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Quantifying the gender gap in the assessment of gifted students*

Beatrix Eugster! Kelli Marquardt? Aurélien Sallin®
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Abstract

Female students are less likely to be identified as intellectually gifted than male students
when the identification process follows a two-stage procedure. We posit and quantify two
mechanisms that explain this gender gap. First, at any level of 1Q, but especially at high
levels of IQ, male students are more likely nominated for assessment due to higher salience
of externalizing behaviors. This difference accounts for roughly 70% of the gender gap in
giftedness identification. Second, the remainder of the gap is explained by the use of lower

referral thresholds for male students, all else equal. We discuss policy implications.
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1 Introduction

Extensive research documents significant gender gaps in employment, earnings, and promotions.
Numerous mechanisms are proposed to account for the persistent gender gap, ranging from
gender preferences for job characteristics (Caldwell and Danieli, 2024; Wasserman, 2023; Wiswall
and Zafar, 2018), gender identity norms (Bertrand, 2011; Blau and Kahn, 2017) to intrafamily
labor markets (Bertrand, Kamenica, and Pan, 2015; Calvo, Lindenlaub, and Reynoso, 2024;
Cortés and Pan, 2023). An important strand of literature argues that the mechanisms of gender
differences in the economy begin to develop in early childhood, especially within education
systems and for academic-related tasks (e.g., Exley and Kessler, 2022).

Despite progress in reducing gender gaps in academic achievement and graduation rates,
there is a persistent gender gap in identifying gifted children, i.e., children with significantly
higher intellectual ability than average. This is particularly true for disadvantaging gifted
female students (Balestra, Sallin, and Wolter, 2023; Petersen, 2013). The underidentification of
intellectually gifted female students may limit their access to adapted education programs and
associated benefits, which could contribute to the persistence of long-term gender disparities in
the economy.

The underidentification of female students (or minority students more generally) in gifted
programs arises from features of how students are screened and selected into gifted education. In
many settings, universal screening is not applied, meaning that only a subset of children will be
assessed for placement in gifted programs. Card and Giuliano (2016b) show, for instance, that
the absence of universal screening leads to under-representation of economically disadvantaged
students in gifted programs. Moreover, the children who are assessed for giftedness and placed
in gifted education programs are endogenously selected, often following referral processes that
exacerbate the disparity in giftedness identification. The standard process relies on teacher
referrals, which, due to time and attention constraints in the classroom, may lead to referral
decisions based on easily observable behaviors that are only partially correlated with children’s
underlying giftedness (e.g., classroom disruption).

In two-step identification processes, children are first referred to an assessor from parents
and teachers through a nomination/referral stage. In the second step, an assessment is given and
the child is either identified as intellectually gifted or not (see, for example Card and Giuliano,

2016b). We present a simplified model of this process to demonstrate that the underidentifi-



cation of female gifted students stems from two potential mechanisms: (1) gender differences
in the underlying relationship between giftedness and classroom behavior/disruption, and (2)
variations in teacher’s tolerance for classroom disruption by gender. We base our model on the
assumption that the IQ distribution is the same for female and male students, and we show
that our conclusions hold even when we allow for gender-specific 1Q distributions.

Using rich data on all children referred for an assessment to the school psychological service
over four cohorts from a single educational system in Switzerland, we quantify the gender gap
in giftedness identification. We then use these data to estimate parameters of a model that
allows us to decompose the two mechanisms that contribute to the gender gap in giftedness
identification. We identify our parameter values using variation in referral rates across schools,
within schools across gender, and the relationship between referral rates and average disruption
measures conditional on referral.!

Our findings suggest that gender differences in classroom behaviors are the main driver of
the gender gap in giftedness identification. We show that at any level of IQ), male students are
more likely to be referred for giftedness assessment due to higher rates of classroom behaviors
that might trigger attention and response from teachers (in line with Bertrand and Pan, 2013).
Specifically, at the threshold of intellectual giftedness (IQ of 130), males are over 2.5 times more
likely than females to be referred and subsequently identified as gifted. In our decomposition
exercise, we show that less than one-fifth of this gap is driven by gender differences in the
thresholds that teachers use for student referral. Instead, the majority of the gap (about 70%)
is explained by underlying gender differences in external behaviors (which we call classroom
disruption, see Lazear, 2001), and in the correlation between these behaviors and individual
1Q. These results suggest a need to revisit the referral and assessment process, advocating for
universal screening or alternative metrics for referral to ensure more equitable identification and
support for gifted students.

This paper contributes to the research on gifted students in schools and provides an explana-
tion for the widely documented fact that female students are less likely to be identified as gifted
(Balestra, Sallin, and Wolter, 2023; Petersen, 2013), and less likely to be referred to a gifted

program (Bianco et al., 2011)2. In particular, we document the mechanisms that contribute to

'The model and estimation strategies are in spirit of Marquardt (2025), which quantifies the mechanisms
leading to gender differences in diagnosis rates for Attention Deficit Hyperactivity Disorder (ADHD).

2Tt has been argued that teacher referral is more prone to favor male students over female students in giftedness
identification, while (especially at lower grade) grade point averages are more likely to flag female students as
gifted (Petersen, 2013).



the disparity in early customized education programs for female gifted students. Such dispari-
ties have important long run economic implications given that most education systems within
the OECD and in the US consider gifted students as a group with distinct educational needs
and as a valuable source of human capital (Rutigliano and Quarshie, 2021a). Consequently,
gifted students receive customized educational programs to meet their specific needs (Booij,
Haan, and Plug, 2016; Bui, Craig, and Imberman, 2014; Card, Chyn, and Giuliano, 2024; Card
and Giuliano, 2016a; Lavy and Goldstein, 2022).3

Further, this paper refines our understanding of the limitations inherent in two-stage as-
sessment processes commonly used in education and behavioral health. Such processes have
been shown to systematically convey gender, race, or socioeconomic disparities, and thus miss
many potentially qualified students (Card and Giuliano, 2016b; Cohen, 2022; Harris, Hill, and
Lenard, 2022; McBee, Peters, and Miller, 2016).* This phenomenon is also evident in special
education identification and ADHD diagnosis. For example, Elder et al. (2021) highlight racial
and ethnic disparities in the identification of students for special education services, attributing
the disparities to the salience of behaviors and subjective comparisons with the level of racial
composition at the referral stage. In the diagnosis of ADHD, research indicates that the birth
date of a child relative to the school entry cutoff significantly influences the diagnosis rates,
suggesting that teachers make referral decisions based on a subjective comparison of the be-
havior of young students with that of older and more mature students (Balestra, Eugster, and
Liebert, 2020; Elder, 2010; Layton et al., 2018; Persson, Qiu, and Rossin-Slater, 2021; Schwandt
and Wuppermann, 2016). Marquardt (2025) studies the gender gap in ADHD diagnosis using
a similar two-stage model as we describe in this paper. She finds that physician use of gender-
specific diagnostic thresholds is the primary driver of the gender gap in the identification of
ADHD, and posits that gender differences in externalizing vs internalizing behaviors may ra-
tionalize this result. Our paper contributes to this literature by illustrating how differences in
classroom behaviors between males and females may influence the two-stage assessment process
for giftedness identification.

