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Abstract

Gendered pattern in stream choices is well established in the education literature.
Males are over represented in the mathematically oriented courses while females are
more likely to opt for life sciences and non-science courses. We use three cohorts
of student results data from the Central Board of Secondary Education, the single
largest education board with an all-India presence, to first quantify and subsequently
decompose the gender gap in the very first stream choices made by students at the
school level in India. We use our rich dataset to explore a large set of explanatory
factors proposed in the literature to explain the gender gap, namely, student ability,
attributes of cohort peers, “chilly” climate and socioeconomic characteristics of stu-
dents. We employ a novel way to use a student’s immediate seniors in schools to elicit
the “chilly” climate aspect of stream choice. Our measure of the expected “chilliness”
of the climate in a prospective course accounts for the largest portion of the observed
gender gap in male dominated subjects. It explains 13.48% of the gap in the take-up
of Mathematics. Ability related attributes explain none of the gender gap in Mathe-
matics, but 12% of that in Biology. The contribution of peer related variables, on the

other hand, is negligible.
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1 Introduction

Gender gap in earnings is well established in the economics literature, both in the
context of developed[l as well as developing Countriesﬂ including IndiaEl Even in 2014,

annual earnings of full-time female workers in the USA were only about 79% that of

male workers (Blau and Kahn 2017)), while the cross-country unadjusted gender gap

in average wages in Europe was 14.2% (Boll and Lagemann 2018)). The gap stood

much higher at 49% in India in the year 2009-10 (Deshpande et al|2018). While a

number of explanations have been extended to explain this gap, occupational segre-
gation has emerged as a major explanatory factorﬁ In particular, male dominated
occupations related to Science, Technology, Engineering and Mathematics (STEM)
fields have substantial earnings premium while women are over represented in lower
paying jobs like nursing and teachingﬂ Why are so few women employed in STEM
related occupations despite a clear economic advantage in these fields? It could be
either because fewer women graduate in STEM or because women graduate in STEM
but drop out of STEM occupations, or a combination of both. In most countries,
however, specialization into STEM, or more broadly, into Science and non-Science
streams happens even earlier, at the school level itself. In this paper, we look at the

very first stream choices made by students at the school level in the context of India

1See, for example, Rubery] (1992); O’Neill (2003)); Plantenga et al.| (2006); Blau and Kahn| (2017);
Boll and Lagemann| (2018).

ZSee, for example, |Ashraf and Ashraf (1993); Brown et al.| (1999); [Maurer-Fazio et al.| (1999);
Rendall| (2013); Chi and Li (2014); Guimaraes and Silval (2016).

3See, for example, [Reilly et al.| (2005); Menon and Van der Meulen Rodgers| (2009); Khanna
(2012); Das| (2012)); Duraisamy and Duraisamy] (2016); Deshpande et al.| (2018).

See, for example, Dolado et al| (2002); [Hegewisch et al.| (2010); [Hegewisch and Hartmann|
(2014); Blau and Kahn! (2017).

®See |James et al. (1989); (Grogger and Eide| (1995)); [Dolton and Vignoles (2002); McGuinness
(2003); Buonanno and Pozzoli| (2009); | Webber| (2016)); Belfield et al.| (2018); Dahl et al.| (2020).




using three cohorts of students under the single-largest education boardﬁ with an
all-India presence — the Central Board of Secondary Education (henceforth CBSE).

A rich literature is devoted to exploring the college major choice of Studentsﬂ
Recent work has shifted focus to look at stream choices made earlier, at the school
leve]ﬂ In the Indian context, however, the literature is patchy and limited in scope.

While (2013) and Gautam, (2015)) have limited geographic scope,
(2000, [2007)) only look at aggregate statistics. (Chakrabarti (2009) and more recently,

Prakasam et al.|(2019) use nationally representative data sets to look at major choices

at the college level. In a recent paper, |[Sahoo and Klasen| (2020) look at stream choices

at the school level using the nationally representative Indian Human Development
Survey. To the best of our knowledge, ours is the first paper to use multiple cohorts
of a large scale dataset to establish and subsequently decompose the gender gap in
stream choice in India. Using regression and linear decomposition techniques, we
decompose this gap to estimate how much of it can be “explained” by an expansive
set of explanatory factors that have been proposed in the economics, sociology and
psychology literature. In particular, we evaluate how much of the gender gap is
accounted for by a difference in student ability, their cohort peers in school, their
immediate seniors in school and their socioeconomic status. Our results highlight
two nuances: One, there is a divide within the STEM subjects and the gender gap
in the take-up exists along the lines of life sciences and physical sciences. Two, the

relative importance of each of the explanatory factors depends on the dominating

6An education board in India is defined by its jurisdiction. There are three national boards and
several state boards in India (Cheney et al.[[2005)).

"See, for example, [Turner and Bowen| (1999); Montmarquette et al. (2002); England and Li
(2006); Dickson| (2010); Riegle-Crumb and King| (2010); Riegle-Crumb et al.| (2012).

8See, for example, [Baram-Tsabari and Yarden! (2011); |Ajayi and Buessing| (2015)); Friedman-
Sokuler and Justman| (2016)); |[Justman and Méndez| (2018); Rapoport and Thibout| (2018); |Landaud

et al. (2020)).




gender in a given subject. Ability related variables are the largest contributors to the
explained part for the female dominated subject Biology. On the other hand, for the
male dominated subjects like Mathematics, our measure of chilly climate emerges as
the most important factor discouraging girls from opting for the subject.

Since we are looking at choices made at the school level, the classification of
subjects into STEM and non-STEM can be misleading for two reasons. First, the
subjects offered after matriculation are more basic like Physics and Chemistry rather
than Engineering. Second, “Science” in STEM incorporates both Technical sciences
(like Engineering) and Life sciences (like Medicine and Anthropology), but the dis-
tinction is not sharp at the school level, again because the subjects offered are at the
basic level. For example, almost 99% of students in our dataset who opt for Biology
opt for Physics and Chemistry as well. Therefore, we find it more prudent to look at
individual subjects and subject combinations most commonly offered by the schools.
In particular, we look at three subjects/subject combinations in this paper: Math-
ematics, Physics-Chemistry-Mathematics (PCM) combination, and Biologyﬂ. Our
choice is driven by the fact that not only are the gender differences starkest in these
subjects, but they also bring out the physical sciences-life sciences divide within the
Science stream.

We begin by quantifying the gender gap in various subjects offered in schools
after matriculation and find a clear gender divide in our dataset along the same
lines as observed in the literature. Boys are 19.13 percentage points more likely
than girls to take-up Mathematics in class XI and 20.61 percentage points more
likely to take-up PCM. Girls, on the other hand, are 11.18 percentage points more

likely than boys to take-up Biology. In general, a higher proportion of girls takes

9Tt must be noted that Mathematics can be a subject choice even without PCM; for example, it
can be chosen with the Commerce stream (combination of Business Studies and Accounts) as well.



up Biology, Economics, Political Science and History, while boys are more likely to
take-up PCM and Computer Science. It is important to highlight that even though a
higher proportion of girls takes up Biology, the overall take-up of “Science” subjects
among girls is still lower than boys.

Next we proceed to dissect this gap. Facilitated by our rich dataset, we go beyond
student ability and explore the literature for other plausible reasons extended for the
gender gap in stream choice. We group them into four broad heads: Ability, Cohort
peers at school, Immediate seniors at school and Socioeconomic characteristics. For
each of these heads, we first show descriptive statistics on how it is distributed
between boys and girls. Then we examine them under a regression framework using
Linear Probability Models and a decomposition framework using Oaxaca Blinder
decomposition technique.

Based on some early life studies which find gender gap in Mathematics scores
favoring boyq!] this difference is often cited as the explanation for the observed
gender divide in stream choice. This claim has been falsified in multiple studies
in the context of developed countries (Dickson|2010; Riegle-Crumb and King||2010;
Riegle-Crumb et al.|2012; Rapoport and Thibout|2018; |[Friedman-Sokuler and Just-
man|[2016; [Justman and Méndez 2018). We test this in the context of a developing
country using a student’s class X score as a proxy for her ability. A more nuanced ex-
planation explored in the literature is comparative advantage in the relevant subject.
It is argued, for example, that boys have a comparative advantage in Mathematics
over languages while girls have a comparative advantage in life sciences over other
technical sciences, and thus we observe the existing gender divide in stream choices

(Park et al.|2007; Valla and Ceci [2014)). For this, we use class X scores in the rele-

10Gee, for example, Penner and Paret|[2008; [Fryer Jr and Levitt|2009; [Wai et al.|[2010.



vant subjects to construct comparative advantage variables. These two variables are
considered under the ability head of our explanatory variables.

