University Choice: The Role of Expected Earnings, Non-pecuniary
Outcomes and Financial Constraints

~_ Adeline Delavande _
University of Essex; Nova School of Business

_ Basit Zafar
Arizona State University; NBER



Abstract: We investigate the determinants of students’ university choice in Pakistan, with a
focus on monetary returns, non-pecuniary factors enjoyed at school, and financial constraints.
To mitigate the identification problem concerning the separation of preferences, expectations and
market constraints, we use rich data on subjective expectations, with direct measures of financial
constraints, to estimate a life-cycle model of school choice jointly with school-specific expectations
of dropping out. We find that labor market prospects play a small role. Instead, non-pecuniary
outcomes, such as the school’s ideology, are the major determinants. Policy simulations suggest

that relaxing financial constraints would have large welfare gains.

JEL Codes: D81; D84; 121; 123.

Keywords: school choice; credit constraints; subjective expectations.

Acknowledgments: We would like to thank Maricar Mabutas, Victoria Gregory and, Ellen
Fu and, in particular, John Conlon for outstanding research assistance. We thank James Heckman
(the editor) and four anonymous referees for comments and suggestions. This paper has also bene-
fitted from comments from Peter Arcidiacono, Sonia Bhalotra, Zach Bleemer, Lance Lochner, Steve
Pudney, Chris Taber, Joao Santos Silva, Todd Stinebrickner, Luis Vasconcelos, Matthew Wiswall
and from participants at various conferences and seminars. We are enormously indebted to our
local field teams and participating institutions for without their assistance this project would not
have reached its conclusion. Funding for data collection through a RAND Independent Research
and Development grant is gratefully acknowledged. Delavande acknowledges funding from the

Economic and Social Research Council Research Centre on Micro-social Change.



1 Introduction

Higher education participation has expanded considerably worldwide in the last 50 years, moving
in the direction of a mass system of education. Simultaneously, higher education systems are
undergoing changes, such as the growth of for-profit universities in the US, the emergence of a
vibrant private sector in many developing countries, and the creation of universities by religious
organizations in Latin America and Asia (Task Force on Higher Education and Society, 2000).
High school graduates, therefore, have a very wide range of options of higher education institutions
available to them, which differ in terms of quality, cost, and other important characteristics. In this
paper, we estimate a life-cycle utility model of university choice to investigate the determinants of
the choice of higher educational institutions.

We focus on the role of expected monetary returns, non-pecuniary factors enjoyed at school,
and financial constraints in university choice, conditional on participation in higher education. Un-
derstanding the relative role of preferences, expectations (or information sets) and market struc-
tures is challenging with the type of data on school attendance and family background typically
available (e.g., Cunha, Heckman, and Navarro, 2005). The reason for this challenge is a threefold
identification issue. First, expectations about future earnings are usually not observed. Second,
students’ expectations about non-pecuniary outcomes enjoyed while at school are similarly usu-
ally not observed. Making inference on the decision-making process based on choice data and
maintained assumptions on expectations is problematic since observed choices might be consis-
tent with several combinations of expectations and preferences (e.g., Savage, 1954; Manski, 1993).
Finally, data typically available do not provide a direct way of identifying which students are credit
constrained (e.g., Lochner and Monge-Naranjo, 2012).

In this paper, to circumvent these identification issues, we use new data on (i) subjective ex-
pectations about labor market outcomes, (ii) subjective expectations about non-pecuniary factors
(namely alignment of the school’s teachings with own ideology, parental approval, and graduation
rank), (iii) subjective expectations of dropping out, (iv) choice sets reflecting which schools are

in each student’s budget constraint, and (v) stated school choice with and without financial con-
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straints. We estimate a life-cycle utility model of university choice without having to make strong
assumptions on expectations about labor market outcomes and non-pecuniary factors, or about
which students are financially constrained. By combining data on stated choices and expectations
held at the time of the choices, we can separate expectations from preferences.