Finally, this paper adds to the literature on the gender gap in the economy more broadly.

3In the United States, there is no federal mandate related to gifted identification and services, which results
in large variation in gifted education across states and even within districts in a single state. Despite this, Gifted
and Talented (GT) education programs in the US serve more than 3 million public school students (Harris, Hill,
and Lenard, 2022).

4For a comprehensive discussion on the two-stage identification process for gifted students in the U.S., see
McBee, Peters, and Miller (2016).



Although there has been significant progress in reducing gender gaps in academic achievement
and graduation rates, e.g., through role models and the reduction of teacher gender stereotypes
(Carlana, 2019; Carrell, Page, and West, 2010), gifted female students remain underidentified
and thus miss out on important resources which can have long-term implications on their eco-
nomic and social outcomes. Thus, our paper provides additional insight into why a significant

gender gap in employment, earnings, and promotions persists.

2 Background, Setting, and Data

2.1 Background: giftedness assessment around the world

Intellectually gifted children are defined as “children, students, or youth who give evidence
of high-performance capability in areas such as intellectual, creative, artistic, or leadership
capacity, or in specific academic fields, and who require services or activities not ordinarily
provided by the school in order to fully develop such capabilities.”® The concept of giftedness is
traditionally associated with high intelligence and exceptional performance. It is measured with
1Q testing and IQ scores, which are normally distributed with a mean of 100 and a standard
deviation of 15. An IQ score of 130 and above (two standard deviations above the mean) is
used to diagnose individuals as gifted (McClain and Pfeiffer, 2012). This means that around
2.5% of the population is gifted as defined by IQ.”

The landscape of gifted education in OECD countries is characterized by a lack of uniform
policy and the underrepresentation of minorities in gifted programs. In the US for example,
each state has the authority to determine how to define, identify, and serve gifted students
(Hafenstein, Boley, and Lin, 2022; McClain and Pfeiffer, 2012; Rutigliano and Quarshie, 2021b;
VanTassel-Baska, 2018). In 2021, 46 US states have a definition of gifted in law or policy,
whereas 41 require by law or rule the identification of gifted and talented students (Rinn,

Mun, and Hodges, 2022). Gifted education also varies significantly across states, and even

5US Federal government statutory definition of gifted students in the Improving America’s Schools Act of
1994, P.L. 103-382, Title XIV, p. 388, https://web.archive.org/web/20050308112728/http://www.ed.gov/
legislation/ESEA/sec14101.html

5Note that IQ tests are normed to be gender-neutral. However, girls often perform better in subtests on verbal
processing and attention control while boys outperform girls in spatial manipulation tasks (Giofre et al., 2024).

"While our theoretical analysis in this paper primarily relies on the traditional IQ based definition of giftedness,
we note that over recent decades many US States and European countries have broadened their definitions beyond
intellectual ability alone. These expanded frameworks often incorporate additional dimensions such as academic
achievement, creativity and creative thinking, artistic ability and leadership (Rinn, Mun, and Hodges, 2022).
Gender differences in these characteristics and/or in the salience of such characteristics could also exacerbate
disparities in giftedness identification and is an important area of future research. Note that in our empirical
application, children can be identified as gifted based on the broader definition.



across school districts within a single states. There is no federal mandate related to gifted
identification and services.

That said, the most common processes for identifying gifted students often rely on a two-
stage identification procedure. In the first stage, parents or teachers refer the child to an
assessor (nomination or referral stage); in the second stage, a psychologist assesses the child’s
giftedness (for a detailed discussion of the U.S. process, see McBee, Peters, and Miller, 2016).
In the US, referral mechanisms differ between states: in 2011, 16 (17) states mandated the
use of intelligence (achievement) tests, 13 states required nominations (teacher and/or parent
referrals), and 9 states required a teacher-completed behavior rating scale (McClain and Pfeiffer,
2012). In Europe, procedures also vary but often rely on nominations (Rutigliano and Quarshie,
2021b).

Because referral is the first step in the identification process, disparities in referral rates
directly affect the likelihood of being identified as gifted. This referral-based process has been
shown to miss many qualified students, particularly from minority and economically disad-
vantaged groups (Card and Giuliano, 2016b; McBee, Peters, and Miller, 2016). Inequities in
gifted assessment and access have been a source of controversy, with concerns that they widen
achievement gaps, especially along racial lines (Cohen, 2022).

Gender disparities in the referral rate for giftedness assessment lead to more male students
being assessed for giftedness. Male students are referred for psychological assessment more often,
in part because they tend to display more externalizing behaviors, whereas female students are
more likely to exhibit internalizing behaviors (Bartels et al., 2018; Crijnen, Achenbach, and
Verhulst, 1997; Vergunst et al., 2023; Verhulst et al., 2003). In fact, classrooms with a higher
proportion of female peers have been found to experience less disruption and violence (Lavy
and Schlosser, 2011). In the classroom, such disruptive behaviors draw teachers’ attention and
time, increasing the chances of referral (Lazear, 2001).8 In our data, we show that male children
have higher measures of disruption on average, with the gender gap largest at the upper end of
the IQ distribution. This empirical finding is consistent with the hypothesis that giftedness is
more often correlated with disruptive behaviors (Brown, Reichel, and Quinlan, 2009; Guénolé

et al., 2013; Tasca et al., 2022).°

8Disruption does not have to be negative. For example, students asking very complicated questions can be as
disruptive as students misbehaving.