Under the cohort peers head, we explore the argument that males and females

may have very different responses to a given set of peers (Gneezy et al.2003; Gneezy

land Rustichini 2004} Niederle and Vesterlund|[2007; [Gneezy et al. 2009} [Fletschner]

. The reasons for this are said to be rooted in differential ConﬁdenceEl
and risk taking behaviour El across genders. To see this, we include cohort composi-
tion variables and cohort performance variables at the school-cohort level under this
category.

Next, we employ a novel way to utilize the immediate seniors that students had

in class X to elicit another possible explanation proposed in the sociological and psy-

chological literature: the phenomenon of “Chilly Climate” (Clark Blickenstaff/2005).

It says that females are shy of choosing male dominated fields because they expect
to face a hostile environment there. If too few fellow females are present in a Math-
ematics class, then there are higher chances of covert and overt discrimination, or
a general feeling of being at a lossEl The same could be applicable to males in a
Biology class dominated by females. We propose that students may form an idea of
a prospective Mathematics class, for example, by looking at the gender composition
of the Mathematics class of their immediate seniors in school. To the best of our
knowledge, ours is the first paper to use information on a student’s seniors to study
the chilly climate aspect in stream choice.

Finally, we also probe how much of the gender gap can be attributed to socioeco-

nomic characteristics of students. We use their caste Statu&El, annual family income

!1See Jakobsson| (2012); |Pirinsky| (2013); Sarsons and Xu| (2015).

128ee (Charness and Gneezy| (2012); Hardies et al.| (2013).

13See, for example, [Sadker and Sadker| (1986); [Fouad et al.| (2011); |Lordan and Pischke (2016]);
Tellhed et al.| (2017); [Wu| (2017).

HCaste is a system of social stratification in the Indian society based on the ancient varna system




and single child status as variables signaling their socioeconomic status.

Our descriptive statistics show that the distribution of absolute ability does not
differ dramatically across girls and boys, nor do the attributes of cohort mates at
school. In contrast, there are large differences between the genders when it comes to
the measure of chilly climate. Girls expect a much more chillier climate in Mathe-
matics and PCM compared to boys. The opposite is observed for girls and boys in
Biology.

Next, we test these explanatory factors under the Blinder-Oaxaca decomposition
framework. We first include the four broad heads one by one, then test their strength
against each other by including them together. We report three broad findings. One,
our measure of chilly climate is the largest explanator of the gender gap in the male
dominated subjects of Mathematics and PCM. If girls had the share of own gender
students in the senior Mathematics and PCM classes like boys, thus expecting a
“warmer” climate like boys, the gender gap in these subjects would have closed by
13.48% and 14.73%, respectively. Two, for Mathematics and PCM, a comparative
advantage in Mathematics vs English is more important in explaining the gender gap
than any measure of absolute ability. For Biology, on the other hand, class X total
score is the most important factor. If girls had the (lower) average scores in class
X as boys do, they would be 12.08% less likely to opt for Biology and thus the gap

would be smaller. Three, cohort composition and cohort performance variables, do

(Deshpande [2011f). The castes used in this paper are administrative categories that are used for all
official work in India. They are the Scheduled Castes (SC) or the former “untouchables” who are
situated at the bottom of the social hierarchy; the Scheduled Tribes (ST), who are the backward
and marginalised tribes of India; the Other Backward Classes (OBC), which comprise of other
backward, but not “untouchable” castes, and General or the residual category, comprising of castes
at the top of the hierarchy. Though originally a Hinduism construct, all religions in India are known
to follow some sort of caste system in their communities (Ray et al.[2020). See |Deshpande, (2011])
for a detailed discussion of the caste system, its evolution and its socio-political relevance in present
times.



not explain any statistically significant portion of the gender gap in any of the three
subjects.

Our contribution to the literature is fourfold. First, we use a newly available
administrative results dataset of the census of students under the largest national
level education board in India. The rich student level data allows us to study fine
differences within a broad stream. This is particularly important in the Indian
context where most secondary large datasets have information only at the broad
stream level like Science, Arts and Commerce. Similarly, where most datasets only
have information on the overall grades (first or second division) and results (pass/fail)
of students, we know the exact subject-wise scores of each student. This gives an
upper edge in exploring individual level outcomes using individual level controls.

Second, while substantial work has been done on stream choice in developed
countries, most papers focus on only a particular explanatory factor, like ability or
classroom peers. Our paper is the first one to present multiple factors covering a
broad spectrum of explanations in a unified framework empirically. We utilize an
expansive set of observable factors around a student to account for the gender gap
present in stream choice.

Third, we implement a novel way to elicit the chilly climate aspect of stream
choice using school seniors of students. Previous work has only used the composition
of classroom peers to measure “chilliness” of the chosen course of study. To the best
of our knowledge, ours is the first paper to use a student’s seniors, whom the students
observe before they make their own decisions regarding stream choices, to construct
this measure.

Fourth, ours is also the first paper to rigorously establish and subsequently de-

compose the gender gap in stream choice at the school level using multiple cohorts



of student level data in the context of India. The existing work in the Indian context
is patchy and limited in geographic scope. We are able to fill this gap using rich
detailed data of over 2 million students.

The rest of the paper is organized as follows. In Section 2 we describe the insti-
tutional background followed by a description of the dataset in Section 3. In Section
4 we provide a descriptive analysis with respect to each explanatory factor and each
of the three subjects. Section 5 briefly discusses the methodologies used in the pa-
per. Section 6 shows the results of the regression and the decomposition exercises.
Section 7 offers a brief discussion of the results and its implications, and Section 8

concludes.

2 Institutional Background

The education system in India follows a 104243 structure recommended by the
National Policy on Education, 1968. It comprises of 10 years of schooling up to the
secondary level culminating into matriculation in class X. This is followed by 2 years
of higher secondary schooling in class XI and XII, and then 3 years of graduation.
In general, the duration of graduation varies depending on the type of course and
degree. The duration of schooling, however, uniformly follows the 10+2 pattern
across the country (Cheney et al.[2005).

A school in India is affiliated to a board of education. A board is defined by its
jurisdiction and follows a common curriculum across all affiliated schoolﬂ. There
are three national and several state boards in India (Cheney et al.[2005). The Central

Board of Secondary Education (CBSE) is the single-largest education board in the

> Though a school’s syllabus is the responsibility of the board it is affiliated to, in theory, it must
be aligned with the National Curriculum Framework, 2005 (Anderson and Lightfoot|[2019).


http://mhrd.gov.in/sites/ upload_files/mhrd/files/document-reports/NPE-1968.pdf

country with an all-India presence. As of 2019, there were 21271 schools affiliated to
CBSE in India and 228 schools in 25 foreign countries (cbse.nic.in).

All schools under the CBSE follow the same curriculum till class X, except for the
choice of languages (http://cbseacademic.nic.in/curriculum_2021.html)). All educa-
tion boards conduct board level standardized examinations at the end of secondary
school in class X, and then at the end of higher secondary school in class XII. These
examinations, commonly called board examinations, have common question papers
and evaluation guidelines across the board. Both the board examinations, especially
the class XII board examinations, are high stake examinations because their results
are used for admission to various colleges and institutions for higher education.

Under the CBSE, after studying a common syllabus till class X (two languages,
Mathematics, Sciencd®and Social Science (http://cbseacademic.nic.in/curriculum_2021.html)),
students have to choose one language and four specialized subjects for the next two
years of study (classes XI and XII). CBSE offers a wide range of scholastic and co-
scholastic subjects to choose fromE]. The choices offered by a school, however, may
be limited due to resource constraints on part of the school. The most common sub-
jects opted by students in our dataset are Mathematics, Physics, Chemistry, Biology,
Computer Science, History, Political Science, Geography, Economics, Hindi, English,
Business Studies and Accounts. Though a student can choose any set of subjects from
the available options, there are some combinations chosen most frequently. These
include Physics-Chemistry-Mathematics (PCM), Physics-Chemistry-Biology (PCB),

History-Political Science (Arts) and Business Studies-Accounts (Commerce).

161t may be noted that till class X, students are taught the subject “Science”. This is then split
up into Physics, Chemistry and Biology in class XI. Throughout the paper we use Science to mean
the subject taught in class X.

ITFor the complete list of subjects offered by CBSE, please refer to http://cbseacademic.nic.
in/curriculum_2021.htmll


cbse.nic.in
http://cbseacademic.nic.in/curriculum_2021.html
http://cbseacademic.nic.in/curriculum_2021.html
http://cbseacademic.nic.in/curriculum_2021.html
http://cbseacademic.nic.in/curriculum_2021.html

3 Data

We use three cohorts of newly available results data from the Central Board of
Secondary Education in India. The board conducts two national level standardized
examinations every year, one for class X and the other for class XII students. Over
1.2 million students appear for class X board examinations annually, while over 1
million students appear for class XII board examinations on an average. The stream
of study chosen after matriculation is a major determinant of the field of study a
student can choose in college or university taking admission via various national and
state level competitive examinations. We study the stream choices of three cohorts
of students who took the standardized board examinations under the CBSE at both
class X and XII level.