For this purpose, we survey male students of college-going age who are currently pursuing the
equivalent of a Bachelor’s degree in different types of colleges in two urban centers in Pakistan.
Students are provided with a hypothetical scenario of school choice, and asked to rank five different
existing universities in terms of their preference of enrolling in them (assuming guaranteed admis-
sions), conditional on their current financial status as well as conditional on no school costs. The
former is the student’s constrained stated choice, and the latter the unconstrained stated choice.
This approach of using stated choice allows us to isolate students’ “pure” preferences — at the time
of the survey — free from other confounds, including admission, learning, financial constraints, and
the role of other agents in students’ past school choices. The five universities provided in the choice
scenario cover the higher education spectrum in Pakistan, ranging from expensive Western-style
elite (private) universities with high associated labor market returns at one end to free religious in-
stitutions (Madrassas) at the other, with public universities somewhere in the middle. The Pakistani
higher education system that we consider is diverse, making it useful to analyze school choice. Our
setting is relevant beyond Pakistan because of the similarity of Pakistan’s education system to the
rest of South Asia, home to nearly a quarter of the world’s population.

Our survey also collected data from students on their beliefs about various outcomes (such as
graduation rank, parents’ approval and labor market outcomes) if they were to enrol in each of
those five schools. We find considerable variation in students’ beliefs for the outcomes considered
across the different schools, as well as significant heterogeneity in beliefs across individuals within
each school. The subjective belief data, however, paint a sensible picture. For example, students
from all schools believe on average that age 30 earnings conditional on working and graduating
from a Western-style university are substantially higher than those conditional on graduating from

a Madrassa, which is consistent with patterns in actual earnings data. The data also suggest that



students tend to sort into institutions along the non-pecuniary outcomes: for example, beliefs re-
garding parents’ approval and graduation rank are, on average, highest for the school the students
are currently enrolled in. Likewise, average beliefs for drop-out tend to be the lowest for the
student’s current school.

We use the stated constrained choice — that is, the stated choice under the respondent’s cur-
rent financial situation — and the expectations data to estimate the preference parameters for (log)
consumption and for the non-pecuniary factors. Importantly, we model how the expectation of
drop-out depends on the same structural parameters as the ones relevant to university choice, and
use both the stated choice and the subjective probability of drop-out as outcomes to identify and
estimate the model using a Generalized Method of Moments (GMM) procedure.

The estimates of the structural parameters indicate that while expected earnings are a statis-
tically significant determinant of the type of university chosen, they play a rather small role in
the choice: the elasticity of school choice with regards to earnings is about 0.12, comparable to
similarly low schooling choice elasticities found in developed countries (Arcidiacono, 2004; Beffy
et al., 2011; Wiswall and Zafar, 2015). On the other hand, non-pecuniary school-specific factors
play a major role in the choice: we find that both parents’ approval of the choice and the alignment
of the school’s teachings with one’s own ideology are very important drivers of the choice. For
example, students are willing to give up about a quarter of age 30 consumption to improve the
likelihood of these outcomes by 2 percentage points.

We take advantage of the richness of the data to assess the validity of our structural model. We
use the choice model preference parameters (estimated using students’ constrained stated choice)
to predict students’ choices if school costs were set to zero. We then compare those predictions
to students’ stated unconstrained choices that, as mentioned above, were also elicited in the same
survey. This is similar in spirit to assessing the robustness of a structural model using out-of-sample
validation (e.g., Todd and Wolpin, 2006; Galiani et al., 2015). The distribution of enrollment
generated by the model matches the stated choice distribution under no school costs very well.

This strengthens the credibility of the data quality and the modeling assumptions, and gives us



greater confidence in using the model to simulate alternative policies.

Next we use our estimated parameters to simulate the impact of several sets of policies on
students’ welfare and enrollment. The existing literature provides empirical evidence that expec-
tations are history and context-dependent.! So when conducting policy simulations, we allow the
expectations about drop-out and about parental approval, that we have explicitly modelled, to vary
with the policy considered. We only age-adjust the other expectations as we argue that they are
unlikely to be affected by the policies in the short-run. We find that relaxing financial constraints
by providing students with either loans or free schooling (financed by a tax on earnings during
students’ later working lives) would increase students’ welfare substantially. Sixty percent of the
students in our sample would be better off and almost 20% would enroll in a different school if
loans to finance school costs were available. Our conclusions are largely unchanged if we take
admission constraints into account. This suggests that financial constraints play a significant role
in the intensive margin of university choice in a setting like Pakistan, where well-functioning credit
markets are lacking, and borrowing or lending is not possible for schooling. Underscoring the im-
portant role of non-pecuniary factors and the heterogeneity in tastes for school-specific ideology,
we find that any policy which would make schools more homogenous in terms of their teach-
ings would have limited impact on enrollment but would result in welfare losses for a third of the
students.

