likely to have taken the SAT relative to men. Overall,
the endowments of skills, attributes and SAT propensities across the
genders among the 1982-born students closely resemble that of our
main sample of 1992-born students. (See panel B of Table A5.)

Regressions using the 1982 sample show that both cognitive skills
and motivation are highly predictive of CSGPA and HSGPA. However,
as there are no gender differences in the endowments of these in
the representative sample, they do not account for gender gaps in
grades. For SAT scores, cognitive skills are strongly predictive, and
the gender gap in the endowment of these skills among SAT takers
accounts for one third of the gender gap in test scores. This result
does not change when entering cognitive skills, motivation, and effort
jointly. In line with results shown for our main 1992 sample, cognitive
skills are much more predictive of SAT scores than are motivational
measures (subject-specific motivation even appears negatively related
to test scores). These results constitute compelling evidence that the
relationships between skills, grades, and test scores, as well as the
differential self-selection by gender into taking the SAT, generalize
across cohorts. (See Table A8.)

4.6. Interpretation

We interpret the results reported thus far as conditional correlations
rather than causal relationships, in line with prior literature (see for
instance Borghans et al., 2016, p.13354). There is a set of unobserved
factors which causally determine GPAs and SAT scores, as well as SAT
participation. Observed variables such as cognitive ability, motivation,

and effort, imperfectly proxy for these unobserved factors. While a
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Table 4
Gender gaps in SAT participation.

(1) (2) (3) (4) (5)

Female 0.071 0.076 0.016 0.025 0.026
(0.018) (0.018) (0.017) (0.018) (0.018)

Inductive skills 0.087 0.078 0.079
(0.011) (0.011) (0.011)

Spatial skills 0.017 0.017 0.017
(0.0093) (0.0089) (0.0089)

Synonyms skills 0.031 0.033 0.034
(0.012) (0.012) (0.012)

Verbal opposites skills 0.046 0.043 0.040
(0.012) (0.011) (0.011)

Motivation (general) 0.028 0.033 0.036
(0.012) (0.012) (0.013)

Motivation (subject-specific) 0.062 0.044 0.046
(0.010) (0.0095) (0.010)

Time spent on homework 0.065 0.064 0.061
(0.0091) (0.0086) (0.0081)

R-squared 0.01 0.10 0.07 0.15

Notes: The dependent variable is an indicator for ever having taken the SAT. Coefficients shown in columns (1)–(4) are estimated by OLS, and
those shown in column (5) are marginal effects, evaluated at sample means, estimated by probit. The number of observations is 4,351. All
right-hand side variables, except the female indicator, are standardized. Regressions are weighted using sampling weights. Robust standard
errors in parentheses.
a
a
t
a
d
o
p
t
n
o

p
t
s
c
F
c
t
r

𝑈
p
t
s

𝑑

E

E

T
n
𝑤
𝛼
s

E

causal interpretation remains elusive, we believe our results (and those
in the related literature) are informative for at least four reasons.

First, the different variables are in fact designed to proxy for dif-
ferent underlying factors. In the case of the UGU survey, there are
both IQ-type variables and attitudinal measures, and in the case of the
enlistment scores, there similarly is an IQ-type variable as well as one
designed to pick up attitudes, temperament, and social skills. Thus, we
are confident in our result that grades reflect different underlying fac-
tors than SAT scores in the sense of conditional correlations, although
there will remain some uncertainty as to what the true underlying
factors are. Second, the different sets of variables do not predict all out-
comes uniformly, again suggesting that they reflect different underlying
factors. For instance, motivation predicts GPAs and SAT participation
but not SAT scores, while inductive skills predict all three. Third, we
observe a gender imbalance in some of the variables, and this accounts,
in a correlational sense, for part of the unconditional gender gaps.
Fourth, our results have direct policy relevance even in the absence of
a causal interpretation, given the role that GPAs and SAT scores play
for sorting students in the education system (see Section 7).

Nonetheless, selection on unobservables can affect interpretation in
the case of the SAT score. We investigate this issue next.

5. The implications of self-selection

The previous section has shown that differential self-selection on
observable cognitive skills partly accounts for the female disadvantage
in SAT scores. We have also seen that higher motivation among female
students largely accounts for their higher rate of SAT participation.
Here we explore non-random selection in more depth. In Section 5.1,
we formally model the choice of taking the SAT to better understand
the implications of selection. In Section 5.2 we quantify the importance
of selection for the observed gender gap in SAT scores.