9The gender disparity in referral mirrors patterns documented in ADHD assessment (Marquardt, 2025). Girls
and women with ADHD more often present with inattention and internalizing problems, while boys and men
show greater hyperactive-impulsive symptoms and externalizing problems (Hinshaw et al., 2022; Mowlem et al.,



2.2 Setting: giftedness assessment in St. Gallen, Switzerland

In the Swiss setting, students with special educational needs, including gifted students, are
identified and assessed during a two-stage identification processes. First, students are nomi-
nated to the School Psychological Service (SPS), a centralized “gatekeeper” that subsequently
identifies diagnoses, assesses special educational needs, provides psychological counseling, and
refers students for further treatment. The SPS in the Canton of St. Gallen is centralized at
the regional level and all regional offices serve several schools in their region. Students can be
referred at any time during their mandatory schooling, with an average age at referral of almost
9 years.

For most students (about nine out of ten), referral is done by the teacher, but some referrals
are also submitted by parents or the child’s doctor. Referral arises for a variety of reasons,
including behavioral and socio-emotional issues, learning disabilities, family problems, and more.
Of the 30 percent of students referred to the SPS, around three-fourths are referred for learning
disabilities. Another fourth is referred for socio-emotional reasons, potentially combined with
learning impairments (Balestra, Eugster, and Liebert, 2022). Referrals for other reasons are
rare.

During the first visit to the psychologist, the students undergo an assessment under the su-
pervision of a trained psychologist. During this assessment, their cognitive abilities are assessed
with an IQ test. In case of a persistent problematic school or learning situation, a student can
be referred to the SPS repeatedly to reassess potential measures and therapies.

The canton of St. Gallen bears the responsibility for the education of children identified as
gifted and must guarantee the fulfillment of their educational needs. In this regard, emphasis
is put on the inclusion of students identified as gifted in regular classrooms (mainstreaming).
Requests to send gifted children to special schools are accepted only under strict conditions:
the child must have already skipped a grade, justify why the classroom environment is not ade-
quate, and undergo a psychological evaluation. In the vast majority of cases, special activities,
additional support, and enrichment programs are offered outside of class, depending on the
school and upon request of parents and teachers. Acceleration (skipping a grade) or starting

school at a younger age are also possible in some rare cases.

2019). Clinicians may overlook ADHD in females due to less overt symptoms and compensatory strategies, and
girls with ADHD may behave more adaptively in school settings than boys (Derks, Hudziak, and Boomsma,
2007). These differences reduce the likelihood of referral for girls, even among those with comparable levels of
impairment.



2.3 Data

We combine data on schools and cohort sizes from the Ministry of Education of the Canton
of St. Gallen with data on students referred to the services of the SPS of the Canton of St.
Gallen. For further background information on the data and the setting, see Balestra, Eugster,
and Liebert (2020, 2022).1% Our resulting data include all students born between 1997 and 2000
referred to SPS in 104 different school-cohorts (26 schools) of the Swiss Canton of St. Gallen.
The average cohort size per school is 117 students.

Schools are organized at the municipality level, and children are assigned to schools on the
sole basis of their location of residence. This strict assignment procedure is thoroughly imple-
mented so that parents have no say about their child’s school other than moving permanently
to a different municipality or enrolling their children in a private school. Despite this rule,
private schooling remains very rare in Switzerland. As the 2018 Education Report by the Swiss
Coordination Center for Research in Education shows, more than 95 percent of children in 2016
attended public-funded schools in their municipality of residence.

The 4,002 students referred to the SPS represent around a third of the overall student
population (N = 12,214) in these cohorts. Table 1 provides descriptive statistics. For all
students referred to the SPS, we are able to observe their gender, age at referral, school of
referral, and number of contacts with the SPS. In what follows, we will use the number of
contacts with the SPS as a proxy for the student’s level of classroom “disruptiveness”. On
average, referred students have 7.16 contacts with the SPS (7.7 on average for male students,
6.5 for female students). Although this is arguably a crude measure, it is validated by discussions
with the president of the SPS, who confirmed that more disruptive students are more likely to
visit the SPS repeatedly for situation assessments and assistance.!!

Most importantly, we observe a measure of 1Q for most of the students referred to the

SPS.'2 We classify a child as gifted if the IQ score is equal to or above 130, or if the psycholo-

10The data preparation, empirical setting and variables are the same as used by Balestra, Sallin, and Wolter
(2023) in their study on gifted students in Switzerland. We refer to their study for more details on the institutional
setting. For this paper, we additionally removed 92 school-cohorts which either have a referral rate of zero (“never-
referring”) or one (“always-referring”).

"'We do not find evidence that, conditional on the same number of SPS contacts, the intensity and/or inferred
severity per visit differs between male and female students. In Appendix B, we show that this measure is
homogeneous across gender.

2Tntelligence tests conducted in St. Gallen are Snijders—-Oomen nonverbal intelligence tests (SON), Kaufman
Assessment Battery for Children I and II (K-ABC and K-ABCII), the Wechsler Intelligence Scale for Children
(WISCHawik), Raven’s Progressive Matrices (Raven), Kramer-Test, and Culture Fair Intelligence Test (CFT).
When different tests are conducted for the same student, we use a composite score of the different results, as
documented in Balestra, Sallin, and Wolter (2023). Some children were tested multiple times, at different ages
or with different testing procedures. We select the highest 1Q score recorded per child.



Table 1: Summary statistics

Average Min.  Max. Sd. N
All students, school-cohort level (N = 12,214)
Cohort size 117.44 64.00 503.00 86.77
Rate referral to the SPS 0.30 0.10 0.54 0.09
Rate referral to the SPS male 0.34 0.09 0.65 0.11
Rate referral to the SPS female 0.26 0.03 0.51 0.09
Students, conditional on referral to the SPS (N = 4,000)
Female 0.44 0 1 0.50
Age at referral 8.68 3.94 1545  2.09
Number of visits (disruption) 7.16 1 85.00 6.21
Tested for 1Q 0.72 0 1 0.45
1Q 97.71 42 145 12.27
Identified as gifted 0.04 0 1 0.20 164
Male Students, conditional on referral to the SPS (N = 2,247)
Age at referral 8.68 4.04 1545 2.12
Number of visits (disruption) 7.67 1 85 6.82
Tested for 1Q 0.73 0 1 0.44
1Q 98.59 42 145 12.57
Identified as gifted 0.05 0 1 0.22 116
Female Students, conditional on referral to the SPS (N = 1,753)
Age at referral 8.68 3.94 15.1 2.05
Number of visits (disruption) 6.51 1 42 5.26
Tested for 1Q 0.71 0 1 0.45
1Q 96.54 61 138 11.76
Identified as gifted 0.03 0 1 0.16 48

Notes: This table reports summary statistics about our sample. All students born between 1997 and 2000 and
referred to the School Psychological Services (SPS) in the Swiss Canton of St. Gallen are included in the sample.
104 distinct school-cohorts. Source: Ministry of Education, Canton of St. Gallen

gist qualitatively assessed the student to be gifted. This threshold (i.e. two standard deviations
above the mean) is standard in the identification of gifted students. We use the text written
by the psychologists to confirm that the professional identification corresponds to the IQ score
obtained.!® As stated in Balestra, Sallin, and Wolter (2023), our data allow us to mitigate
the potential limits of IQ as a single measure of giftedness, as we also observe qualitative as-
sessments of cognitive ability obtained from the diagnoses and comments of the psychologist.
Qualitative assessments reliably complement quantitative scores and account for other dimen-
sions of intelligence not assessed by the 1Q test. In total, 164 students were identified as gifted,
of which 116 were male and 48 were female. The mechanisms contributing to this gender gap

are what we study in the remainder of this paper.