Our methodology of using strategically-designed survey questions is clearly appealing since
we do not have to worry about other confounds. The validity of this approach hinges on two
implicit assumptions. First, that students report their expectations (as at the time of the survey)
truthfully. This is an assumption that is implicitly made when using any survey data, and is not
specific to expectations data. Note that our approach does not require that expectations be accu-

rate or predictive of actual realizations (though systematic biases in expectations may have certain

'For example, individuals who experienced a recession when young believe that success in life depends more
on luck than effort (Giuliano and Spilimbergo, 2014); life-time personal experiences affect inflation expectations
(Malmendier and Nagel, 2016); those in sub-Saharan Africa who live in regions prone to frequent drought report
larger subjective probabilities of experiencing food shortages or of having to rely on family members for financial
assistance (Delavande and Kohler, 2009); and those affected by recent conflict report lower expectations for their
future economic situation (Bozzoli et al., 2011).



implications for policy). Second, that the stated choices reported in the hypothetical scenarios are
reflective of what respondents would do in actual scenarios. There is growing evidence that the
two approaches of using stated choices or actual choices yield similar preference estimates. Mas
and Pallais (2017) find that the stated approach yields preference estimates for alternative work
arrangements that are similar to those from revealed choices, and Wiswall and Zafar (2018) find
that preferences for workplace amenities recovered from stated hypothetical choices are predic-
tive of actual subsequent real-world choices.? Therefore, it seems that the stated approach yields
meaningful responses when the hypothetical scenarios presented to respondents are realistic and
relevant for them, as is the case for the school choice scenarios that we consider.

Our paper relates to various strands of the literature on educational choice. It belongs to a long
tradition of work seeking to determine whether expectations about future earnings (or about returns
to schooling) influence college attendance, college major or occupation choice (e.g., Willis and
Rosen, 1979; Berger, 1988; Flyer, 1997; Arcidiacono, 2004; Buchinsky and Leslie, 2010; Beffy
et al., 2012). The prior literature has relied on various types of assumptions (such as myopic or
rational expectations) for the mapping between realized earnings and expected earnings. However,
existing research from both developed and developing countries has found that individuals tend to
be misinformed about the returns to schooling (e.g., Betts, 1996; Jensen, 2010; Wiswall and Zafar,
2015).

This has prompted some empirical work on educational choice using expectations data about

future earnings.> While some work in psychology suggests that people are more likely to think in

2Using stated choice, rather than actual choice, is becoming common in many fields and is similar to “conjoint
analysis” and “contingent valuation” methods, used in marketing, environmental and natural resource economics, and
health (Louviere et al., 2000). Earlier papers in this literature found that the two approaches produce comparable
utility parameters (e.g., Adamowicz et al., 1994, Ben-Akiva and Morikawa, 1990, Hensher and Bradley, 1993). In
addition, stated choices/intentions have been shown to relate strongly to actual behavior (see, for example, Steel and
Ovalle, 1984 for job turnover; Delavande and Manski, 2010 for voting; Parker and Souleles, 2017, for consumption
response to tax rebates and stimulus payments). Using strategically-designed survey questions in conjunction with
structural models has also been fruitfully applied to household financial decisions (Ameriks et al., 2015).

3See for example Giustinelli (2016) and Zafar (2011a). A related line of research, surveyed in Cunha and Heckman
(2007), has been to use panel data on earnings combined with college choice information, and a framework in which
one can identify (i) components of the life-cycle earnings that are forecastable and acted on at the time of the schooling
decision is made, and (ii) components that are not forecastable. The papers reviewed in Cunha and Heckman (2007)
estimate that, for a variety of market structures and preferences, over 50% of the ex-post variance in returns to college
is forecastable.



terms of frequency rather than probabilities (e.g., Gigerenzer, 1991), subjective probabilities and
expectations have increasingly been asked in surveys in the last 20 years. The existing evidence
suggests that these elicited expectations are meaningful in both developed and developing coun-
tries, even in very low literacy settings: for example, expectations have been shown to vary with
observable characteristics in the same way as actual outcomes, and expected outcomes have been
found to be strongly associated with future outcomes at the individual-level (see Manski, 2004 and
Delavande, 2014 for a review in developed and developing countries respectively).