5.1. Modeling the choice of taking the SAT

Suppose that student 𝑖’s SAT score is given by 𝑧𝑖 = 𝜁 (𝑥𝑧𝑖 , 𝑤𝑖) + 𝜀𝑧𝑖
and her cost of preparing for and taking the test is 𝑐 = 𝜅(𝑥𝑐 , 𝑤 ) + 𝜀𝑐 .
9

𝑖 𝑖 𝑖 𝑖 𝑥
The function 𝜁 (⋅, ⋅) is increasing in both of its arguments, while the
cost function 𝜅(⋅, ⋅) is decreasing in its arguments. The variables 𝑥𝑧, 𝑥𝑐 ,
nd 𝑤 are potentially observed by the econometrician. In contrast, 𝜀𝑧
nd 𝜀𝑐 are shocks that remain unobserved. They are independent of
he other variables, but not necessarily independent of each other: We
ssume E[𝜀𝑧𝑖 |𝜀

𝑐
𝑖 ] = −𝛼𝜀𝑐𝑖 . As we will see, the parameter 𝛼 represents the

egree of selection on unobserved factors and is thus a key quantity
f the model. We may expect that unobserved factors lowering the
reparation cost correspond on average to greater unobserved test-
aking ability, implying 𝛼 > 0. We further assume E[𝜀𝑐𝑖 ] = 0 as a
ormalization—implying E[𝜀𝑧𝑖 ] = 0. Finally, we assume that students
bserve 𝜀𝑐 at the outset but 𝜀𝑧 only after the test.

Factors that only affect the cost (𝑥𝑐 , 𝜀𝑐) include motivation or op-
ortunity costs related to outside activities. Factors that only affect
est performance (𝑥𝑧, 𝜀𝑧) include the ability to cope with high-stakes
ituations, narrow cognitive abilities such as spatial skills, as well as
ircumstances prevailing on the test day such as health and weather.
actors affecting both the cost and the score (𝑤) include general
ognitive abilities. We do not allow for an effort choice at this point—
he choice is simply between taking or not taking the test—but will
elax this assumption below.

Let the student’s expected utility from taking the test be given by
𝑖 = E[𝑧𝑖|𝜀𝑐𝑖 ] − 𝑐𝑖 (we consider alternative assumptions below). Let test
articipation be indicated by 𝑑𝑖 ∈ {0, 1}. Normalizing the outside option
o zero, and breaking indifference in favor of test taking, we have the
election rule

𝑖 = 1
{

(1 + 𝛼)𝜀𝑐𝑖 ≤ 𝜁 (𝑥𝑧𝑖 , 𝑤𝑖) − 𝜅(𝑥𝑐𝑖 , 𝑤𝑖)
}

. (1)

xpected realized test scores are given by

[𝑧𝑖|𝑑𝑖 = 1] = E[𝜁 (𝑥𝑧𝑖 , 𝑤𝑖)|𝑑𝑖 = 1] − 𝛼E[𝜀𝑐𝑖 |𝑑𝑖 = 1]. (2)

his shows the critical role played by 𝛼. While the unobserved compo-
ent 𝜀𝑐 always affects the distribution of the observed variables 𝑥𝑧 and

among test takers, it will have a direct effect on test scores only if
≠ 0, as in this case it correlates with the unobserved factor in the test

core equation, 𝜀𝑧.
We now characterize the probability of taking the test P(𝑑𝑖 = 1) =

[𝑑𝑖], as well as the expected realized test scores, as functions of 𝑥𝑧,
𝑐 𝑧 𝑐
, and 𝑤. The probability of taking the test is increasing in 𝑥 , 𝑥 , and
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𝑤.24 Expected test scores unambiguously increase in 𝑥𝑧, even though
a higher 𝑥𝑧 also implies a lower 𝑤 and lower 𝜀𝑧 among test takers.25

n increase in 𝑤 has ambiguous effects on the expected score, since
t implies a lower average 𝑥𝑧 among test takers. Finally, a higher 𝑥𝑐

nambiguously lowers average test scores, since it implies lower 𝑥𝑧, 𝑤,
nd 𝜀𝑧. To summarize,
𝑑
𝑑𝑥𝑧

E[𝑧𝑖|𝑑𝑖 = 1, 𝑥𝑧𝑖 = 𝑥𝑧] > 0, 𝑑
𝑑𝑤

E[𝑧𝑖|𝑑𝑖 = 1, 𝑤𝑖 = 𝑤] ⋛ 0,

𝑑
𝑑𝑥𝑐

E[𝑧𝑖|𝑑𝑖 = 1, 𝑥𝑐𝑖 = 𝑥𝑐 ] < 0.

These results are readily applied to the comparison of participation
ates and test scores across groups. Suppose there are two groups,

and 𝑀—female and male students. For ease of notation, let us
enote the population-level gender gap in some variable 𝑥 by 𝑔(𝑥) ≡
𝐹 [𝑥𝑖]−E𝑀 [𝑥𝑖], where the subscripts 𝐹 and 𝑀 indicate female and male
opulations, respectively. Furthermore, we denote gender gaps among
AT participants by 𝑔1(𝑥) ≡ E𝐹 [𝑥𝑖|𝑑𝑖 = 1] − E𝑀 [𝑥𝑖|𝑑𝑖 = 1]. Consider an
mbalance in the group means of 𝑥𝑧, 𝑥𝑐 , and 𝑤, one at a time.

1. If female students have higher test-taking ability 𝑔(𝑥𝑧) > 0, then
they will participate at a higher rate and score higher than male
students (all else equal), 𝑔(𝑑) > 0 and 𝑔1(𝑧) > 0.