For each student, we have board examination results data for each subject in
class X (2 languages, Mathematics, Science and Social Science) and for each subject
in class XII which they opted for after class X. We have their exact scores out of 100
in each of these subjects as well as their grades ranging from A to E, along with the
overall score, grade and final result (pass/fail). Thus, for each class XII student, we
know the subjects they opted for their higher secondary schooling and their scores
in those subjects. We match these class XII students to their class X results using
a unique roll number assigned to each class X student in each academic year. From
a total of 3,134,622 class XII students in three cohorts from years 2014, 2015 and
2016, 2,406,163 are matched with their class X results from years 2012, 2013 and
2014, respectivelyﬁ. We restrict our analysis to this set of students who appeared

for both class X and XII board examinations under the CBSE.

8The unmatched 728,459 or 23.24% students, that is, the students who did not have a CBSE
class X roll number, are the students who have migrated to CBSE in class XI from other school
boards.

10



In addition to subject scores and grades, we also have information on the gender,
date of birth, caste status, annual family income and single child status of students.
The data also tells us the type of their school administration (public, private, and
so on). We also have a school identifier for each student at both class X and XII,
which need not necessarily be the same.

Table [1| reports the summary statistics for the variables available in the CBSE
data. Out of a total of 2,405,349 students, around 44% are girls. The mean age
of students in class X is 16.68 years. Almost 73% of the students belong to the
unreserved General caste category, while 7.31% belong to Scheduled castes (SC),
3.32% to Scheduled tribes (ST) and the remaining 16.31% belong to Other Backward
Classes (OBC).

In class XII, the largest majority of students (68%) are enrolled in private schoold™
The Government schools come second enrolling close to 20% of students in our sam-
ple. More than 62% of class X students opt for school based board examination. The
mean annual family income of students is 292,655.8 INR with a very large variance.
Around 6% students are single children in their families. The mean score of students

in class X is 348.91 out of 500 and in class XII is 329.93 out of 500.

4 Descriptive Analysis

In this section, we discuss in detail each of the explanatory factors we consider for

the decomposition exercise. We describe the variables used to measure the factors

19Schools in India can be government owned (Government), privately owned but financially aided
by the government (Private Aided), or privately owned by individuals, trustees or societies (Inde-
pendent)(Anderson and Lightfoot|2019). The Kendriya Vidyalayas are government owned special
schools to cater to the educational needs of the children of transferable Central Government employ-
ees. The Jawahar Navodaya Vidyalayas are also government owned schools for talented students
predominantly from rural areas.

11



and their differential distribution across girls and boys.

4.1 Overall stream choice

Though we take an in-depth look into the choice of only three subjects in this paper —
Mathematics, Biology and the Physics-Chemistry-Mathematics (PCM) combination,
this subsection gives a general view of the gender divide with respect to all subjects
in class XI.

Table [2| reports the pattern of take-up of the most common subjects offered to
CBSE students after matriculation. Column 1 specifies the subject/subject combi-
nation, column 2 shows the percentage of all students who opted for that subject
in class XI. column 3 shows what proportion of those who opted for a subject were
girls. Finally, columns 4 and 5 show the shares of girls and boys, respectively, who
opted for the given subject.

The gendered pattern in the choice of subjects comes out clearly from Table
While more than 53% of boys take-up Mathematics after class X, only around 35%
of girls do so. The gap is slightly muted but still close to 13 percentage points in
case of Physics and Chemistry, and around 5.5% in Computer Science. In contrast,
the gender gap favours the girls in case of Biology, History, Political Science and
Hindi. It is the largest, at around 12 percentage points, for Biology and around 7
to 8 percentage points for History, Political Science and Hindi. For the rest of the
subjects, namely Geography, Economics, English, Business Studies and Accounts,
the difference in the take-up rate between girls and boys is 5 percentage points or
below.

The last three rows of Table [2| show subject combinationﬂ. It can be seen that

20Tt must be reiterated that these subject combinations have been created by the authors to match
the most commonly taken subject combinations in CBSE. The board does not require students to

12



there is an over 20 percentage points gap in the take-up of PCM in favour of boys.
The difference is much smaller, and in favour of girls, in case of Arts and Commerce:
5 percentage points and 2 percentage points, respectively.

It is clear from Table [2| that the largest differences in take-up between girls and
boys exists in Mathematics and PCM in favour of boys, and in Biology in favour of
girls. From here onward in this paper, we focus on these three streams only. We now

move on to discuss each of the four categories of explanatory factors in detail.

4.2 Ability

It was briefly discussed in the introduction that multiple studies have established
that a difference in ability across girls and boys now accounts for a negligible portion
of the gender gap in stream choices (Turner and Bowen||1999; |Dickson|2010; Riegle-
Crumb and King 2010} [Riegle-Crumb et al.|[2012; Friedman-Sokuler and Justman
2016; Rapoport and Thibout|2018; Justman and Méndez|2018). As a matter of fact,
as we progress towards more recent studies, lesser and lesser portion of the gender gap
is explained by a difference in ability. For example, Turner and Bowen! (1999) find,
using a Blinder Oaxaca decomposition, that Scholastic Aptitude Test (SAT) scores
explain as much as 45% of the gender gap in the take-up of Mathematics-Physical
Sciences as college major in the USA. In contrast, using the same decomposition
technique, Justman and Méndez (2018) show that Australia’s National Assessment
Program-Literacy and Numeracy (NAPLAN), along with other control variables does
not explain the gap in Physics, Information Technology and Specialist Mathematics
at all.

Table [3| shows score comparison between girls and boys in our dataset. We use

opt for subjects from a combination package and they can choose any five subjects from the available
subjects.

13



each student’s class X score in the CBSE board examination as a proxy for their
ability. Since students make subject choices immediately after class X, these scores
make justifiable candidates. In addition, they are standard across all schools under
CBSE. Thus they can be used even if students changed schools post matriculation.
There are five subjects in class X: Mathematics, Science, Social Science, and two
languages. While 99.83% of students have English as one language in class X, 83.76%
of students have Hindi. Table [3|reports the scores in these five subjects for girls and
boys. Column 2 gives the overall means, column 3 gives the means for girls and
column 4 for boys. The last column gives the difference between the means for girls
and boys in terms of the standard deviation of the overall sample (value in column
2).

It is evident from Table [3| that the differences between the average scores of
girls and boys are very small: only a small fraction of the corresponding standard
deviations. In fact, girls outperform boys in every subject, except in Mathematics,
where they lag behind by 0.04 of a standard deviation.

Next, Figure 1| explores how the class X scores relate to students’ stream choices.
For each graph in Figure [I| we calculate score deciles for boys and girls separately.
Then we calculate the proportion of boys (girls) in each decile who opted for the
given subject in class XI. These proportions are then plotted against the class X
score deciles.

In the top panel, Figures [Ia] [Ib] and [Id show the rate of take-up of Mathematics,
PCM and Biology over class X total score deciles. Firstly, the take-up increases with
score for both girls and boys for all three streams, implying that ability is a positive
predictor of these subjects in general. Secondly, the gap in stream choice exists at

virtually all deciles of the total score distribution, strongly implying that total scores

14



will be poor explanators of the gender gap in stream choice. For Mathematics and
PCM, it starts low at the lower deciles, then stabilizes around the 4% decile. For
Biology, the gap is flipped in favour of girls and is practically zero till the 2" decile.
Beyond that the gap increases with increasing score, mainly because the curve for
boys flattens after around the 6 decile.

In the next two panels, we replace the class X total score deciles with score deciles
of the relevant subject in class X to see if these do a better job of explaining the
gender gap. Figures|ld and [le|in the second panel plot the gender wise take-up rates
of Mathematics and PCM over class X Mathematics score deciles. We see a very
similar pattern as seen in the previous panel: the gap starts low, stabilizes around
the 4" decile, and exists throughout the Mathematics score distribution. The last
panel shows the take-up rates for PCM and Biology over class X Science score deciles.
Here too, the graphs resemble the ones in the top panel. Figure [Lg| for Biology, for
example, shows that the gap is negligible in the beginning and widens with increase
in score.

The discussion so far in this section suggests that while ability variables are pos-
itively correlated with take-up of Mathematics, PCM and Biology, they are unlikely
to account for a major portion of the gender gap. This is because the score distri-
butions do not differ substantially between genders and moreover, the gender gap
exists at every point in the score distribution. A more nuanced variant of the ability
related explanations is the concept of Comparative Advantage in ability which we
take up next.