13We have access to all the text written by the psychologist after every meeting with the students. This
includes qualitative assessments of intellectual giftedness. We extract this information from text data following
the procedure explained in Balestra, Sallin, and Wolter (2023).



3 Theoretical Framework and Motivation

In this section, we present a theoretical framework that, together with descriptive facts, moti-
vates an empirical model and estimation strategy to decompose the mechanisms contributing

to the gender gap in giftedness identification.

3.1 Theoretical framework

To start, let v; be an individual’s IQ score that follows an arbitrary distribution with mean
p and standard deviation o, that is, v; ~ F(u,0?). Let G; be an indicator of whether the
individual is considered “intellectually gifted” according to the definition of having an IQ score
at least two standard deviations above the mean. Formally, G; = 1(v; > p + 20). The share of

the population with G; = 1 corresponds to the shaded blue region in Figure 1.

Figure 1: IQ distribution and giftedness definition

H u+2c

Note: 1Q distribution with mean p and standard deviation o. The shaded blue region is the mass of gifted
students.

Because everyone who is referred by a teacher is also given an IQ test and an assessment of
giftedness, the probability that an individual is identified as gifted is equal to the probability
that they are referred and gifted. Formally, let R; be an indicator for whether the student is
referred and let IG; be an indicator for whether the individual is identified as gifted. Following
Bayes’ rule, the probability that a student is identified as gifted is written as follows: Pr(IG; =
1)=Pr(Ri=1NnG;=1)=Pr(R;=1|G;=1) x Pr(G; =1).

Now, suppose that IQ is both observed and used as the referral mechanism by teachers
so that a teacher refers a student whenever the student’s IQ is above a referral threshold T,
corresponding to the striped regions in Figure 2. Then R; = 1(v; > 7), and so long as 7 < p+20,

we would have Pr(IG;) =1 x Pr(G; = 1) so all gifted students will be appropriately identified

10



Figure 2: Referral thresholds

= —

T u+2

(a) Low threshold: 7 < p+ 20

missing stars

u n+2c T

(b) High threshold: 7 > p+ 20

Note: IQ distribution with mean p and standard deviation o. The shaded blue region is the mass of gifted
students. 7 denotes the referral threshold.

as such (corresponding to subfigure 2a).1* Note that this is true under universal screening
where 7 = —oo but also for any referral threshold at or below p + 20. On the other hand,
underidentification or “missing stars” occurs when 7 > 4+ 20 so Pr(R; =1|G; =1) <1 and
thus Pr(IG; = 1) < 1 x Pr(G; = 1). The share of missing starts is denoted by the blue area
without stripes in subfigure 2b.

In this simple scenario, note that the probability an individual is identified as gifted is a
function of both referral rules (striped area) and the underlying distribution of true 1Q (blue
shaded area). Mathematically, Pr(IG; = 1) = fn(r, F(p,0)). Therefore, gender differences
in giftedness identification can arise due to gender differences in referral thresholds, 7, and/or

gender differences in the underlying 1Q distribution, F'(u, o).

Assumption 1: males (m) and females (f) have identical 1Q distributions such that

F(pim,0m) = F(ug,0%).

Y This follows from Bayes Rule and the fact that whenever 7 < p + 20, any v; > u + 20 implies v; > 7 so all
gifted students will be referred with certainty.

11



Under assumption 1, the gender gap in gifted identification would be entirely driven by
differences in 7 such that 7, # Tf.15 In other words, in the situation where IQ was observed
and used as the referral mechanism, then the gender gap in giftedness identification is explained
by differences in the referral thresholds used by teachers. As detailed in the figures above, this
will only lead to unwarranted disparities in giftedness identification in cases where at least one
of the referral thresholds falls above u + 20.

However, teachers do not observe I1Q before the assessment nor is IQ the referral mechanism.
Instead, teachers must use other observable factors, such as salient disruptive behaviors, as
decision rules. And such behaviors, which we call z;, are likely a function of an individual’s IQ
such that z; = g(v;).

In this more realistic scenario, a teacher will refer a student for psychological services if the
observable factor, x;, is greater than their tolerance threshold 7. As before, Pr(IG; = 1) =
Pr(Ri=1|G;=1)x Pr(G; =1),but now Pr(R;, =1|G; =1)=Pr(z; >7 |v; > p+20) =
Pr(g(v;) > 7 | v; > p+ 20). So, in addition to referral thresholds (7) and IQ distribution
parameters (p and o), giftedness identification will also depend on the relationship between
the child’s 1Q, (i.e., v;), and their level of disruptive behaviors (i.e., x;), via the function g(-).
Mathematically, Pr(IG; = 1) = fn(g(-), 7, F(u,0)).

Again, under Assumption 1, we have that male and female students can be identified as
gifted at different rates due to differences in the referral threshold (here 7,, # 7¢). In addition,
it is also plausible that there are gender differences in the IQ-disruption relationship such that
gm(-) # gf(-). In other words, even if a male and a female student have the same 1Q score
v;, differences in the mapping of v; to x; by gender may cause differences in referral rates and
giftedness identification above and beyond differences in teacher referral thresholds. In the next
section, we present motivating facts from the data that help us link this conceptual framework

to an empirical model for estimation.