2. If female students face a lower cost of preparing for the test,
𝑔(𝑥𝑐 ) > 0, then they will participate at a higher rate and score
lower than male students (all else equal), 𝑔(𝑑) > 0 and 𝑔1(𝑧) < 0.

3. If female students have higher general ability 𝑔(𝑤) > 0, then they
will participate at a higher rate than male students, but the mean
difference in scores is ambiguous, 𝑔(𝑑) > 0 and 𝑔1(𝑧) ⪌ 0.

Note that the mean difference in test scores among the full population,
𝑔(𝑧), is positive in cases 1 and 3 but zero in case 2. Moreover, note
that the gender gap among test takers is driven both by observed and
unobserved factors, unless 𝛼 = 0, in which case only observed factors
matter (see Eq. (2)).

Thus, the model rationalizes the lower cognitive skills among SAT-
taking female students, but at the same time suggests that there is
negative selection of female students on unobservables, as well, whose
quantitative importance is to be investigated.

5.1.1. Extensions
Before showing the empirical results, we briefly discuss two ex-

tensions to the model. First, suppose that students may choose how
much effort to put into preparing for the test. Thus, let us modify the
baseline model such that 𝑧𝑖 = 𝜁 (𝑥𝑧𝑖 , 𝑤𝑖, 𝑒𝑖) + 𝜀𝑧𝑖 and 𝑐𝑖 = 𝜅(𝑥𝑐𝑖 , 𝑤𝑖, 𝑒𝑖) +
𝜀𝑐𝑖 , where 𝑒𝑖 denotes effort, and where we assume that both 𝜁 and
𝜅 are strictly increasing in 𝑒𝑖, at diminishing and increasing rates,
respectively. Proceeding by backward induction, the optimal effort

24 Formally,
𝑑
𝑑𝑥𝑧

E[𝑑𝑖|𝑥𝑧𝑖 = 𝑥𝑧] > 0, 𝑑
𝑑𝑥𝑐

E[𝑑𝑖|𝑥𝑐𝑖 = 𝑥𝑐 ] > 0, 𝑑
𝑑𝑤

E[𝑑𝑖|𝑤𝑖 = 𝑤] > 0.

25 To see this, fix 𝑥𝑧𝑖 = 𝑥𝑧, 𝑥𝑐𝑖 = 𝑥𝑐 , 𝜀𝑐𝑖 = 𝜀𝑐 . Given some 𝛿 > 0, there exist
𝑤(0), 𝑤(𝛿) such that

(1 + 𝛼)𝜀𝑐 ⪋ 𝜁 (𝑥𝑧, 𝑤𝑖) − 𝜅(𝑥𝑐 , 𝑤𝑖) ⇔ 𝑤𝑖 ⪌ 𝑤(0),

(1 + 𝛼)𝜀𝑐 ⪋ 𝜁 (𝑥𝑧 + 𝛿,𝑤𝑖) − 𝜅(𝑥𝑐 , 𝑤𝑖) ⇔ 𝑤𝑖 ⪌ 𝑤(𝛿)

with 𝑤(𝛿) < 𝑤(0). Thus, fixing 𝑥𝑐𝑖 = 𝑥𝑐 and 𝜀𝑐𝑖 = 𝜀𝑐 , the lowest expected test
score among test takers is given by 𝜆(0) ≡ 𝜅(𝑥𝑐 , 𝑤(0)) + 𝜀𝑐 if 𝑥𝑧𝑖 = 𝑥𝑧, and by
𝜆(𝛿) ≡ 𝜅(𝑥𝑐 , 𝑤(𝛿)) + 𝜀𝑐 if 𝑥𝑧𝑖 = 𝑥𝑧 + 𝛿, with 𝜆(𝛿) > 𝜆(0). Since this holds for
arbitrary 𝑥𝑐 , 𝜀𝑐 , it must be that E[𝑧𝑖|𝑑𝑖 = 1, 𝑥𝑧𝑖 = 𝑥𝑧 + 𝛿] > E[𝑧𝑖|𝑑𝑖 = 1, 𝑥𝑧𝑖 = 𝑥𝑧].
Similarly, one can fix 𝑥𝑧𝑖 = 𝑥𝑧, 𝑥𝑐𝑖 = 𝑥𝑐 , 𝑤𝑖 = 𝑤 and show that when 𝑥𝑧𝑖 increases
to 𝑥𝑧 + 𝛿, the lowest 𝜀𝑐𝑖 among test takers increases. Although this dampens
the effect of an increased 𝑥𝑧𝑖 on expected test scores among test takers, the
overall effect must still be positive, since costs of the marginal test taker have
increased.
10
conditional on taking the test, 𝑒∗𝑖 ≡ 𝑒(𝑥𝑧𝑖 , 𝑥
𝑐
𝑖 , 𝑤𝑖), is implicitly defined

by the first-order condition 𝜕𝜁∕𝜕𝑒𝑖 = 𝜕𝜅∕𝜕𝑒𝑖. The student now takes the
test if and only if (1 + 𝛼)𝜀𝑐𝑖 ≤ 𝜁 (𝑥𝑧𝑖 , 𝑤𝑖, 𝑒∗𝑖 ) − 𝜅(𝑥𝑐𝑖 , 𝑤𝑖, 𝑒∗𝑖 ).