More recently, these data have been shown to be useful to make inferences about decision-
making in various domains (e.g., Delavande, 2008; Lochner, 2007; Stinebrickner and Stinebrick-
ner, 2014a; Wiswall and Zafar, 2015). In existing work, elicited expectations are typically either (i)
taken as given and combined with choice data to make inference on preferences parameters, or (ii)
used as the dependent variable (as an expected choice instead of an actual choice). We contribute
to the expectations literature by combining both approaches: we explain a (stated) school choice
that depends on various expectations, including one which is about an event the student has con-
trol over (drop-out), that is in turn explicitly modelled as a function of the preference parameters
influencing school choice.

Related to our work, Arcidiacono et al. (2012) and Wiswall and Zafar (2015) use earnings’
expectations to estimate a life-cycle model, focusing on major choice in the US. Attanasio and
Kaufmann (2014) examines the role of expectations about returns to schooling and of perceptions
of labor market risks in the decision to continue further education (that is, the extensive margin)
in Mexico. We complement these papers by: (1) directly taking into consideration non-pecuniary
outcomes (such as ideology) and additional sources of uncertainty (e.g., regarding dropping out and
employment) which are then embedded into a structural model; (2) looking specifically at the role
of financial constraints; (3) using both choices and expectations as outcomes to identify structural
preferences parameters, and allowing expectations to be policy-variant; (4) conducting an out-of-
sample validation of our structural model; and (5) providing the first evidence for understanding

university choice on the intensive margin in a developing country setting.



Our paper also relates to a large literature investigating the role of credit constraints in higher
education (see Lochner and Monge-Naranjo, 2012, for a review). As mentioned above, this is a
challenging task given that most standard data sources do not provide a direct way of identify-
ing which students are credit constrained. The literature has adopted various approaches to deal
with this difficulty.* Similar in spirit to Stinebrickner and Stinebrickner (2008), our study design
bypasses this identification issue by asking students directly which schools are in their budget
constraints. This allows us to identify precisely which students are financially constrained in their
school choice. Furthermore, our structural model also enables us to provide evidence on the impor-
tance of credit constraints by simulating various policies that would relax those constraints. Other
studies in developing countries suggest similarly that credit constraints are substantial in places
like Mexico, Chile and South Africa (Gurgand et al. 2012; Kaufmann, 2012; Solis, 2017)

Finally, our paper also builds upon a line of research on the role of non-pecuniary outcomes or
psychic costs on educational choice (e.g., Abbott et al. 2016; Cunha et al., 2005; D’Haultfoeuille
and Maurel, 2013; Jacob and Lefgren, 2007; Navarro and Zhou, 2016; Stinebrickner and Stine-
brickner, 2014b; Jacob, McCall, and Stange, 2018; Wiswall and Zafar, 2018). The literature finds
low educational choice elasticities with respect to earnings (e.g., Beffy et al., 2012, Wiswall and
Zafar, 2015), suggesting that non-pecuniary factors are important. In fact, Eisenhauer, Heckman,
and Mosso (2015) argue that psychic costs play a dominant role in explaining schooling decisions,
which constitutes a challenge for the economics of education. Our approach incorporates certain
non-pecuniary factors directly in the choice model (for example, religious ideology which is par-
ticularly relevant in the South Asian context), and is able to quantify their importance in driving
educational choices.® We find that these non-monetary factors play a dominant role in school

choice in a developing setting. Given that prior literature has been unable to get into the black box

“One approach focuses on looking at the role of income (or wealth) on college attendance (and college quality),
after controlling for the student’s ability and other family background (e.g., Belley and Lochner, 2007, Cameron
and Heckman, 1998, Carneiro and Heckman, 2002, Lowenheim, 2011). Another approach uses differential returns
to schooling for constrained and unconstrained students (e.g., Lang, 1993, Card, 1999, Cameron and Taber, 2004).
A third approach estimates structural life-cycle schooling models and evaluates various policies, including relaxing
borrowing constraints (e.g., Keane and Wolpin, 2001, Cameron and Taber, 2004).

SZzafar (2013), using a similar methodology, finds that enjoying studying the coursework and gaining approval of
parents is instrumental in the choice of majors in the US context.



of psychic factors, the approach used in this paper illustrates the potential of using such methods
to understand the determinants of human capital choices.