Comparative advantage in ability borrows from the concept of comparative ad-
vantage in international trade. It means that boys do better in Mathematics and

mathematically oriented subjects compared to subjects involving language and verbal

15



skills. Girls, on the other hand, have an advantage in language and life sciences. It
is this comparative advantage in ability that drives the gendered pattern of stream
choices observed across countries (Park et al. 2007; Valla and Ceci [2014)). Many
recent studies have looked at the role such differential ability advantage plays in stu-
dents’ stream choices and found that the differences are more cultural than biologi-
cal. For example, [Friedman-Sokuler and Justman, (2016) find no evidence that boys’
comparative advantage in Mathematics drives their higher take-up of the subject
in a sample of Israeli schools. |Justman and Méndez| (2018) show that comparative
advantage exists but not at the gender level, rather between students with and with-
out an English background in Victoria, Australia. In fact, Pope and Sydnor| (2010)
show that comparative advantage varies significantly across the US, suggesting again
that culture and environment greatly affect the observed differences in abilities. In
a recent paper, Goulas et al. (2020) exploit the random assignment of students to
classrooms in the context of Greece and find that for females, comparative advantage
matters when it is higher as compared to their classroom peers, while it seems to be
irrelevant for boys.

The source of the difference notwithstanding, existence of comparative advantage
in a subject over others may still drive stream choice across genders. Table 4 quanti-
fies the comparative advantage in ability in our data. Since we are comparing across
subjects, we convert absolute scores into standardized scoref?!] The first set of rows
in Table [4] gives the mean standardized scores of class X scores for girls and boys. As
also seen in Table[3] girls score above the mean in all subjects except in Mathematics.

For the mean gap in scores in the next set of rows, we simply subtract the standard-

21Scores are standardized by subtracting the cohort mean from a student’s own score and dividing
the difference by the cohort standard deviation. The resultant standardized scores will have a mean
of 0 and standard deviation of 1 within a cohort.
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ized score in English, for example, from that in Mathematics and average it over girls
and boys separately. We see that boys indeed have a statistically significantly higher
comparative advantage in Mathematics and Science over language compared to girls:
boys score better in Mathematics and Science compared to English on an average
(difference is positive). The opposite is true for girls. It is interesting to note that
boys also have a comparative advantage in Mathematics compared to Science. Girls
do better in languages compared to Mathematics and Science, but they do better in
Science compared to Mathematics as well. This could potentially account for some
of the gap in the take-up of Biology, the non-mathematical Science course. Finally,
the last set of rows show that the above pattern exists in the overall sample as well:
a higher proportion of boys secured higher scores in Mathematics and Science than
in English, while a higher proportion of girls secured higher scores in Science than
in Mathematics.

To summarise, while ability correlates positively with a higher take-up of Math-
ematics, Biology and PCM, the gender gap in the take-up is undiminished across
the entire distribution of scores. On the other hand, we see that boys do have a

comparative advantage in Mathematics over languages as well as Science.

4.3 Cohort Peers

A number of studies have shown that behavioural differences exist between males
and females. Females have been shown to exhibit less confidence, lower competi-
tiveness and higher risk aversion (Gneezy et al. 2003; Gneezy and Rustichini|2004;
Niederle and Vesterlund 2007; |Gneezy et al. 2009; [Fletschner et al. [2010; |Charness
and Gneezy 2012 [Jakobsson! 2012; Hardies et al. [2013; Pirinsky|[2013; [Sarsons and

Xu/[2015). An implication of these differences is that men and women may behave
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differently among the same peers. Undoubtedly, the education literature has built
upon this observation and explored whether peer composition affects female perfor-
mance differentially (Marsh et al. 2008; [Hunt| 2016; |Anelli and Peri|2019; [Fischer
2017 [Kugler et al.|[2017; Bostwick and Weinberg 2018} |Astorne-Figari and Speer
2019; |Landaud et al.|2020). Hunt| (2016)) and Bostwick and Weinberg (2018) show,
for example, that a lower proportion of females among peers can negatively impact
a woman’s outcomes. |Fischer (2017) and Landaud et al.| (2020)), on the other hand,
show that higher performing peers can be detrimental to female performance and
choices. We explore these two aspects of peers in our context.

First, Table |5 describes the gender composition in our data. We look at gender
composition at class X level since stream choice decisions are potentially based on
factors present at that time. Panel A reports that out of a total of 12,691 schools in
our data, 1,046 are all-girls schools, 1,347 are all-boys schools and a majority 11,253
are co-educational schools. The average female share in cohort is 44% in the overall
sample and close to 42% in the sample of co-educational schools. Panel B shows the
gender composition of peers in the cohort of an average girl and boy in the data.
Overall, girls have a higher proportion of girls in their peer group at school, and
boys have higher proportion of boys. This is to be expected given the existence of
single-sex schools in the data. Thus we look at only co-educational schools in the
last two rows. Here, while the average female share is below 50% for both girls and
boys, the average girl has 46% female share in her cohort, while the average boy has
only 39% females in his cohort.

We now consider the second aspect of cohort peers: peer performanceF_Z]. Here

22Peer performance is calculated by subtracting a student’s own score from the sum total of
cohort score of the school and then dividing the difference by the number of peers (total number of
students in the school minus 1). Gender wise peer performance indicators are calculated similarly,
except that the student’s own score is subtracted only when own gender matches the gender of the
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too we look at class X cohort peers of students and their performance in class X
board examination. Panel A of Table [6] reports mean peer performance figures for all
schools in the data. The peer set of girls are lower performing than that of boys. An
average peer of a girl scores 345 out of 500 in class X, while that of a boy scores 352
on average. The next two rows depict performance figures for female and male peers
separately. Again, boys have higher performing female peers than girls but slightly
lower performing male peers than girls.

However, looking at only male and female cohort peers at a time eliminates single-
sex schools for at least one gendeﬁ. Thus, we report the numbers for co-educational
schools only in Panel B. Here we see that girls have an overall lower performing set

of both female and male peers.

4.4 Immediate Seniors

In this section, we build on the premise that a student interacts with a number of
people in a school environment. This includes her teachers, cohort peers as well as
school seniors. Under this subsection, we use a student’s immediate seniors when
in class X to elicit an explanatory factor called “Chilly Climate” (Clark Blickenstaff
2005), which is novel in the economics literature.

We have three consecutive cohorts in our dataset: class XII batches of 2014, 2015
and 2016 (who were in class X in 2012, 2013 and 2014, respectively). The class X of
2012 (2014 batch of class XII) is the immediate senior of the class of 2013, and the
class X of 2013 is the immediate senior of the class of 2014. As we do not have data

on class X batch of 2011, we only consider the later two cohorts for this part of the

peer group being considered.
23For example, looking at only female cohort peers eliminates only-boys schools and vice versa
when looking at only male cohort peers.

19



analysis, and use the two older cohorts for constructing our independent variables
involving immediate seniors. Since we are looking at decisions made after class X,
we consider seniors in the schools students were enrolled in class X. A number of
studies have documented that when women enter male dominated fields of study
or occupation, they encounter a hostile or an unwelcome environment or a “chilly
climate”. A male dominated field translates into overt or covert discrimination, a
feeling of misfit or being at a loss (Sadker and Sadker| 1986} |Fouad et al.|2011; Lordan
and Pischke |2016; Tellhed et al.|2017; Wu/[2017)). Potentially, this is also a possibility
for males entering female dominated fields. We propose that students can gather
an idea about what it would be like to enter into streams dominated by the other
gender by looking at their seniors. In particular, students in class X can look at the
gender composition of the senior Mathematics, PCM and Biology class and form a
perception about how “chilly” the climate would be if they do choose these subjects
post matriculation. If they see a higher share of their own gender among seniors who
opted for the respective subjects, they may be more encouraged to opt for them.
Out of Y seniors of a student who opted for a subject, if g are girls and b (=Y — g)

are boys, then

Chilly climate measure for girls = %

(1)
b

Chilly climate measure for boys = —

=~

The lower the value of this measure, the “chillier” the expected climate will be
for a student.

Table [7] shows how the distribution of our measure of chilly climate varies across
genders. We only look at co-educational schools for this part of the analysis where
students have both male and female seniors. Column 2 reports the overall mean

share of own gender students in senior Mathematics, PCM and Biology classes. On
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an average, a student sees that 55% of the seniors who opted for Mathematics or
PCM are of her own gender, while 50% of Biology opting seniors are of her own
gender. The next two columns report these values for girls and boys separately.
Here, we see that while an average boy sees that almost 70% of the students in
the senior Mathematics class are boys, an average girl sees that only 35% of those
students are girls. The difference is even larger for PCM. The pattern expectedly
flips for Biology with girls having 63% of own gender students in senior Biology class

and boys having only 40%.

4.5 Socioeconomic characteristics

Finally, in this subsection, we describe the background socioeconomic characteristics
of students. We already saw the statistics related to these variables in Table
Table |8 shows their distribution across girls and boys. More girls than boys belong
to General caste category, while more boys belong to the OBC category. Fewer girls
than boys are enrolled in Independent schools, more girls are enrolled in government
schools. Finally, fewer girls than boys are single children in their families. The
difference in the annual family income is not statistically significant due to the large

standard deviations.