15We start with Assumption 1, which is both easier to model and easier to interpret. This assumption is also
plausible in light of the existing literature, as gender differences in intelligence have been debated extensively and
remain contentious. First, average IQ scores for females and males have consistently been found to be very similar
across large-scale studies and meta-analyses (Deary et al., 2007, 2003; Hyde et al., 2008; Hyde, 2005; Nyborg,
2015; Strand, Deary, and Smith, 2006). Second, following the ”greater male variability hypothesis”, studies
document differences in variability, with slightly higher variance among males, but these differences are generally
small and often sensitive to test design and sample composition. We account for differences in variability in one of
our robustness checks. Third, performance differs by gender across specific cognitive domains (for example, verbal
versus spatial abilities), yet these differences tend to offset one another in aggregate intelligence scores (Giofre
et al., 2024). Finally, most standardized intelligence tests are explicitly constructed and normed to eliminate
overall mean differences between females and males (Neisser et al., 1996). Taken together, these findings support
treating male and female IQ distributions as similar in expectation. Nevertheless, we explicitly address the issue
of differential variance in a robustness analysis.
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3.2 DMotivating facts

We present three facts on gender differences in giftedness identification to motivate our empirical
approach. These were first observed in the data used by Balestra, Sallin, and Wolter (2023)
in their study on the situation and effect of gifted peers in mandatory schools in Switzerland.
First, we observe a gender gap in the number of identified gifted students. We observe around
twice as many gifted male students as gifted female students (see Table 1), a ratio that diverges
from expectations based on the general population. Therefore, many female students go through
mandatory school without being identified as gifted. We posit that some of this difference is
due to the difference in the referral rate to the school psychological service for female and male
students: the average referral rate for male students is 34%, while the average referral rate for
female students is only 26%.

Second, we observe substantial variation in referral rates between schools. More importantly,
we see that these referral rates are negatively correlated with the gender gap in giftedness
identification. We argue that as the referral/tolerance threshold used by teachers decreases,
more gifted students are referred. This in turn reduces the issue of underidentification and/or
unwarranted disparities. We will use this correlation and variation in our empirical model.

Third, we show that, conditional on referral, the relationship between disruption and IQ
follows a U-shape (Figure 3). Recall that, following Balestra, Eugster, and Liebert (2022), we
define disruption as the severity of the case, which is proxied by the number of visits to the SPS.
We observe that students with lower 1Q scores display, on average, more severe cases and that
the relationship between disruption and measured 1Q is negative until a certain point. This
becomes positive after a given 1Q threshold for male students, while it remains negative for
gifted female students. Note that this relationship is robust to outliers in the number of visits.
Gifted students have more severe cases than their peers in the middle of the IQ distribution.

Male students have higher levels of disruption at any level of 1Q.
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Figure 3: IQ-Disruption Relationship (OLS) in the full sample
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Note: This figure plots the gender specific IQ-disruption relationship for the set of students referred to psycholog-
ical services. Disruption is defined as the severity of the case, proxied by the number of visits to the caseworker.
Observations are binned into 80 equally sized bins. Curves are determined via a ordinary least squares regression
of disruption on IQ and IQ squared, separately for male students and female students. We use a quadratic
regression in our model, which is comparable to LOESS smoothing and cubic regression.

4 Empirical Model and Estimation

We now turn to an empirical model that we can estimate, which we then use in a simulation
exercise to quantify the mechanisms that contribute to the observed gender gap in giftedness
identification. To do this, we add structure to the conceptual framework in Section 3.1 in
a way that is consistent with the motivating facts presented in Section 3.2. We account for
both gender differences in the disruption-IQ relationship and variation in referral rates. The
setup and estimation of the model closely follow that in Marquardt (2025), which quantifies the
mechanisms leading to gender differences in the diagnosis of ADHD.

Let z; be our standardized I1Q distribution following the distribution N(0,1). Note that
this rescaling means that students are intellectually gifted if they have a z; > 2 (i.e. are two
standard deviations above the mean). Following assumption (1), we restrict the underlying
IQ distribution to be the same for male and female students. In Section 5.2.2 and Appendix
7?7, we show that our main conclusions do not change when we allow for gender-specific 1Q

distributions.
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Let x; be our measure of classroom disruption, which we define as the number of visits to
the SPS conditional on referral. For estimation purposes, we rescale the disruption measure
shown in Figure 3 to be between 0 and 1.'6 Following the motivating figure 3, and observing
the similarity between the semi-parametric and the parametric fits, we model the relationship
between 1Q and disruption, g(+), as quadratic. We allow for the function parameters to differ
by gender. Specifically, for § € {m, f} and standard normal error ¢; we model the relationship
as in equation (1). The error ¢; captures factors that affect observed classroom behavior but
are orthogonal to underlying cognitive ability and IQ (e.g., family or home stressors, temporary

illness, cultural behaviors, etc.).

2;|0; = go(2:) = oo + 192 + 227 + & (1)

Recall, children are referred by their teachers to a school psychologist for an assessment
if their disruption is above some threshold. We can think of the threshold as a “tolerance
threshold”, where teachers/schools have some level of behavior that they will “tolerate”, and
once these behaviors reach the limit, they will refer the student to the psychological services.
In addition to allowing these thresholds to differ based on the gender of the student, we also
allow them to vary across schools. Note that this variation also helps us identify the «’s in the
1Q-disruption relationship since neither xz; nor z; are observed by the econometrician unless a
student is referred. Thus, schools with a low tolerance threshold will have higher referral rates,
and marginally referred students will have disruption and IQ closer to the full population than
those students from schools with a higher tolerance threshold.

Formally, the teacher observes x; and will refer the child to a school psychologist for an
assessment if this disruption is above the gender specific tolerance threshold for that individual’s
school s(7). Letting R; indicate referral and Ty,s(;) represent the school-gender specific tolerance

threshold, we have the following selection equation for § € {m, f} and standard normal error

17
;-

Rilwi, 0; = L(zi > Tp 5(i) + M) (2)

163pecifically, we rescale our measure of disruption between 0 and 1 by first referral year to account for potential
changes in SPS practices.

"Note that n; differs from €; in equation 1. While ¢; allows for variation in the relationship between 1Q and
disruption, n; allows for variation in student’s referral propensity for a given level of disruption. Examples could
be individual student-teacher relationships, behavior salience, family emergency, etc.
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4.1 Estimation Procedure

In the data, we observe a students gender 6; € {m, f}, their school s(i) € {1,...S}, and whether
or not they were referred for assessment R; € {0,1}. For the set of students with R; = 1, we
also observe disruption, z;, and standardized IQ score, z;. We also observe whether a student is
identified as gifted; however, this outcome is deterministic. Because identification occurs only
for referred students and the IQ score is observed upon referral, gifted identification conditional
on referral is known with certainty and is determined by the threshold z; > 2. Therefore, the
probability we are interested in modeling is the probability of referral given a child is gifted as
this will be the same as the probability of giftedness identification given a child is gifted.
Thus, for estimation purposes, we need only focus on the following two cases in the likelihood
function. For a student ¢ at school s(i) and gender 6; we have the following two scenarios in the

data:

e Case 1: Child is referred and both z; and z; are observed by the econometrician — (R; =
Lix; =m, 2 = 2)

Let Pi(x,z,a9,7p,s) be defined as the likelihood of observing (R; = 1,2; = x,2 = z) for

a child at school s and of gender 6, conditional on parameters «, 7. This can be written as

a chain of conditional probabilities with a closed-form solution of observed data and model

parameters. Note that the third line follows from equation (2) and (1) and the last line follows

from functional form assumptions of IQ and iid error terms.