This paper is organized as follows. We provide an overview of the South Asian and Pakistani
education systems in Section 2. Section 3 outlines a model of school choice. Section 4 describes
the study design and data collection methodology. We examine heterogeneity in subjective beliefs
about earnings and other school-specific outcomes, and stated school choice in Section 5. Section
6 reports estimates from a structural life-cycle utility model of school choice, while section 7

presents our policy experiments. Finally, Section 8 concludes.

2 The Higher Education System in South Asia and Pakistan

The higher education system is organized similarly across South Asia, with flagship universities at
the top of the hierarchy and lower-tier universities absorbing remaining demand (EIU, 2013). The
soaring demand for higher education has led to the growth of private universities since the mid-80s
(notably in India, Afghanistan, Bangladesh and Pakistan), accompanied with a shift of the costs of
tuition away from the state and onto students, and uneven quality of education.

In Pakistan, this transition is already well under way: dependence on public funding is limited
and universities are increasingly funded through fees and commercial ventures. Forty-five percent
of the 138 Pakistani universities are private.® In addition to the recognized private institutions, a
large number of illegal private universities operate throughout the country. Both public and private
universities have their own entrance exams which are based on the SAT. Colleges may also base
admission decisions on the Intermediate/Higher Secondary School Examination and/or a personal
interview. Access to higher education is still limited though: in 2011, the enrollment rate for
students between ages 17-23 was 5.1% (Higher Education Commission Pakistan, 2012).

Another feature across South Asia is the possibility to acquire higher education outside the con-

ventional university system, in Madrassas (Islamic religious schools). The madrassas in Muslim

5This rate is between that of Bangladesh and Afghanistan (both at 62%) and India (33%) (EIU, 2013)
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South Asia teach a curriculum known as Dars-i-Nizami, which runs from seven to nine years after
the completion of the elementary level and covers subjects such as (Arabic) grammar, rhetoric,
Islamic history, and mathematics. This certification is recognized to be equivalent to a Bachelors
or Masters degree by the Pakistani Ministry of Education. A key feature of Madrassas is that they
are generally free; usually they do not have any entrance exams either. Estimating Madrassas’
enrollment in Pakistan, where 97% of the population is Muslim, is challenging because fewer than
a third are registered (Rashid, 2000). However, Ahmad (2004) estimates that there are about 6,000
(secondary and higher level) Madrassas, educating about 600,000 students.

Our study focuses on three types of institutions that represent distinct parts of the higher ed-
ucation spectrum in Pakistan. At one end, we have Western-style universities that are similar to
American colleges. They provide a liberal arts curriculum, classes are taught in English, and have
mixed-gender campuses. These private institutions charge high tuition and fees, and cater pri-
marily to wealthy students. Islamic Universities (IU), which are somewhere in the middle of the
spectrum, provide a liberal arts curriculum combined with Islamic teachings and courses. These
universities have segregated campuses for males and females, and classes are taught in Arabic or
English. These institutions tend to be public and, therefore, are accessible to low and middle in-
come groups. Finally, at the other end of the spectrum are Madrassas (M), which are generally
free and are believed to offer a viable alternative to families that are unable to afford expensive
schools (Singer, 2001). Madrassas usually do not impart any vocational training, and most of their
graduates go on to work in the religious sector.

While returns to schooling are high in a developing country context like Pakistan (Jaffry et
al., 2007), the returns do differ by the type of school, with lower returns associated with public
schooling (relative to private) and with Islamic education (Berman and Stepanyan, 2004; Asadul-

lah, 2009).7

"Data from the late 70s however show that unemployment was typically low after graduating from a Madrassa
(Ahmad, 2004).
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3 Model

This section develops a simple model of school choice. A student i lives for 7" + 1 periods. Prior
to period ¢ = 0, student ¢ chooses a school s where he enrolls. In period ¢ = 0, he enrolls in
school s to acquire education. Within period ¢ = 0, he can decide to drop out from school s or
graduate from school s. In period ¢ = 1, he enters the labor market where he stays till period
t = 1,...,T. In our set-up, the student’s most important decisions are: (i) the choice of school,
and (ii) whether to drop-out once enrolled in a school. These are important not only because they
affect the stream of future earnings (and thus consumption) but also because of the following three

1., Whether the

individual- and school- specific factors that the student values when in school: a
school’s teachings are consistent with i’s ideology; a?., whether his parents approve of the school;

18!

and a?