5 Decomposition Analysis

Our aim in this section is to formally decompose the gender gap in the rate of take-
up of Mathematics, PCM and Biology in our dataset. For this, we use a regression
framework and a decomposition framework. Below, we a give general description of

both the methodologies.
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5.1 Regression framework

We run the following linear probability model:

Sz’sc = 50 + Bl-F;'sc + B2-EESC + Cc + 5d + Eise- <2)

Here S;,. is the subject choice of student 7 in school s in cohort c¢. It is a
binary variable which takes value 1 if the student chose subject S after class X,
and 0 otherwise. Fj,. is a dummy variable for a female student. FEFj,. stands for
Explanatory Factor measured at the level of a student 4 in school s in cohort c. It
can be socioeconomic characteristics of students, a measure of their ability, variables
related to cohort peers or those measuring the chilly climate aspect of immediate
seniors. C, are cohort fixed effects to control for unobservables within a cohort and
04 are district fixed effects to control for unobservables at the district level.

In this framework, we will monitor the movement of the female dummy vari-
able, F;,.. Without any controls, the coefficient of female dummy captures the raw
difference between the take-up of a subject between boys and girls. We then add

explanatory factors to see if it is sensitive to the addition of these controls.

5.2 Decomposition framework

Pioneered by Blinder| (1973)) and (Oaxaca| (1973) to study wage gaps, decomposition
techniques “decompose” a gap in a distributional statistic between two groups into
an “explained” and a residual, “unexplained” component (Fortin et al. 2011)). The
explained component is the one due to a difference in endowments between the two
groups. The unexplained part is due to a difference in the returns to those en-

dowments. In this paper, we use the Blinder-Oaxaca decomposition technique(Jann
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2008)).

It is commonplace in the decomposition literature to use the coefficients of the
dominant group to calculate the explained part of the decomposition in the wage gap.
The dominant group, in general, has higher returns to the given set of attributes like
education and experience. This is not always the case in our context, as we will see
in the next section. We instead use coefficients from a pooled model to determine
the explained component as proposed by Neumark| (1988)) and Oaxaca and Ransom
(1994). To avoid overestimation of the explained part due to inappropriate spillage
of some of the unexplained component into the explained component, we also include
a dummy for a female student as an additional covariate in the pooled model (Jann
2008). Let E(Xpg) be the mean level of an endowment for boys and E(X¢) be that for
girls. Then the explained component of the Blinder-Oaxaca decomposition is given
by {[F(Xp) — E(X¢)|'Bp}, where Sp is the coefficient from the pooled regression
and is assumed to be the same for girls and boys.

We now delve into each of the categories of explanatory factors one by one and

report the results in the next section.

6 Results

6.1 Ability

We begin by reporting results from the linear probability models. Recall that we
need to track the movement in the coefficient of the female dummy for our purposes.
We add the socioeconomic status (SES) variables as the first set of explanatory
variables. Thereafter we use them as controls with all other explanatory factors.

Table [9 reports the first set of results. The first three columns have Mathematics as
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the subject choice, columns 4, 5 and 6 have PCM and the last three have Biology
as the subject choice. The first columns for each subject only add the cohort and
district fixed effects. The second columns add the SES variables, which include the
(administrative) caste, annual family income and single child status of a student.
The third columns for each subject add ability variables. These include the class
X total score, class X Mathematics and Science scores and comparative advantage
term@. To recall, a student’s comparative advantage in subject A vs. B is measured
as the difference in her standardized scores in these two subjects.

For Mathematics, we saw from Table [2[ that the raw gender gap is 19.12 percent-
age points. As explained in Section [5.1], this would be the value of the coefficient on
the female dummy without any other variables on the right hand side. We see from
column 1 of Table [ that the addition of cohort and district fixed effects reduces the
size of the coefficient on the female dummy by around 2 percentage points to 17.1
percentage points. The addition of SES variables in column 2 leaves the coefficient
effectively unchanged. The addition various measures of absolute and comparative
advantage in ability in column 3, on the other hand, actually increases the magni-
tude of the female dummy coefficient by 0.7 percentage points. Class X total score
has a negative and statistically significant coefficient. While this may seem counter-
intuitive, we must note that the specification includes all the other ability terms and
the net return to class X total score is negative. The size of the coefficient, how-
ever, is very small. The coefficients on both Mathematics score and Science score are

positive but statistically significant only for Science score. Finally, a comparative ad-

24Gince adding all three comparative advantage terms together leads to collinearity and one of the
terms gets dropped, we include only two of them for each subject choice. A comparative advantage
in Mathematics vs. English and in Science vs. English are added for Mathematics and PCM while
a comparative advantage in Science vs. English and in Science vs. Mathematics are added for
Biology.
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vantage in Mathematics vs. English has a large, positive and statistically significant
association with choosing Mathematics after class X, while a comparative advantage
in Science vs. Mathematics has a negative and statistically significant correlation.

Columns 4 to 6 show very similar results for PCM. All terms, except the class X
Mathematics score, have coefficients that are similar in magnitude, sign and statisti-
cal significance to those of Mathematics. The coefficient of the class X Mathematics
score has a negative and statistically significant coefficient. Importantly, the addition
of all ability terms together increases the magnitude of the female dummy coefficient
for PCM too.

Columns 7 to 9 for Biology show that class X total score has a positive and sta-
tistically significant coefficient, as does the coefficient of class X Mathematics score.
Class X Science score has a negative and statistically significant association with the
take-up of Biology. Lastly, a comparative advantage in Science vs. Mathematics
has a large and positive coefficient which is statistically significant. The coefficient
of the Science vs. English comparative advantage term has a negative coefficient.
Most importantly, while the fixed effects and SES variables increase the size of the
female dummy coefficient above the raw gender gap of 11.6 percentage points ob-
served in Table [2], the ability terms purge the size of the female dummy coefficient
by 1 percentage point compared to the raw gap.

Table[10|reports results from the Blinder-Oaxaca decomposition. We measure the
gap as take-up of boys minus that of girls. As explained in Section[5.2], the coefficients
from Table [9] will be used to calculate the explained components. Columns 1 and 2
report results for Mathematics, followed by PCM in columns 3 and 4 and Biology
in columns 5 and 6. The first row gives the total gap in the take-up in percentage

points. The following rows give the contribution of SES and ability variables in
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percentage points. The numbers in the brackets below give the contribution as
a percentage of the total gap ((percentage points explained/total gap)*100). The
odd numbered columns only have the socioeconomic status variables. First consider
Mathematics and PCM. The SES variables explain 0.79% of the total gap of 19.08
percentage points in Mathematics and a statistically insignificant portion of the 20.57
percentage points gap in PCM. The ability variables are added in the next columns.
Class X total score explains less than 1% of the gap in Mathematics and in PCM.
The contribution of the class X Mathematics score is statistically insignificant for
both the subjects. The contribution of the class X Science score, on the other hand,
is negative. To understand this mathematically, recall that the “explained” part
of the gender gap is given by the term {[E(Xp) — E(X¢)|'Bp}, where Sp is the
coefficient from the pooled regression of Table [} Since girls have a higher mean
Science score than boys, the expression inside the brackets is negative in sign, while
Bp is positive, resulting in a negative product. Intuitively, this can be understood by
using the counterfactual exercise. If girls had the mean Science scores of boys, which
is lower than their actual scores, then the gender gap would, in fact, be higher than
what is observed, since Science scores are positively correlated with the probability
of choosing Mathematics.

The largest contribution to the explained part comes from the gender differences
in comparative advantage in Mathematics vs English. It explains around 19% of
the gap for both Mathematics and PCM. The Science vs. English comparative
advantage term, however, has a negative contribution to the explained part. This is
to be expected given the negative coefficient of this term in Table [9] and that girls
have a higher mean value of this attribute. The last row shows that all the ability

terms together explain 5.92% of the gender gap in Mathematics take-up and 4.42%
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of that in PCM take-up.

For Biology, the total gap is -11.65 percentage points as the take-up rate of Biology
is lower among boys compared to girls. Column 5 shows that when only SES variables
are added, the explained percentage is statistically insignificant. Class X total score
explains around 6% of the gap. Boys have lower class X total score on average,
and if girls had scores like boys, they would be lesser likely to choose Biology and
thus the gender gap will be smaller. The contribution of class X Mathematics score
is statistically insignificant while that of the Science score is negative. This means
the predicted gap is higher: if girls had Science scores like that of boys, they would
have even higher probability of choosing Biology (The coefficient on Science score
is negative in Table |§|) For Biology too, the largest contribution comes from the
comparative advantage term. A comparative advantage in Science vs. Mathematics
explains 9% of the gender gap in Biology. If girls were counterfactually given lower
mean values of Science vs. Mathematics comparative advantage, they would be
9.01% less likely to choose Biology. All the ability factors together explain 10.64%
of the 11.65 percentage points gender gap in Biology.