How are our predictions from the baseline model affected by al-
owing for endogenous effort? The predictions regarding the probabil-
ty of taking the test do not change. This is because the expression
(𝑥𝑧𝑖 , 𝑤𝑖, 𝑒∗𝑖 ) − 𝜅(𝑥𝑐𝑖 , 𝑤𝑖, 𝑒∗𝑖 ) does not change when optimal effort adjusts
o a change in 𝑥𝑧𝑖 , 𝑥

𝑐
𝑖 , or 𝑤𝑖—an application of the Envelope Theorem.

egarding test scores, the effects of 𝑥𝑧𝑖 or 𝑤𝑖 will be amplified if
2𝜁∕(𝜕𝑒𝑖𝜕𝑥𝑧𝑖 ) > 0 and 𝜕2𝜁∕(𝜕𝑒𝑖𝜕𝑤𝑖) > 0. Finally, 𝑥𝑐𝑖 will now have an
ndirect positive effect on test scores if 𝜕2𝜅∕(𝜕𝑒𝑖𝜕𝑥𝑐𝑖 ) > 0. The latter
ossibility implies that in case 2 discussed above, the gender gap among
est takers may no longer be negative, as increased effort compensates
or the negative selection effect. A further implication is that variables
redicting participation but are excluded from the test score equation
ay be hard to find in practice: Factors that affect costs but do not enter

he test score equation directly may nevertheless affect scores indirectly
hrough effort, violating the exclusion restriction.

Second, consider a modified utility function 𝑈𝑖 = 𝜔𝑖E[𝑧𝑖|𝜀𝑐𝑖 ]− 𝑐𝑖. For
ome students, expecting to score higher on the SAT may be of limited
se, for instance if they have a very good HSGPA that already lets
hem access the vast majority of college programs. By similar reasoning
s above, a lower 𝜔𝑖 implies a lower probability of taking the test,
ut a higher expected score conditional on taking it. While the GPA
spect is likely empirically relevant in general, it cannot help explain
he gender gap patterns we observe. As female students have higher
PAs on average, we would expect them to participate less in the SAT
nd score higher than male students. Neither is the case in our data,
uggesting that other factors, such as motivation for taking the test,
ominate in reality.

.2. The quantitative importance of non-random selection

To assess the quantitative importance of selection for the SAT gen-
er gap, we pursue two different approaches. The first approach con-
ists of parametrizing the selection model just presented and estimating
t on our UGU data. The second approach relies on an ‘identification
t infinity’ argument. Both approaches lead to the conclusion that
election on unobserved factors is important, but falls substantially
hort of accounting for the entire gender gap in SAT scores.

We begin with the parametric approach. We assume the test score
nd cost functions to be linear,

𝑖 =
∑

𝑗
𝜁 𝑗𝑥𝑗𝑖 + 𝜁𝑓𝑓𝑖 + 𝜀𝑧𝑖 , 𝑐𝑖 =

∑

𝑗
𝜅𝑗𝑥𝑗𝑖 + 𝜅𝑓𝑓𝑖 + 𝜀𝑐𝑖 . (3)

he observed variables 𝑥𝑗 include a constant as well as plausible empir-
cal counterparts to 𝑥𝑧, 𝑥𝑐 , and 𝑤—namely, cognitive skills, motivation,
nd time spent on homework (though we do not mean to imply a strict
ne-to-one mapping between the theoretical concepts and empirical
ariables). Women potentially take the test at a different rate than men,
olding other factors constant, as the cost equation includes a separate
ntercept (𝑓𝑖 is an indicator for female). We include a separate intercept
n the test score equation as well, but also explore the case when it
quals zero.

We further assume that 𝜀𝑐𝑖 is drawn from a standard normal distri-
ution, while 𝜀𝑧𝑖 = −𝛼𝜀𝑐𝑖 + 𝑢𝑖, with 𝑢𝑖 being normally distributed with
ero mean and variance 𝜎2𝑢 .26 Note that the probability of taking the
est is now given by 𝛷

(

∑

𝑗 𝛿
𝑗𝑥𝑗𝑖 + 𝜅𝑓𝑓𝑖

)

, where 𝛿𝑗 ≡ (𝜁 𝑗 − 𝜅𝑗 )∕(1 + 𝛼)
nd 𝛷(⋅) is the cumulative distribution function of the standard normal
istribution. This rationalizes the result described in Section 4.4 that
he various cognitive skill measures appear to have similar relative
mportance in predicting test scores and participation.