Pi(z,z,09,795) = Pr(R; = 1,2 = x,2; = 2)
=Pr(Ri=1|z;=z,2;=2)Xplr; =2 | 2 = 2) X p(z; = 2)
= Pr(xz; > 195+ 1) X plagg +a19% 2+ g * 22t = x) X p(z; = 2)

=®(x—7ps) X Pl — g — 19 %2 — Qg * 22) x ¢(2)

e Case 2: Child is not referred so neither z; nor z; is observed by the econometrician

— (RZ‘ = O)

Recall that for the set of children with R; = 0, we do not observe x; nor z;. Thus, this
likelihood is only a function of model parameters. Let Py(ay, 79 s) be defined as the likelihood
of observing (R; = 0) for a child at school s and of gender 6, conditional on parameters «, 7.

This can also be re-written as a conditional probability, though determining its contribution to
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the likelihood depends on integration over the known distribution of IQ, which we estimate via

traditional numerical approximations:

Po(ag, 19,s) = Pr(R; =0)
= /Pr(Ri =012z = 2zx) X ¢(zx)dzg
= /Pr(xi <Tos+mi| 2) X d(2k)dzk

= /@((2)1/2(7'9,5 — Qg — Q1 k2L — Qg * z,%)) X ¢(z1)dzy,

Putting the two cases together, the likelihood of observing (R;,z;,z;) for a given child
at school s and gender 6 is: L(R;, 2,2 | ag,195) = L1(R; = 1)logPyi(x, 2,09, 795) + L(R; =
0)logPy(cvg, 79,5). Finally, we aggregate over children in each school and across all schools in
the sample and find the set of model parameters that maximize the log-likelihood below, with
Ng  being the number of 6 € {male, female} children in school, s, that were not referred to

psychological services for assessment:

max » Y [m = 1) [1(6; = m)logPy (2, 2, O, Tm,s) + 1(0; = logPi(x, 2, crp, 74.)]
- i€s
+ N,?mlogPo(am, Tm,s) + N?}slogPo(af, Tf.s)
5 Results

Using the data described in Section 2, we estimate the underlying parameters of the model via
maximum likelihood estimation. Specifically, we obtain estimates of the following parameters:
ap, 019, Q29, and Ty 5 for 6; € {male, female} and school s =1, ..., S.

We start by presenting the maximum likelihood estimates for the parameters that define
the relationship between disruption and IQ scores: (agg, a1 and agg). Table 2 presents these
point estimates and standard errors. Figure 4 provides a visual of this estimated relationship.
In comparing to the fit in Figure 3, note that not only are the scales different (because we
standardize the y-axis value for estimation), but the fit in Figure 3 is based on those in the
selected (referred) sample whereas the fit in Figure 4 is the estimated relationship for the full

sample. In other words, Figure 4 shows what the IQ-disruption relationship would look like if
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both measures were observed for all students and not just the referred sample of students.

Table 2: IQ-Disruption Model Estimates

0=Male O=Female

agg  —0.463  —0.619
(0.027)  (0.031)
alg  —0.092  —0.200
(0.023)  (0.025)
azg 0021  —0.005
(0.014)  (0.018)

Note: This table presents the model parameter estimates for &o,9,&1,0 and é&o,9 for 6 = male and 0= female.
Standard errors based on numerical approximation of hessian in parenthesis.

Adjusting for selection into referral, we find that disruption levels are higher for male stu-
dents than for female students at all points in the IQ distribution. We also find that disruption
initially decreases with IQ for both males and females; however, while the relationship is U-
shaped for male students (Ggale is statistically significantly different from 0), it is not for
female students. This supports the claim that the giftedness gender gap can be explained by
higher levels of externalized disruptive behaviors at high IQ among males but not females.

Figure 4: 1Q-Disruption Relationship (Maximum Likelihood Estimates)

0.5

0.0

-0.5

Disruption

0
Standardized 1Q

Gender = Male Female

Note: This figure plots the gender specific IQ-disruption relationship using «ag,s, 1,9 and az,¢ estimates obtained
from our maximum likelihood procedure. The estimated parameters and standard errors are displayed in Table
2.

Next, we present the resulting estimates for the school-based and gender-specific tolerance

18



threshold, 79 ; which is an additional mechanism leading to differences in referral and giftedness
identification. In Figure 5, we show the relationship between male and female tolerance thresh-
old, by school. For all but 5 schools in our sample, we see that the male tolerance threshold
is lower than the female tolerance threshold. This provides empirical evidence that teachers
are on average more likely to refer male students than female students to the psychological
service for assessment, even when male students and female students display the same level of
disruption. Put another way, the fact that tolerance thresholds are higher for female students
implies that teachers or schools will allow female students to be “more disruptive” before they
decide to refer them. For example, it might be that male students only have to act out once
whereas female students might need to act out more frequently until the teacher or the school
will refer them. One explanation is that the externalities of the disruption may differ by gender
(e.g., male classroom disruption may be more likely to have negative spillovers to peers whereas
female disruption may have more internalizing consequences). This, in addition to the lack of
U-shape in the female disruption-1Q relationship, explains why gifted female students are more

likely to be under-identified when compared to their male counterparts.

Figure 5: Male/Female Tolerance Thresholds, by School
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Note: This figure plots the male tolerance threshold estimate (7,,s) and female tolerance threshold estimate
(7t,s), where each dot represents a school (s) in the sample. The size of each dot is proportional to the inverse
within-school average estimate standard error, with larger dots corresponding to higher estimate precision. 45-
degree line included for comparison.
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5.1 Simulated Decomposition Exercises

The main benefit of defining and estimating the structural model is to then use it to quantify
the relative importance of the two mechanisms in explaining the underidentification of gifted
female students. We do so by examining how the probability of referral at different levels
of IQ restricting gender differences in model parameters. Recall that giftedness identification
occurs when a child is referred and is gifted. Because all gifted students who are referred are
subsequently tested and identified as gifted deterministically, we are interested in the probability
of referral at high values of IQ as this will be equal to the probability of giftedness identification.