Summing up, comparative advantages in the relevant subjects turn out to be the
largest explanators under the ability head. They explain around 19% of the gap in
Mathematics and PCM and around 9% of the gap in Biology. Taken together, ability
differences can explain less that 6% of the gap in Mathematics and PCM and a little
over 10% of the gap in Biology.

Hereafter, we skip the results from the linear probability models for the remainder

of the explanatory factors. The same are available from the authors upon request.
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6.2 Cohort Peers

We now consider our next set of explanatory factors: cohort peers. As discussed in
Section 4.3, we consider two aspects of the cohort peers of a student: the share of
female students in her cohort, and the quality of these peers as measured by their
average scores in class X board examinations.

Table shows the decomposition results. Column 1 has Mathematics as the
subject choice, column 2 has PCM and column 3 has Biology. The first row shows
the total gender gap in this sample of students from co-educational schools. All
specifications include the SES variables as controls.

For Mathematics, we observe that female share in cohort peers explains 3.65% of
the gender gap in take-up. If girls had lower share of females in their cohorts as boys
do, they would be 3.65% more likely to opt for Mathematics post matriculation. The
highest contribution comes from average peer score. We saw in Table [f] that girls
have poorer quality peers compared to boys. If they had higher performing peers on
average, like boys do, they would be able to close the gender gap by around 8%. The
contribution of average female peer score is statistically insignificant, while that of
average male peer score is negative. Overall, the peer related attributes can explain
9.13% of the gender gap in Mathematics.

The results column 2 show that for PCM average cohort peer score is the only
statistically significant contributor to the explained part. It can close the gender gap
in PCM by around 5.5%. The total explained portion is also close to 5.5% since the
contribution of the other peer related variables is statistically insignificant.

In case of Biology, column 3 shows that the individual and well as overall contri-
butions of cohort peer related variables is either statistically insignificant or negative.

Thus, if girls had the mean levels of female share in cohort and cohort peer scores like
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boys, they would be even more likely to opt for Biology, thus widening the gender
gap in the take-up.

To sum up, among the variables related to cohort peers, average cohort peer score
is the largest contributor to the explained part for Mathematics and PCM, while for

Biology, the contribution of cohort peer variables is negative.

6.3 Immediate Seniors

We now move on to consider our last set of explanatory factors where we use a
student’s immediate seniors to elicit the chilly environment aspect of making a stream
choice. As explained in Section [4.4] only the two younger cohorts can be used for
this part of the analysis. The two older cohorts — class X batches of 2012 and 2013,
are the immediate seniors of the two younger cohorts — class X batches of 2013 and
2014, respectively.

Table shows decomposition results. Again, column 1 presents the results
for Mathematics, column 2 for PCM and column 3 for Biology. We see that for
Mathematics and PCM, the total explained gap is the largest so far: 13.90% and
15.82%, respectively. The individual contribution of our chilly climate measure is
close to 13.5% for Mathematics and a little over 15% for PCM. Thus, if girls expected

4

to face a “warm” climate upon choosing Mathematics and Biology like boys do, as
is evident from Table 7] they would be 14% to 15% more likely to opt for these male
dominated subjects.

Column 3 shows that of our chilly climate measure can explain around 6% of the
gender gap in Biology. This contribution, while positive and statistically significant,

is much smaller than that observed in columns 1 and 2. The total explained part is

5.35% for Biology.
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Overall, our measure of chilly climate explains around 14% and 16% of the gender
gap in Mathematics and PCM and around 5% of the gap in Biology. It is interesting
to note that the expected chilliness in the climate of a course dominated by the oppo-
site gender is the most important factor for girls for avoiding that course (compared
to the other explanatory factors studied in this paper). It is also interesting that this
is a much less important factor for boys. Thus, while a skewed sex ratio discourages
girls to enter in Mathematics and PCM, this is not an important factor for boys

when making a choice to take up female dominated courses like Biology.

6.4 All Factors

To directly compare their strength against each other, Table (13| presents decomposi-
tion results when all the factors considered so far are added together. Column 1 shows
explained parts for Mathematics, column 2 for PCM and column 3 for Biology?’}

For Mathematics, we see that only our measure of chilly climate (share of own
gender students in senior Mathematics class) has a positive and statistically signif-
icant contribution. It can explain around 13.5% of the gender gap in the take-up
of the subject. The contribution of a comparative advantage in Mathematics vs.
English, though large and positive, is statistically insignificant. Taken together, all
the factors explain 9.09% of the gender gap in Mathematics.

For PCM too, the chilly climate measure is the largest contributor to the ex-
plained part (14.73%), closely followed by a comparative advantage in Mathematics
vs. English (13.29%). Together, all the factors can explain around 8% of the gender
gap in PCM.

On the other hand, for Biology, the largest contribution comes from class X total

25Due to the inclusion of variables related to peers and immediate seniors, the sample for this
exercise is restricted to co-educational schools in the later two cohorts.
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score which explains 12.08% of the gap. The chilly climate measure is the only other
statistically significant contributor, explaining a little over 5% of the gender gap.
All the variables together can explain over 16% of the gender gap in the take-up of
Biology.

Thus, even when we put all the factors together, our observation from the previous
subsection still holds. Our measure of chilly climate is the largest contributor to
explaining the gender gap in the male dominated subjects of Mathematics and PCM,

but not for a female dominated subject like Biology.

7 Discussion

While we are able to explore a wide range of factors possibly responsible for the
stream choices of students, a caveat in our findings is that at least 84% of the gap
remains unexplained even after accounting for all those factorsFE]. In this section we
discuss the possible sources for this residual gap and the scope of future research.
One of the major explanatory factors studied in the literature, which we were
unable to examine given our dataset, is individual preference. A number of studies
have shown that girls and boys have very different preferences regarding the non-
pecuniary aspect of a career (Montmarquette et al.[2002; |Baram-Tsabari and Yarden
2011; Kahn and Ginther 2017; Wang and Degol 2017; Patnaik et al.2020). For
example, girls place a higher value on enjoyability of the course material (Zafar
2013; Wiswall and Zafar|2015), people oriented careers (Diekman et al.[2010; Eccles
and Wang2016)) and family-work life balance (Bronson|2014; Wasserman|2015) than
boys. These differences could be a result of social conditioning where men and women

are required to fill in preordained gender roles. Differential risk and confidence across

26The highest percentage of the gender gap is explained for Biology in Table which is 16.30%.
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genders could also shape their preferences. Finally, especially in the context of India,
decision making agency is also crucial. Girls (and often boys) may not be choosing
streams based on their preferences, but based on what their parents deem fit for
them. The choice of parents could, in turn, be driven by marriage market demands,
cost of education, willingness to spend on education as well as on availability of
higher education institutes in their locality. For example, girls may not be allowed
to take Mathematics or PCM because pursuing STEM programmes after high school
either involves a higher cost of education, or a relevant college is not available in the
vicinity and parents are reluctant to send their daughters to far away colleges. It
could also be because a girl child is not expected to continue education after school.
A boy, similarly, may be discouraged to opt for Biology because of social desirability
bias, or even because a career in medicine has a long gestation period and boys are
expected to start earning early on in their life.

The foremost implication of these is that the girl-boy difference in stream choice
is not superficial. Rather, it is deep rooted in cultural upbringing and societal expec-
tations (Giuliano 2020)). The policies designed to bridge this gap have to incorporate
these nuances and target deeper issues of gender stereotyping, marriage market func-
tionalities, and post marriage balance of power and division of labour in the family.
A most pressing future area of research would be to link career choices with marriage

market variables.

8 Conclusion

In this paper we examine in detail the first stream choices of students in India after
class X. Using three cohorts of results data from the Central Board of Secondary

Education (CBSE), we first quantify the extent of the gender gap in subjects chosen
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in higher secondary school. We find that there is a 19.12 percentage points difference
in the take-up Mathematics between boys and girls. The gap is 20.59 percentage
points in PCM choice. Boys are also 5 percentage points more likely to opt for
computer Science. Girls, on the other hand, are 11.60 percentage points more likely
to choose Biology and 5 percentage points more likely to choose Arts and Economics.