26 Our parametrization is thus the same as the standard Heckman (1979)
model.
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Since we do not have a variable at hand that predicts test taking but
can credibly be excluded from the test score equation, the model can
only be identified via the functional form. To obtain more robust con-
clusions, we instead perform a series of estimations, each conditioned
on a fixed value of the correlation between the error terms in selection
and test score equation. This allows us to explore the importance of
selection on unobserved ability for the gender gap under alternative
assumptions about the error correlation 𝜌 ranging from 0 to 0.99. Note
hat 𝛼 = 𝜌𝜎𝑧. Since 𝛼 does not have a natural scale, we instead fix 𝜌 and
stimate 𝜎𝑧, along with all other parameters, via maximum likelihood
stimation.27

The quantities we are interested in are the components of a simple
ecomposition of the test score gender gap. The population gender gap
n the model is given by

(𝑧) = 𝑔(𝑥) + 𝜁𝑓 + 𝑔(𝜀𝑧) = 𝜁𝑓 + 𝑔(𝑥), (4)

hereas the observed gap is

1(𝑧) = 𝑔1(𝑥) + 𝜁𝑓 + 𝑔1(𝜀𝑧) = 𝑔1(𝑥) + 𝜁𝑓 − 𝛼𝑔1(𝜀𝑐 ), (5)

where 𝑔(𝑥) ≡
∑

𝑗 𝜁
𝑗𝑔(𝑥𝑗 ) and 𝑔1(𝑥) ≡

∑

𝑗 𝜁
𝑗𝑔1(𝑥𝑗 ). Under our parametric

assumptions, we have

−𝛼E
[

𝜀𝑐 |𝑑𝑖 = 1, 𝑥𝑖
]

= 𝜎𝑢𝜌𝜆

(

∑

𝑗
𝛿𝑗𝑥𝑗𝑖 + 𝜅𝑓𝑓𝑖

)

,

where 𝜆(⋅) denotes the inverse Mills ratio (IMR). The IMR is strictly de-
creasing in its argument and approaches zero (infinity) as its argument
approaches infinity (negative infinity). Therefore, the gender gap in
unobservables—given by 𝜌𝜎𝑧

(

E[𝜆𝑖|𝑑𝑖 = 1, 𝑓𝑖 = 1] − E[𝜆𝑖|𝑑𝑖 = 1, 𝑓𝑖 = 0]
)

—will be large if the error correlation is large and if there is a large
gender gap in the variables predicting test participation.

Fig. 3 contains the results from the parametric approach. The bars
represent various components of the decompositions (4) and (5) for
different values of the error correlation. The left panel allows for a sepa-
rate female intercept in the test score equation—essentially allowing for
a population gender gap in unobserved ability—while the right panel
does not.

First consider the case of a flexible female intercept. For a low level
of the correlation, 𝜌 = 0, 2, the gender gap predicted by the model is
similar to the observed one at about 𝑔1(𝑧) = −0.33; the female intercept
conditional on covariates, and thus the estimated population gender
gap in unobserved ability, is 𝜁𝑓 = −0.19; and the gender gap due to
observables is the difference of the two at 𝑔1(𝑥) = −0.13.28 Of course,
this latter gap is due to selection on observed characteristics—in the
population, the implied gap is essentially zero, 𝑔(𝑥) ≈ 0.

As we let the error correlation increase, the estimated population
gap in unobserved ability declines in magnitude, while the gap in
unobserved ability that is due to selection increases in magnitude.
However, even when the error terms are assumed to be nearly perfectly
correlated, there is still a substantial estimated population gap (this is
shown in the top panel of Figure A8, which presents a more detailed
version of Fig. 3). The gap due to observables among test takers de-
creases in magnitude as the error correlation increases. This is because
the non-cognitive variables in the test score equation are estimated to
be relatively more important.29 Because of the female advantage on

27 Strictly speaking, 𝜌 is the negative of the correlation between the error
erms, 𝜌 = −Cov(𝜀𝑧𝑖 , 𝜀

𝑐
𝑖 )∕(𝜎𝑧𝜎𝑐 ) = −Cov(−𝛼𝜀𝑐𝑖 , 𝜀

𝑐
𝑖 )∕(𝜎𝑧𝜎𝑐 ) = 𝛼∕𝜎𝑧.

28 These numbers are very similar to the ones reported or implied in
ection 4.3. If we let 𝜌 = 0, we obtain exactly those previous numbers. See
igure A8.
29 Selection into taking the test also biases the estimated effects of cognitive
nd non-cognitive traits on the SAT score. Intuitively, when observing two
est-taking students with say very different motivation, there is likely an
ffsetting difference in unobserved ability between them, since otherwise the
11

ow-motivation student would not be taking the test. This leads to attenuated
these measures in the population, this implies a substantially positive
gender gap due to observables in the population (see the bottom panel
of Figure A8 for details).

At higher values of the error correlation the model is less able to
generate the sizeable gender gap of −0.33 that is observed in the data.
Nevertheless, when estimating the correlation together with all other
parameters—identifying the model based on the functional form—we
obtain a value of about 0.85. This implies a contribution of selection
on unobserved ability of about −0.05, one sixth of the implied total gap
of −0.30.