187

¢’s graduation rank at the time of graduation from the school. These school-specific non-
pecuniary factors are only enjoyed by the student if he does not drop out from the school. In
addition, student 7 incurs a moving cost ¢ if the school he enrolls in is located in a town different
from the one he currently resides in, which is indicated by /;;. This moving cost is incurred as soon
as he enrolls in school s, irrespective of whether he drops out. We further assume that student 7 has
a psychic cost ¥, from dropping out of a school.

Our main interest is to understand student i’s school choice prior to time ¢t = 0. We start by
defining U?,, the utility of graduating from school s once enrolled, and U2 the utility of dropping
out from school s once enrolled. For tractability, we assume that the utility functions are additively

separable, linear in the school outcomes and location, and logarithmic in consumption. They are

given by:
T
UL =0 B In(ch) + 8lis + Wi+, (1)
t=0
T 3
UL =0 B'In(ch) + > ajaf + 6lis + s + s, ®)
t=0 j=1

where 6 is the utility value of log consumption, /3 is the time preference discount factor, cjft IS
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i’s consumption at time ¢ (for j = {g,d} where ¢ denotes graduate and d drop-out), «; is the
utility value of outcome !, and ~, and 7 are school-specific constants. The 7,’s reflect unobserv-
able school-specific factors that are enjoyed when in school, and the ~,’s capture choice-specific
unobservable factors that affect lifetime utility regardless of the drop-out decision.

Consistent with the lack of well-functioning credit markets in Pakistan, there is no borrowing
or lending possible, so student 7 will consume his earnings at every period from¢ = 1 to 7T'. Let
yft for j = {d, g}, denote his period ¢ earnings. At time ¢ = 0, ¢ needs to finance his schooling
out of his parent’s allowance y;, and he faces expected school-specific fees F;, that need to be paid
up-front if he enrolls in school s. If he drops out, his fees will be reimbursed within period ¢t = 0.

His per-period budget constraints are therefore given by:

b < o
clo + Fis < Yio 3)
ch =yhfort=1t0T,h=1{g,t}.

A key feature of the model is that, at the time of choosing school s, the student faces uncertainty
about the school-specific factors as well as lifetime earnings associated with each choice. For
example, i may be unsure about the type of teaching taking place in a school, his ability compared
to other students, and his future labor market earnings if he were to graduate or drop out from a
particular school. Student 7 further expects to receive new information shocks {ffs}j:{d7 o with
mean /.5 once he is enrolled that will inform his drop-out decision. These information shocks are
individual-, school-, and drop-out decision- specific and are assumed by the students to be additive
to the utility functions given in equations (1) and (2). They are not realized at the time of choosing
a school s prior to time ¢t = 0, but will be realized at t = 0 by the time the student decides whether
to drop-out. Based on the information available to him prior to time ¢ = 0, student 7 possesses

a distribution of beliefs G;, of all these events, conditional on each school s. Using the law of

iterated expectations, we now define student :’s subjective expected lifetime utility associated with
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choosing school s prior to time ¢ = 0 as follows:

Ei(Uis) = Pis(d)E(Uf; + &) + (1 = Pi(d)) E(US, + €1,) + €is (4)

— Pu(d) / (U + ¢4 dG,

L (1- Pu(d) / (U9 + €9) dGi + i,

where ¢;, is a random term which is individual- and school-specific, observable to student 7 at the
time of choosing school s but not to the econometrician. Because of the separability assumption
of the utility, only marginal beliefs matter in writing the subjective expected utility. We denote
by P,,(a’) the marginal probability about the binary factors i, for j = {1,2}, and by E;,(a?)
1’s expected graduation rank if he enrolls in school s. Regarding future earnings, besides the
uncertainty about graduating from school s, the student is uncertain about whether he would find a
job, and about what his earnings would be for each of these scenarios. Student i therefore possesses
the following school-specific subjective probabilities: the probability P;(job |d) of finding a job
if he drops out after enrolling in school s and the probability P;;(job | ¢) of finding a job if he
graduates from school s after enrolling in school s. He also possesses subjective expectations Y
about his labor earnings at time ¢ if he enrolls in school s and either drops out (j = d) or graduates
(j = ¢). In case of unemployment, earnings are assumed to be a fraction r of the earnings if
employed. We assume for simplicity that P,;(job | d) and P;s(job | g) are time-invariant.