Next we describe each category of our explanatory factors one by one and doc-
ument how they are distributed differently across girls and boys. The largest dif-
ferences between the genders are seen in the attributes related to their immediate
seniors. Then we examine each explanatory factor under a decomposition frame-
work using the Blinder-Oaxaca linear decomposition technique. We report three
broad findings. One, the contribution of the chilly climate measure is asymmetric
by whether a subject is male or female dominated. The chilly climate measure is
the largest explanator of the gender gap in Mathematics and PCM, but not in Bi-
ology. If girls had the share of own gender students in the senior Mathematics and
PCM classes like boys, the gender gap in these subjects would have closed by 14%
and 16%, respectively. Two, for Mathematics and PCM, a comparative advantage
in Mathematics vs. English is the second largest contributor to explaining the gap,
while it is the class X total score for Biology. Three, when put together, peer com-
position and peer performance variables do not explain any statistically significant
portion of the gender gap in any of the three subjects. This is possibly because the
differences in peer attributes is small across genders. We also note that even after
accounting for gender differences in a wide range of attributes, at least 84% of the
gender gap in our data remains unexplained. The differences observed in the form
of stream choices actually masks huge differences in upbringing, expectations and

balance of power between men and women from a very young age.
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Note: Each graph plots the gender wise proportion of students who opt for a given subject after
matriculation over class X score deciles. The first row plots the take-up of Mathematics, PCM
and Biology over class X total score deciles. The second row plots the take-up of Mathematics
and PCM over class X Mathematics score deciles. The third row plots the take-up of PCM and
Biology over class X Science score deciles. Data source: Central Board of Secondary Education.
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Table 1: Summary Statistics

Total students 2,405,349
Girls 43.99%
Mean age in class X 16.68 years

Caste

General 73.06%

Scheduled Castes 7.31%

Scheduled Tribes 3.32%

Other Backward Castes 16.31%

Type of school administration (Class XII)

Private Aided 1.68%

Government 19.55%

Independent 68.04%

Jawahar Navodaya Vidyalaya 3.04%

Kendriya Vidyalaya 7.40%

Mean score (out of 500)

(std. dev)

Class X 348.91
(73.96)

Class XII 329.93
(83.67)

Other attributes

Mean Annual family income (INR) 292,655.8

(std. dev) (1,757,698)

Single child 5.82%

Note: Castes are the administrative caste categories in India. Data source:
Central Board of Secondary Education.

Table 2: Subject choice

Subject Share of students Of which girls Share of girls Share of boys Difference (Boy — girl)
(percent) (percent) (percent) (percent) (in percentage points)
Mathematics 45.40 33.62 34.70 53.81 19.12%%*
Physics 48.68 37.58 41.60 54.25 12.65%**
Chemistry 48.89 37.61 41.80 54.46 12.66%**
Biology 17.06 60.75 23.56 11.95 -11.60%**
Computer Science 9.65 30.16 6.62 12.03 5.41%%%
History 15.58 54.87 19.44 12.56 -6.88%**
Political Science 17.14 55.51 21.63 13.61 -8.02%**
Geography 8.26 42.72 8.02 8.45 0.43%**
Economics 35.17 47.56 38.03 32.93 -5 11
Hindi 16.36 56.02 20.84 12.85 -7.99%**
English 96.49 43.19 94.74 97.87 3.13%**
Business Studies 29.57 46.01 30.93 28.50 -2.43%F*
Accounts 29.60 45.89 30.88 28.60 -2.28%**
Subject combinations
PCM
(Phy+Chem+Math) 36.79 30.20 25.25 45.84 20.59%**
Arts
(History+Pol. Sc.) 13.01 54.07 15.99 10.67 -5.32%**
Commerce
(Bus. Studies+Acc) 29.17 46.0 30.52 28.11 2. 41K

Note: The table reports the pattern of stream choice of the most frequently offered subjects by CBSE schools post matriculation. The first column
shows the subject/subject combination. The second column shows the percentage of all students who opt for that subject. The third column shows
what percentage of students who opt for the subject are girls. The next two columns show the percentage of girls and boys, respectively, who opt for

that subject. The last column reports differences between columns 5 and 4.

Secondary Education.
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* p<0.10, ** p<0.05, *** p<0.01. Data source: Central Board of



Table 3: Gender wise class X scores

Subject Overall mean Girls’ mean Boys’ mean Difference (Boy — girl)
(std. dev) (std. dev) (std. dev) (in std. dev terms)

English 70.51 71.40 69.81 0. 11
(14.83) (15.08) (14.59)

Hindi 73.33 74.63 72.31 -0.17Hx*
(13.80) (13.80) (13.72)

Mathematics 66.41 66.02 66.73 0.04%**
(17.45) (17.35) (17.52)

Science 67.43 67.70 67.21 -0.03%**
(16.39) (16.36) (16.42)

Social science 69.55 70.16 69.06 -0.07***
(16.12) (16.20) (16.04)

Total 348.91 351.66 346.75 -0.07HH*
(73.96) (74.24) (73.67)

Note: * p<0.10, ** p<0.05, ** p < 0.01. Significance levels in the last column indicate the statistical
significance of the differences between columns 4 and 3. Standard deviations in parenthesis. Data source:
Central Board of Secondary Education.

Table 4: Gender wise comparative advantage

Girls Boys Difference
(Boy — girl)
Mean standardized scores
Mathematics -0.023  0.018 0.04%%*
English 0.060 -0.047 -0.17%%*
Science 0.017 -0.013 -0.03%**
Mean gap in scores

Mathematics-English -0.081  0.066 0.15%**
Science-English -0.041  0.035 0.08%**
Mathematics-Science -0.040 0.031 0.07%**

Percent who score better in (%)

Mathematics vs English  46.67 56.43
Science vs English 49.42 55.19
Mathematics vs Science 49.71  55.82

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Significance levels in the last
column indicate the statistical significance of the differences between columns
3 and 2. Scores are standardized by subtracting the cohort average from a
student’s own score and dividing the difference by the standard deviation of
scores in the cohort. Data source: Central Board of Secondary Education.
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Table 5: Gender composition and school type

Panel A
Type of school Number of schools Number of students Average female share in cohort (%)
(std.dev)
Total 12,691 24,05,349 43.99
(23.75)
All girls 1046 2,18,048 1
(0)
All boys 1347 1,64,234 0
(0)
Co-education 11,253 20,23,067 41.52
(13.01)
Panel B
Group Average female share in cohort (%)
(std.dev)
Girls 56.81
(25.61)
Boys 33.92
(16.16)
Girls in co-ed schools 45.60
(14.71)
Boys in co-ed schools 38.63
(10.75)

Note: Panel A gives summary statistics of different types of schools based on gender composition. Panel B re-
ports gender wise peer composition of the cohort of an average student. Data source: Central Board of Secondary
Education.

Table 6: Gender wise peer performance

Mean peer performance  Overall For girls For boys  Difference

(out of 500) (std. dev) (std. dev) (std. dev) (Boy — girl)

Panel A: All schools

All peers 348.90 345.15 351.84 6.69%**
(48.84) (49.97) (47.72)

Female peers 359.98 351.61 367.45 15.84%**
(40.03) (52.29) (44.60)

Male peers 347.21 347.99 346.73 -1.26%**
(48.40) (48.76) (48.16)

Panel B: Co-educational schools

All peers 356.87 354.35 358.66 4,317
(45.59) (47.61) (44.02)

Female peers 365.40 362.50 367.45 4.95%**
(46.54) (49.00) (44.60)

Male peers 350.83 347.99 352.85 4.86%**
(46.89) (48.74) (45.40)

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Significance levels in the last column indicate
the statistical significance of the differences between columns 4 and 3. Mean peer performance is
calculated by subtracting a student’s own score from the sum total of scores of the students in her
cohort in her school, and dividing the difference by the number of students in her school cohort
minus one. Data source: Central Board of Secondary Education.
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Table 7: Gender composition of senior class

Chilly climate measure Overall mean (%) Mean for girls (%) Mean for boys (%) Difference
(std. dev) (std. dev) (std. dev) (Boy — girl)
Own gender in senior Math class 55.05 34.45 69.45 35.00%**
(23.20) (16.81) (14.58)
Own gender in senior PCM class 55.43 31.59 72.06 40.4T7F*F*
(25.51) (17.41) (14.85)
Own gender in senior Bio class 49.41 63.30 39.74 -23.567%F*
(23.84) (20.66) (20.94)
Note: * p<0.10, ** p <0.05, ** p < 0.01. Significance levels in the last column indicate the statistical significance of the differences
between columns 4 and 3. The table shows the gender composition of students’ seniors’ classes. Data source: Central Board of Secondary
Education.
Table 8: Gender wise socioeconomic characteristics
Attribute Mean for girls (%) Mean for boys (%) Difference
(Boy — girl)
Caste
General 74.45 71.96 —2.49**
Scheduled Castes 7.70 7.00 —0.70"*
Scheduled Tribes 3.60 3.10 —0.50**
Other Backward Classes 14.25 17.93 3.68"*
Type of school administration
Private aided 1.85 1.54 —0.31%*
Government 24.83 15.41 —9.42%*
Independent 62.37 72.49 10.12%*
Jawahar Navodaya Vidyalaya 2.69 3.32 0.63***
Kendriya Vidyalaya 8.04 6.90 —1.14*
Type of board examination in class X
External board exam 35.88 38.82 2.94x*
School board exam 64.12 61.18 —2.94%*
Other attributes
Mean Annual family income (INR) 293,174 292,248.9 -925
(std. dev) (6,96,698.5) (22,48,034)
Single child 5.26 6.25 0.99***