When we force the population gender gap to be 𝜁𝑓 = 0, the esti-
mated importance of selection naturally increases. The gender gap due
to selection on unobserved ability can be as wide as −0.12, accounting
for more than half of the model-implied gap of −0.20, which however
falls substantially short of the total gap seen in the data. This is shown
in the right panel of Fig. 3.

We now turn to our semi-parametric approach to quantifying the
importance of selection. Here we follow an ‘identification-at-infinity’
strategy (Chamberlain, 1987; Mulligan & Rubinstein, 2008) based on
the insight that among a sub-population 𝑆 whose members can be
expected to take the test with very high probability, selection bias
vanishes: If P(𝑑𝑖 = 1|𝑖 ∈ 𝑆) = 1 then E[𝜀𝑧𝑖 |𝑑𝑖 = 1, 𝑖 ∈ 𝑆] = E[𝜀𝑧𝑖 |𝑖 ∈ 𝑆].

In practice, this approach is challenging to implement because it
is generally not easy to find a sub-population with high participation
rates. Indeed, the predicted probabilities in our UGU sample—based on
the Probit model reported in column (5) of Table 4—rarely exceed 0.6.
We therefore use a different sample, and a different set of predictors, to
implement the strategy. We restrict the sample to birth cohorts 1978
and 1979, who have the highest SAT participation rates (see Figure
A1). As predictors of SAT participation we use dummies for foreign-
born and parental background (dummies for educational attainment
and foreign-born, separately for mother and father), as well as CSGPA
and HSGPA. This yields 1,212 female students and 584 male students
with a propensity score of 0.95 or higher (out of a sample of 75,768
and 74,272, respectively).

The outcome of interest is the SAT score residualized of the vari-
ables used for the prediction (not residualizing would amount to assum-
ing an exclusion restriction). The average gender gap in this residual-
ized score is −0.44. However, among students with a propensity score
of 0.95 or higher, the gap is only −0.31, as shown in Fig. 4. We thus
reach a similar conclusion as before: While selection on unobserved
ability cannot explain all of the gender gap, it does contribute to it in
a meaningful way.

6. The predictive power of grades and SAT scores for college gra-
duation and earnings

To inform on the broader implications of our findings, we ex-
amine how outcomes later in life correlate with grades, SAT scores,
as well as cognitive skills and attitudinal measures from the 1982
UGU survey. Both GPAs and standardized tests are widely used in
university admissions procedures, and academics and policy makers
debate their relative merits in terms of ensuring student diversity and

estimates of the importance of motivation if not accounting for selection.
However, as the same bias applies to cognitive skills, they still appear more
important than attitudinal measures in predicting SAT scores. Detailed results
are available upon request. More generally, such bias implies that the condi-
tional expectation function (CEF) of SAT scores conditional on characteristics
such as cognitive skills and motivational measures that we estimated in our
selected sample may look different from the one that would emerge if the
whole population took the SAT. In other words, the traits that SAT scores are
informative about may depend on who chooses to take the test. With higher
participation, motivational measures may be captured to a greater extent, but
our results suggest that the primary information conveyed by SAT scores will
still be cognitive skills.
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Fig. 3. Quantifying selection on unobserved ability—parametric approachNotes: The horizontal gray line marks the observed gender gap in the UGU sample.
Fig. 4. Quantifying selection on unobserved ability—semi-parametric approach
Notes: The sample includes birth cohorts 1978 and 1979, who have particularly high SAT participation rates. Propensity scores are based on a probit regression of SAT participation
on demographic variables, parental background, and CSGPA and HSGPA.
in capturing college- and labor market preparedness (Borghans et al.,
2016; Diamond & Persson, 2016; Rothstein, 2004). This also relates
to the question whether there are benefits of making participation
in standardized tests mandatory (Dynarski, 2017); while selection de-
pends on the traits that are rewarded by the test, it can at the same
time affect which traits the test scores inform about, compared to the
counterfactual scenario of all students participating.

We draw on population-level data from 2014 containing informa-
tion on college graduation and earnings. We focus on birth cohorts
1977–1984, or exclusively on the 1982 cohort when working with the
12
1982 UGU data. (The data required to evaluate educational attainment
and earnings for the 1992 cohort were not available to us.)

First, we examine college graduation. We regress an indicator for
having graduated college on one of CSGPA, HSGPA, and SAT scores,
and further controlling only for cohort dummies. The results are shown
in panel A of Table 5. Grades and SAT scores are strong predictors of
college graduation, but grades appear about twice as important as SAT
scores, with standardized coefficients around 0.25 compared to just
over 0.1. This difference becomes even starker when entering grades

and SAT scores jointly. The coefficients on grades drop to 0.1–0.15,
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Table 5
School GPAs and SAT scores as predictors for university graduation and adult earnings.