Student i’s subjective expected lifetime utility of attending school s given in equation (4) can

8For ease of exposition, we initially assume there is no uncertainty in earnings conditional on employment. We
relax this assumption later in the empirical analysis. Note that the specification assumes that students cannot transfer
between schools, and that students enter the labor market after either graduating or dropping out of school.
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then be written as:

Ei(Us) = (1= Pu(d)) |3, oy Pal@) + 03 Bis(a®) + .

+0 [(1 - st(d)) ln<yi0 - Fzs) + st(d) ln(yzo)]

(Pio(d) (Piy(job | d) In(Yisar) + (1 — Piy(job | d)) In(rYieae)) (%)
+0S B
+(1 = Pis(d)) (Pis(job | 9) In(Yigge) + (1 — Pis(jiob | 9)) In(rYige))

+Bs(d)‘lfz + (5[15 + Vs + ,uf + Eis.

At the time of choosing which school to enroll in (i.e., prior to time ¢ = 0), student 7 also
formulates the subjective probability P;s(d) of dropping out from s. It is the probability that his
subjective expected utility of dropping out is strictly larger than his subjective expected utility

of graduating. The information shocks { js} are not realized at the time of formulating

j={d.g}
the subjective probability of dropping out but will be at the time of the drop-out decision, while
the outcomes {a’}3_,, {yd}/_, {y }/=, will still not be realized. Let H;, denote the subjective
distribution of beliefs about the outcomes and F be the subjective distribution of ¢, — &2 prior to

time ¢ = 0. Student 7’s subjective probability of drop-out if he enrolls in school s is therefore given

by:

P,(d) =P ( / UldH;, + €5 > / USdH;, + g) (6)

0 [In(yio) — In(yio — Fis)]
= P, - [Z aiPu@) + asBi(a®)| .
+9 Z?:l ﬁt [ln(Y;sdt) - ln(Y;sgt) + Inr (st(]Ob | g) - st(]Ob | d))] + \I}z

Because student ; cannot borrow to finance the school cost and because fees need to be paid up-

front before the drop-out decision, student i will choose the school s that maximizes his subjective
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expected utility (5) among the set of schools for which the period zero budget constraint ¢;q +
F;, < y;o is not violated; that is, schools for which the fees do not exceed parents’ allowance.
Let S; denote the set of schools that satisfy i’s period zero budget constraint. Student 7 solves
max,cs, £;(Uss), Subject to the budget constraint (3) and equation (6).

The goal of the empirical analysis is to estimate the parameters of the utility function (up to
scale). For this purpose, it is only necessary to have information on the expectations agents hold
at the time they make their choice, since those are the beliefs relevant for the decision-making
process. ldentification of the empirical choice model is discussed in Section 6. As mentioned
above, we relax the conventional approach of assuming a mapping between beliefs and realizations
of outcomes (such as earnings, and ability) for the school that is chosen as well as the schools that
are not chosen, and instead collect data on students’ subjective expectations about school-specific
outcomes.

Importantly, in our analysis of school and drop-out choice, we model some expectations as a
function of the preference parameters (i.e., the subjective probability of drop-out), while others are
taken as given by the respondents (e.g., the subjective probability of a school’s teaching being con-
sistent with ideology). Whether expectations relate to the structural preference parameters depends
on the nature of the event over which expectations are formed. Conceptually, we can classify the
expectations relevant to our model as follows: (i) Expectations over a controlled event or future
choice: the individual has full control over the event/choice (for example, whether to drop-out
or not); (¢7) expectations over uncontrolled events: the individual has no control over the event
and heterogeneity in expectations depends on individual-specific beliefs regarding the underlying
processes and information sets (e.g., school’s ideology, parental approval); and (zi7) Expectations
over semi-controlled events: the individual has direct control over some determinants of the event
but not others, and not over the event itself (e.g., graduation rank, earnings, employment). Expec-
tations over future choices depend on structural preference parameters (in the same way that actual

choices do) while expectations over uncontrolled events do not.°

%In our analysis, we do not model expectations over semi-controlled events. In reality, expectations over semi-
controlled events such as graduation rank and labor market outcomes may be partially affected, for example, by the
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4 Study Design

This section describes our sample, data collection methodology, and survey design.