Figure 6 provides a visualizing of our decomposition exercise. The solid lines in show the
probability of referral (y-axis) conditional on standardized IQ score (x-axis) for male and female
students based on their own model estimates, assuming they attend the median referring school.
These probabilities are depicted as P (G, Tm) and Py(d,7¢). For all levels of 1Q, we see that
males are more likely to be referred to the school psychological service than females. At z = 2,
corresponding to the giftedness threshold of IQ = 130, males have a 25.3% probability of being
referred, while the probability for females is only 9.9%. Therefore, gifted males are at least 2.5
times more likely to be identified than gifted females.

Dotted lines in Figure 6 show our counterfactual probabilities. First, we ask what the
referral probability would be for females if teachers/schools used the same tolerance thresholds
for females as they do with male students. This is depicted by the dotted line, (Pi(Gf, 7m)).
We see that the probability of referral would increase slightly and approach the male rate at
lower measures of 1Q, but not at higher IQs. Thus, while this channel does contribute to the
gender gap in referral, especially at low levels of 1Q, it is not the driving mechanism leading to
the gender gap in giftedness identification.

Next, we ask how the referral probability would change for females if they kept their esti-
mated tolerance threshold but instead had the same 1Q-disruption relationship as males. This
is depicted by the dotted line, (P (6, 7r)). Here, we see that using o, instead of a ¢ closes the
referral rate gap significantly at high level of 1Q. Specifically, for females with 1Q) = 130, the
referral rate would rise to 20.8% and thus the referral rate gap would be reduced by 71%. In
conclusion, this figure shows that for gifted students, the gender gap in referral (and thus gifted-
ness identification) is mostly driven by differences in the underlying 1Q-disruption relationship

() rather than different tolerance thresholds (7).

20



Figure 6: Counterfactual Exercise: Probability of Referral
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Note: This figure plots the counterfactual exercise where Pi(&m,7m) and Pi(&yf,7¢) show the probability of
referral conditional on standardized IQ) score for male and female based on their respective model estimates,
assuming they attend the school with a referral rate at the median of all estimated referral rates. P; (df,%m)
shows the probability of referral for females, had they the same tolerance threshold as males. Pi(&m,7¢) shows
the probability of referral for females, had they the same IQ-disruption relationship as males.

5.2 Validity
5.2.1 Functional Form

The IQ-disruption relationship as estimated above is assumed to be quadratic. Since interest is
in the tail of the distribution, this could be a restrictive assumption. We therefore test the ro-
bustness of our decomposition results w.r.t. different functional form assumptions. Specifically,
we re-estimate the model using an exponential, a cubic, a linear spline, and a smooth quadratic
spline functional form. Figure 7 shows the corresponding results.

We find that the key take-aways from the decomposition exercise are robust to functional
form assumptions. First, gifted females are always referred less than gifted males. Second, the
gender referral gap is mostly explained by males being more disruptive than females at high

levels of IQs rather than due to differences in referral thresholds.
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Figure 7: Validity: Different Functional Forms
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Note: This figure plots the counterfactual exercise for different functional forms where Py (G, 7m) and Py (Gy, 75)
show the probability of referral conditional on standardized 1Q score for male and female based on their respective
model estimates, assuming they attend the school with a referral rate at the median of all estimated referral
rates. Pi(Gy,7m) shows the probability of referral for females, had they the same tolerance threshold as males.
Py (é&m, 7y) shows the probability of referral for females, had they the same IQ-disruption relationship as males.

5.2.2 Gender-specific IQ distributions

Our baseline analysis is based on the assumption that females and males have identical I1Q dis-
tributions, both with mean 100 and standard deviation 15. While this assumption is backed up
by the majority of the psychological literature, there is a strand of literature that challenges this
assumption (Nyborg, 2015). Specifically, this literature brings forward the “greater variability
hypothesis”, which states that the 1Q distribution of males has a larger variance, which then
would naturally increase the share of gifted males as compared to gifted females.

We address this concern in two ways. First, we re-estimate our model with the sex spe-
cific IQ distributions suggested by Nyborg (2015), that is 1Q|s,—mate ~ N(103.19,15.57%) and

I1Q|p,= femate ~ N(102.18,13.55%). See Appendix ?? for resulting table of estimates and de-
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composition figure. The estimation of this specification leads to a more pronounced quadratic
relationship between IQ and disruption in the tails of the distribution. However, the main
results do not change. We still find that the reason males are more likely to be referred than
females is due to differences in the 1Q-disruption relationship rather than differences in referral
thresholds (see Appendix Figure 10). Note further, that assuming gender-specific 1Q distribu-
tions worsens the model fit. Second, we turn around the question and assume that females and
males have the same 1Q-disruption relationship. We then ask, how different the IQ distributions
would need to be to explain our empirical findings.'®

To get at the gender-specific IQ distributions under the assumption of equal 1Q-disruption
relationships, we assume that «,, = ay, and estimate the corresponding jim,, iy, 0m and oy to
rationalize the observed gender-specific IQ-disruption patterns in the data. For details on this
procedure, please see Appendix 7?. The results of this exercise clearly show, that the assumption
of equal IQ-disruption relationships is implausible. The exact replication of the above results
would necessitate a negative variance of the 1Q-distribution. Restricting the variance to be
positive, the variance of the female IQ distribution would still need to be about 50 times larger
that of the male IQ distribution in order to fit the data. This extremely large difference is
inconsistent with any evidence. To push this exercise further, we could instead restrict the
variance of the I1Q distributions to be the same, allow the quadratic term of the IQ-disruption
relationship to be gender-specific, and back out how different the mean of the I1Q distribution
would have to be to rationalize the results. Doing this exercise, the mean of the female 1Q
distribution would be piy = 100, while the one of the male distribution would be ., = 61.5,
which is again inconsistent with any evidence in the psychological literature.

This exercise nicely shows, that underlying differences in the 1Q distribution between females

and males cannot explain the observed gap in giftedness identification.