(1) (2) (3) (4) (5) (6) (7)

A. Graduated university

CSGPA 0.25 0.30 0.23 0.092
(0.00055) (0.00082) (0.0015) (0.0017)

HSGPA 0.25 0.21 0.15
(0.00048) (0.00084) (0.0013)

SAT 0.11 0.015
(0.00090) (0.0010)

R-squared 0.25 0.25 0.12 0.25 0.16 0.05 0.17
Outcome mean 0.36 0.44 0.65 0.44 0.65 0.65 0.65

B. 2014 annual earnings, ’000SEK

CSGPA 42.3 35.9 40.9 15.5
(0.2) (0.4) (0.6) (0.8)

HSGPA 31.3 36.8 25.2
(0.3) (0.5) (0.7)

SAT 23.2 7.9
(0.5) (0.6)

R-squared 0.06 0.03 0.03 0.04 0.04 0.03 0.04
Outcome mean 274 293 314 293 314 314 314

HSGPA non-missing ✓ ✓ ✓ ✓ ✓ ✓

SAT score non-missing ✓ ✓ ✓ ✓

Observations 742,083 573,084 270,342 573,084 270,342 270,342 270,342

Notes: The dependent variables are university graduation by age 30 and annual labor earnings in 2014. The baseline sample includes all individuals born 1977–1984 with non-missing
compulsory school GPA. All regressions include cohort dummies. Robust standard errors in parentheses.
but those on the SAT score drop even more, to around 0.02. Grades
thus appear to be much more important than SAT scores in predicting
college graduation. These results cast doubt on the notion that the
Swedish SAT elicits the ability to do well in college in a similarly
informative way as do school grades. (See panel A of Table A9 for a
breakdown of these results by gender.)

Second, we investigate the relationship between grades, SAT scores,
and earnings. The patterns are similar, as shown in panel B of Table 5.
A one-standard-deviation increase in CSGPA and HSGPA is associated
with an increase in annual earnings of SEK15,500 and 25,200, respec-
tively (SEK1,000 is equal to about USD100). But for the SAT score, the
increase is only SEK8,000. The pattern is qualitatively unchanged when
we use earnings rank as the outcome instead. (See panels B–C of Table
A9.)30

To better understand the origins of these correlations, we take the
1982 UGU cohort to assess the relationships between cognitive skills,
grade-6 motivational measures on one side and college graduation
and earnings on the other, again measuring educational attainment
and earnings in 2014 as above. Due to the imperfect overlap between
the 1982 and 1992 variables we cannot fully relate this exercise to
our main results, but it is nevertheless informative. The results are
shown in Table 6. We find that inductive skills and verbal opposites
skills are equally important in predicting college graduation, while
spatial skills have no predictive power. School-specific motivation also
appears to be informative for graduation, but entering cognitive skills
and motivational measures jointly reduces the coefficient on motivation
by half. In contrast, inductive skills and school-specific motivation are
equally important predictors for earnings, even when entered jointly.
Moreover, verbal opposites skills are a much weaker predictor for
earnings than for having graduated university, while spatial skills seem
to carry some predictive power.

Thus, relative to SAT scores, grades appear to be a better predictor
for graduation and earnings at least in part because they reflect more

30 It is noteworthy that CSGPA and HSGPA have independent predictive
ower for college graduation and earnings, suggesting that they also differ
omewhat in the skills they reflect. One possibility is that the HSGPA captures
omain-specific knowledge to a greater extent.
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of the traits that predict these outcomes, especially motivation—as
established in Sections 4.2 and 4.5.

7. Discussion

In this paper, we have documented and attempted to explain a
flipped gender gap across school grades and the Swedish SAT. Girls
outperform boys in school partly because they exhibit higher motiva-
tion and effort. In contrast, male SAT takers outperform their female
peers in part because they are more positively selected on cognitive
skills and because SAT scores do not capture motivation and effort to
the same extent as school grades. Consistent with utility-maximizing be-
havior, the negative selection of female test takers is largely a function
of their greater motivation, a trait that is highly predictive of test-taking
but is not greatly rewarded by higher test scores.

Even after controlling for individual differences in attributes and
skills, and after taking selection into account in the case of the SAT,
there are sizeable remaining gender gaps in performance. Possible
explanations for these remaining ‘‘unexplained’’ portions of the gender
gaps may be found in related strands of literature that suggest that the
standardized test format may penalize female test takers in different
ways. First, there is evidence of women performing worse than men,
on average, in multiple-choice formats compared to in free-response
exams.31 Second, evidence from the lab and the field suggest a gen-
der gradient in performance in competitive environments, which has
potential implications for gender gaps in SAT scores or other high-
stakes achievement tests.32 Third, teacher–student interactions—such

31 See for instance Bolger and Kellaghan (1990), Akyol, Key, and Krishna
(2016), Baldiga (2013), Pekkarinen (2015), and Griselda (2020).

32 Gneezy, Niederle, and Rustichini (2003) find that men’s performance
increases as the competitiveness of the test increases, while that of women
does not. Similarly, Niederle and Vesterlund (2007) find that men show
a stronger preference for competitive tasks than women. In the context of
education, results presented by Jurajda and Münich (2011) suggest that men
perform better than women in entrance exams for more prestigious schools,
but not in the exams for less competitive schools. Similarly, Ors, Palomino, and
Peyrache (2013) find that women tend to perform worse in more competitive
examinations with high future payoffs than do men.
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Table 6
Cognitive and non-cognitive attributes as predictors for university graduation and adult
earnings.