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Significance levels in the last column indicate the statistical
significance of the differences between columns 3 and 2. Castes are the administrative caste categories of India.
Data source: Central Board of Secondary Education.
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Table 9: Stream choice and ability

1 2) ®3) (4) (5) (6) (7) (8) 9)
math math math pcem pem pcm bio bio bio
F -0.171%*  -0.170*** -0.177* -0.179**  -0.178*** -0.185"* 0.125"*  0.126™* 0.106***
(0.00247) (0.00242)  (0.00182)  (0.00196) (0.00193)  (0.00167)  (0.00158) (0.00157)  (0.00141)
Class X total score -0.000181*** -0.000350*** 0.00141***
(0.0000615) (0.0000523) (0.0000386)
Class X Math score 0.000463 -0.00497** 0.00296*
(0.00264) (0.00227) (0.00177)
Class X Science score 0.0169*** 0.0207*** -0.00477**
(0.00279) (0.00240) (0.00188)
CA in Math vs Eng 0.248*** 0.267**
(0.0456) (0.0393)
CA in Science vs Eng -0.243™ -0.253"* -0.00220
(0.0455) (0.0392) (0.00136)
CA in Science vs Math 0.149***
(0.0308)
SES v v v v v v
Cohort FE v v v v v v v v v
District FE V4 4 V4 4 V4 V4 V4 V4 V4
N 2384412 2384412 2384371 2384371 2384371 2384371 2384371 2384371 2384371
R? 0.124 0.128 0.369 0.169 0.172 0.350 0.120 0.121 0.165

Note: Linear probability results are reported. Outcome is a dummy variable which takes value 1 if subject is chosen. Robust standard errors clustered at the school
level are in parenthesis. CA stands of Comparative advantage, calculated by subtracting the standardized scores of one subject from another. SES stands for
socioeconomic status variables which include caste dummies, annual family income and single child status of the student. * p < 0.10, ** p <0.05, *** p < 0.01.
Data source: Central Board of Secondary Education.

Table 10: Gender gap decomposition: Ability

Blinder-Oaxaca decomposition

Explanatory factor added Explained (percentage points)
Percent explained (%)
W ) @ @ ) (©)
Mathematics Mathematics ~PCM PCM Biology  Biology
Total gap (percentage points) 19.08 19.08 20.57 20.57 -11.65 -11.65
SES 0.15%** 0.08%*** 0.16 0.14%%* 0.09 0.09%**
(0.79%) (0.42%)  (0.78%) (0.68%) (-0.77%) (-0.77%)
Class X total score 0.09** 0.18%** -0. 71
(0.47%) (0.88%) (6.09%)
Class X Math score 0.03 -0.34 0.20
(0.16%) (-1.65%) (-1.72%)
Class X Science score -0.86** -1.06%* 0.24*
(-4.51%) (-5.15%) (-2.06%)
CA in Math vs Eng 3.64%%* 3.91%%*
(19.08%) (19.01%)
CA in Science vs Eng -1.84%* -1.07%k -0.02
(-9.64%) (-9.28%) (0.17%)
CA in Science vs Math -1.05%H*
(9.01%)
Total 0.14%%* 1.13%%* 0.15 0.917%%* 0.09 -1.24%%%
(0.73%) (5.92%)  (0.73%) (4.42%) (-0.77%) (10.64%)

Note: Decomposition results are reported. The first row shows the gender gap in take-up in percentage points for the column.
The following rows report the detailed decomposition contribution of ability related variables in percentage points. The terms in
the brackets report the contribution as a percent of the total gap shown in the top row. Robust standard errors clustered at the
school level are in parenthesis. CA stands for Comparative Advantage, measured as the difference in class X standardized scores
of the two subjects. SES stands for socioeconomic status variables which include caste dummies, annual family income and single
child status of the student. * p < 0.10, ** p <0.05, *** p < 0.01. Data source: Central Board of Secondary Education.
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Table 11: Gender gap decomposition: Cohort peers

Blinder-Oaxaca decomposition

Explanatory factor added Explained (percentage points)
Percent explained (%)

(1) (2) (3)

Mathematics ~ PCM Biology

Total gap (percentage points) 19.16 20.64 -14.90
Female share in cohort 0.70%** 0.23 1.05%**
(3.65%) (1.11%) (-7.05%)

Average peer score 1.54%%* 1.13%%* 0.58**
(8.04%)  (5.48%)  (-3.89%)

Average female peer score -0.09 -0.15 -0.05
(-0.47%) (-0.73%) (0.34%)

Average male peer score -0.46%** -0.21 -0.21%*
(-2.40%)  (-1.02%)  (1.41%)

SES 0.10%** 0.17%%* 0.07***
(0.52%)  (0.82%)  (-0.47%)

Total 1.75%%% 1.14%%% 1.48%**

(9.13%)  (5.52%)  (-9.93%)

Note: Decomposition results are reported. The first row shows the gender gap in take-up
in percentage points for the column. The following rows report the detailed decomposition
contribution of cohort-peer related variables in percentage points. The terms in the
brackets report the contribution as a percent of the total gap shown in the top row.
Robust standard errors clustered at the school level are in parenthesis. Sample is restricted
to co-educational schools. SES stands for socioeconomic status variables which include
caste dummies, annual family income and single child status of the student. * p <
0.10, ** p < 0.05, *** p < 0.01. Data source: Central Board of Secondary Education.

Table 12: Gender gap decomposition: Immediate seniors

Blinder-Oaxaca decomposition

Explanatory factor added Explained (percentage points)
Percent explained (%)

1) (2) 3)
Mathematics PCM Biology

Total gap (percentage points) 18.70 20.16 -15.89
Percent of own gender in senior subject class 2.52%%% 3.04%** -0.93%**
(13.48%)  (15.08%)  (5.85%)
SES 0.08** 0.15%** 0.08%**
(0.43%)  (0.74%)  (-0.50%)
Total 2.60%** 3.19%** -0.85%**

(13.90%)  (15.82%)  (5.35%)

Note: Decomposition results are reported. The first row shows the gender gap in take-up in percentage
points for the column. The following rows report the detailed decomposition contribution of variables related
to immediate seniors in percentage points. The terms in the brackets report the contribution as a percent of
the total gap shown in the top row. Robust standard errors clustered at the school level are in parenthesis.
Sample is restricted to co-educational schools in the later two cohorts of 2015 and 2016. SES stands for
socioeconomic status variables which include caste dummies, annual family income and single child status of
the student. * p < 0.10, ** p < 0.05, *** p < 0.01. Data source: Central Board of Secondary Education.
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Table 13: Gender gap decomposition: All factors

Explanatory factor added Blinder-Oaxaca decomposition
Explained (percentage points)
Percent explained (%)

(1) (2) ®3)

Mathematics PCM Biology
Total gap (percentage points) 18.70 20.16 -15.89
SES 0.05*** 0.12%** 0.07***
(0.27%) (0.60%) (-0.44%)
Class X total score -0.18%* -0.22% -1.92%%*
(0.96%) (-1.09%) (12.08%)
Class X Math score -0.30* -0.10 0.07
(-1.60%)  (-0.50%) (-0.44%)
Class X Science score -1.21% -1.95%* 0.12
(-6.47%)  (-9.67%) (-0.76%)
CA in Math vs Eng 2.17 2.68%*
(11.60%) (13.29%)
CA in Science vs Eng -1.14 -1.46* 0.09**
(-6.10%) (-7.24%) (-0.57%)
CA in Science vs Math -0.64
(4.03%)
Female share in cohort 0.15 -0.08 0.56%***
(0.80%) (-0.40%) (-3.52%)
Average peer score 0.19 -0.00 0.03
(1.02%) (-0.00%) (-0.19%)
Average female peer score -0.14* -0.16%** -0.03
(-0.75%)  (-0.79%) (0.19%)
Average male peer score -0.40%** -0.20* -0.11
(-2.14%) (-0.99%) (0.69%)
Percent of own gender in senior subject class 2.52%** 2.97*** -0.83%**
(13.48%)  (14.73%) (5.22%)
Total 1.70%** 1.61%%* -2.59%H*
(9.09%) (7.99%) (16.30%)

Note: Decomposition results are reported. The first row shows the gender gap in take-up in percentage points for the
column. The following rows report the detailed decomposition contribution of variables related to ability, classroom peers
and immediate seniors in percentage points. The terms in the brackets report the contribution as a percent of the total
gap shown in the top row. Robust standard errors clustered at the school level are in parenthesis. Sample is restricted to
co-educational schools in the later two cohorts of 2015 and 2016. SES stands for socioeconomic status variables which include
caste dummies, annual family income and single child status of the student. * p < 0.10, ** p < 0.05, *** p < 0.01. Data
source: Central Board of Secondary Education.
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