6 Conclusions

In most countries, the identification of intellectual giftedness is a two-step process. In a first
step, a teacher refers the student to an assessor or school psychological service. In the second

step, the student undergoes an IQ testing procedure and is subsequently diagnosed as being

18Note that the referral thresholds 7, ¢ are identified using observed school-specific referral rates and observed
disruption levels, and do therefore not rely on any assumptions on the 1Q distribution. On the other hand, the
estimated parameters o that define the IQ-disruption relationship do depend on the assumption of equal 1Q
distributions.
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gifted, which is required before specialized education services can be delivered to the student.
In this paper, we investigate two mechanisms that explain the underidentification of intellectual
giftedness in female students within such a two-step identification process. Our results suggest
that heuristics used by teachers to refer students for psychometric assessments are gender-
biased: gifted male students are more likely to be referred to the school psychological service,
since they are more likely than female students to show externalizing behaviors that will make
them referred. This explains roughly 70% of the overall gender gap. On the other hand,
differential referral thresholds for female students and male students can also be observed, but
they are an order of magnitude less important in explaining the gender gap.

These results hold important policy conclusions. First, they confirm that two-stage identi-
fication systems for identifying intellectually gifted children are biased against female students.
This has been suggested in the literature in the context of income and ethnicity (Card and
Giuliano, 2016a,b; Peters and Matthews, 2016). A possible solution to increase screening fair-
ness would require replacement or adjustment to the two-stage referral procedures for giftedness
identification. One example is universal screening, which would not only be advantageous for
female students, but could also reduce disadvantages for migrant and low-SES children. Uni-
versal screening has also been suggested in related but different settings, e.g. in screening for
school-readiness (Balestra, Eugster, and Liebert, 2020). However, this solution is expensive for
schools and educational systems.

Alternatively, schools and principals could standardize referral criteria to reduce subjectivity
and especially adapt their referral guidelines to achieve gender-neutral referral probabilities.
Referral should therefore rely on observable characteristics that are not gender-biased, especially
not classroom disruption as we show in this paper differs systematically between male and
female students. Specifically, it should be avoided to use subject-based markers (e.g. STEM vs
verbal skills), behavioral stereotypes, or interests in specific subjects (e.g. robotics vs. reading).
Instead, teachers might be trained to recognize consistently advanced cognitive performance
(e.g performance ahead of age-level expectations), precocious learning behaviors (e.g. the quick
generalization of learnings to new contexts), advanced problem-solving skills and creativity,
signs of asynchronous development across cognitive and socio-emotional domains, or discrepancy
heuristics (e.g. high problem-solving ability but boredom-driven disengagement).

Finally, to alleviate the concern of under-identification of gifted female students, school

curricula could be adapted in ways to serve all children better, no matter if they are intellectually
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gifted or not. Examples for such adaptations would be the offering of enrichment lessons, where
subjects can be studied in independent research projects with varying depth. Furthermore,
more creative content such as creative writing workshops, robotics projects or design labs can

be adapted to fit all abilities.
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A Additional tables and figures

Table 3: Summary statistics for reason for referral

Average Min. Max. Sd.

Students, conditional on referral (N = 4,002)

Referred for social and emotional problems 0.24 0 1 0.43
Referred for learning disabilities 0.92 0 1 0.27
Referred for other reasons 0.14 0 1 0.35

Notes: This table reports summary statistics about our reasons for referral in our sample. All students born
between 1997 and 2000 and referred to the School Psychological Services (SPS) in the Swiss Canton of St. Gallen
are included in the sample. 104 distinct school-cohort. Source: Ministry of Education, Canton of St. Gallen.

Figure 8: Distribution of number of visits to the SPS per gender
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Note: This figure plots the distribution of the number of visits to the SPS per gender in the unrestricted sample
(sample before restricting to cohort and schools of interest). Source: Ministry of Education, Canton of St. Gallen.
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Figure 9: 1Q distribution by gender
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Note: This figure plots the I1Q distribution by gender. Source: Ministry of Education, Canton of St. Gallen.

Figure 10: Distribution of disruption by gender
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B Gender and disruption

Throughout the paper, we use the number of visits to the caseworker as a proxy for disruption.
In this section, we investigate whether this proxy might hide gender heterogeneity if, for instance,
for the same number of visits to the caseworker, the intensity of the visits is higher for males
than for females.

For each visit, we are able to observe the notes written by the psychologist. We leverage this
information to capture the intensity of the visits, using both the type-token ratio and Yule’s I
as richness measures, traditional measures in the natural language processing (NLP) literature.
The type-token ratio (TTR) is a simple measure of lexical diversity in a text, calculated by
dividing the number of distinct words (types) by the total number of words (tokens). Yule’s
I quantifies how varied a text’s vocabulary is by inversely capturing its rate of repetition of
words. We remove all stop-words and punctuation from the original raw text.

We find an average of 18.1 words per visit (13.6 words per visit after pre-processing/cleaning
the text). Female students have on average 0.8 words less per visit than male students. Im-
portantly, when comparing TTRs between female and male students and keeping the number
of visits constant, we found no statistically significant differences in text richness between both
groups. We obtain similar results using Yule’s I.

We also find a strong positive correlation between the number of words and the number of
visits (an additional visit leads to 9.2 more words), and a small negative correlation between
the number of words per visit and the number of visits (an additional visit leads to -0.4 more
words per visit). This suggests that less text is written per visit for children with more difficult
cases (more visits). Again, we find that these correlations are similar between male and female
students. As can be seen in Figure 11, the number of words per visit decreases at the same rate
for male and female students up to around 9 visits. For more difficult cases (above 9 visits),
the difference in levels between male and female students disappears, plateauing at around 10

words per visit.
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Table 4: Text differences across gender

Average Male Students Female Students

Number of visits 7.16 (6.2) 7 (6.8) 5 (5.3)
Number of words per visit 18.1 (17.8) 18 7 (18.8) 17 4 (16.5
Number of words (cleaned) per visit  13.6 (12.3) 14.0 (12.7) 13.1 (11.6
Number of unique words per visit 15.0 (13.7) 15.3 (14.2) 14.5 (13.1)
Type-Token Ratio 0.89 (0.083)  0.89 (0.084) 0.90 (0.082)
Yule’s T 166 (179) 171 (181) 160 (175)

Notes: This table reports summary statistics about text richness per visit. We use both the type-token ratio
and Yule’s I as richness measures. The type-token ratio (TTR) is a simple measure of lexical diversity in a text,

calculated by dividing the number of distinct words (types) by the total number of words (tokens).

Yule’s 1

quantifies how varied a text’s vocabulary is by inversely capturing its rate of repetition of words. We remove all
stop-words and punctuation from the original raw text. Source: Ministry of Education, Canton of St. Gallen

Figure 11: Correlation: number of words per visit and number of visits per gender
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Note: This figure plots the correlation between the number of words per visit and the number of visits per gender.

Source: Ministry of Education, Canton of St. Gallen.
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