(1) (2) (3)

A. Graduated university (mean: 0.36)

Inductive skills 0.087 0.076
(0.0078) (0.0079)

Spatial skills 0.0049 0.0043
(0.0077) (0.0075)

Verbal opposites skills 0.11 0.11
(0.0074) (0.0074)

Motivation (subject-specific) 0.023 0.035
(0.0069) (0.0066)

Motivation (school) 0.098 0.042
(0.0065) (0.0069)

Time spent on homework 0.018 0.015
(0.0070) (0.0066)

R-squared 0.13 0.05 0.15

B. 2014 annual earnings, ’000SEK (mean: 259)

Inductive skills 25.8 20.9
(3.11) (3.12)

Spatial skills 5.06 4.90
(2.88) (2.85)

Verbal opposites skills 2.98 −0.30
(2.93) (2.94)

Motivation (subject-specific) −1.49 −0.047
(2.47) (2.46)

Motivation (school) 29.2 21.5
(2.62) (2.71)

Time spent on homework −0.66 −1.42
(2.67) (2.65)

R-squared 0.03 0.03 0.04

Observations 6,479

Notes: The dependent variables are university graduation by age 30 and annual labor
earnings in 2014. The sample includes individuals in the 1982 UGU database (i.e., the
UGU 1982 cohort). Robust standard errors in parentheses.

as teacher gender effects due to role models or teacher discrimination—
have been suggested as potentially explaining some of the gender gap
in grades and GPAs. The evidence from this literature is however in-
conclusive.33 ,34 It is an important question for future research to assess
the relevance of these explanations for our setting. We note, however,
that except for gender discrimination by teachers, these additional
explanations require that assessment formats differ in the types of skills
they reflect.

Our findings inform a broader discussion about the relative merits
of GPAs and standardized tests as university admissions instruments, in
terms of achieving student diversity and in capturing college and labor

33 For instance, Holmlund and Sund (2008), Puhani (2018), and Lindahl
2016) find no evidence in support of the hypothesis that a same-sex teacher
mproves student outcomes, while Dee (2005, 2007) and Falch and Naper
2013) suggest that students benefit from having a same-sex teacher. Hinner-
ch, Höglin, and Johannesson (2011) find no evidence of discrimination using
lind- and non-blind grading of the same exam, while Lavy (2008), Terrier
2016), and Berg, Palmgren, and Tyrefors (2019) find that boys face discrimi-
ation in teacher grading. At the university level, Jansson and Tyrefors (2018)
resent evidence of grading bias in favor of male students using an anonymous
rading reform at Stockholm University.
34 Another potential explanation for the male advantage in SAT scores is

hat male students systematically select into high school tracks with a more
uantitative focus, so that they acquire SAT-relevant skills at a greater rate.
ndeed, controlling for detailed high school track indicators explains part of
he SAT gender gap. However, the part explained is negligible at less than
en percent of the original gap when also controlling for cognitive skills and
ttitudinal measures.
14
market preparedness (Borghans et al., 2016; Diamond & Persson, 2016;
Rothstein, 2004). Our results imply that the relative weight placed
on GPAs and SATs in college admissions has substantial effects on
the composition of admitted students, both in terms of demographic
characteristics and in terms of skills. An obvious question is then which
of the two evaluation instruments is more suited to identify college and
career preparedness (Mattern et al., 2014).

While Swedish law requires universities to make equal use of school
grades and SAT scores when admitting students to oversubscribed
programs, there are large differences in the importance of central-
ized admission tests across countries (Edwards, Coates, & Friedman,
2012), and even within countries such as the US, where a major state
university only recently decided to end the use of standardized test
scores in admission (Hubler, 2020). There are in fact two main policy
parameters. First, the weighting of different admission criteria by the
universities, which may include the requirement that applicants take
a centralized admission test. And second, the question whether taking
the test should be mandatory for all high school graduates (Dynarski,
2017; Hyman, 2017). By shedding light on the various traits that are
reflected in different assessments, our results inform the choice of both
parameters.

But which traits should universities care about in allocating places?
We show that school grades are substantially more predictive of college
graduation and earnings than are SAT scores, partly because SAT scores
do a poor job of capturing motivation, effort, and psycho-social skills.
These non-cognitive traits appear to be increasingly important in the
labor market, which likely accounts for some of the narrowing of
the gender pay gap (Black & Spitz-Oener, 2010; Deming, 2017; Edin,
Fredriksson, Nybom, & Öckert, 2018). Whether universities should ad-
just their selection criteria in response to the increasing importance of
non-cognitive skills will depend on, among other things, whether these
skills are complementary to the human capital investments made in uni-
versity. And while there are other reasons for expanding standardized
testing—in particular, to close socioeconomic and racial achievement
gaps—our results point to important tradeoffs in these policy choices.
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