4.1 The Sample

Our study was conducted in two Western-style universities, one Islamic University (1U), and four
Madrassas (M), all located in Islamabad/Rawalpindi and Lahore between May and October 2010.1°
The Islamabad/Rawalpindi metropolitan area is the third largest in the country with a population of
about 4.5 million, and Islamabad is Pakistan’s capital. Lahore is the capital of the Punjab province
and the country’s second largest city with about 10 million inhabitants.

The institutions in our sample are among the five largest and best-regarded institutions in the
relevant category in each city. Among all the institutions we contacted, one University and one
Madrassa declined participation. We sampled the higher-level students in the four Madrassas since
they are similar in age to university students, and are pursuing the Madrassa equivalent of a Bach-
elor’s degree. Though participation was voluntary, almost everyone in the Madrassas participated
in the study. At the other institutions, a random sample of students was selected to participate
based on a listing of students provided by the Registrar’s Office. The average response rate at the
universities was about 70%. Our analytical sample consists of 2,149 male students.!

The two Western-style universities in our sample differ in their selectivity, reputation, and cost.
We classify the more expensive, selective and reputable university as “Very Selective University”
(VSU), with the other as simply “Selective University” (SU). Since the four Madrassas in our

sample are similar in terms of their student body composition, we pool the data across the four

student’s effort at university or during job search. Thus, they might depend on the structural preference parameters
as well. Conditional on effort, they are however similar to expectations over uncontrolled events. We abstract from
effort decisions in our analysis (implicitly assuming that those decisions are policy-invariant) and focus on school and
drop-out choices.

OWe excluded public secular universities from the study, since they tend to be large and have separate campuses
for each of the broad fields of study. Surveying a representative set of students in such schools would not have been
feasible.

112,347 male students were interviewed. For the empirical analysis, we exclude respondents reporting beliefs
(school costs and expected earnings) below the 0.5th percentile and above the 99.5th percentile of the respective
distributions. The demographic characteristics of the full sample are similar to those of the analytical sample.

17



Madrassas (M). We discuss the data collection procedure in Appendix A.1.

4.2 Sample Characteristics

Table 1 presents the characteristics of students at the four institution groups. There is substantial
sorting in terms of observables into these institutions. As we move across the columns from VSU
towards M in Table 1, the average socioeconomic characteristics deteriorate. For example, the
monthly parental income of VVSU students is nearly twice that of SU students, about 4.5 times that
of students at 1U, and 10 times that of M students. Similar patterns emerge with regards to parents’
education and asset ownership: the proportion of students with at least one college-educated parent
declines from 89% for VSU students to about 13% for M students. The students also differ in the
type of high school they attended, with 75% of the VSU students having attended a private school
compared to only 10% of the M students.

Students from the various groups also report different levels of self-reported religiosity. Stu-
dents were asked to rate how religious they considered themselves on a scale from 0 (not religious
at all) to 10 (very religious). As one may expect, religiosity increases as we move across columns
of Table 1: The average religiosity is 5.4 for VSU students and 9.2 for M students. There is also
variation in the school year of students, with nearly a third of our sample being in the first-year.'?

Regarding the financing of educational expenses, Table 1 shows that the education expenses
are covered largely by parents and family (80%, on average). We also see that M students have a

higher reliance on loans/aid that need to be repaid, and on personal savings/earnings.

5 Description of Expectations and Preferences

This section describes students’ choice set, their stated school choice, and the subjective expecta-

tions data. Appendix A.2 presents the exact wording of some relevant questions from the survey

12Given that Madrassas tend to admit students starting at young ages, only a small proportion (1.5%) of M students
are in the first year in our sample. Throughout the paper, we classify a M student as being first-year if he is 20 years
old or younger. 31.8% of M students fall in that group.
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instrument.

5.1 Stated Choice and Choice Set Data

For the purposes of understanding school choice, we asked respondents to consider the following
hypothetical situation:

"The following questions below ask you to consider some hypothetical enrollment choices as-
suming that you did not start your degree at your current institution. Suppose that you were
guaranteed admission in:

the Bachelor’s degree program at Very Selective University

the Bachelor’s degree program at Selective University

the Bachelor’s degree program at Islamic University

the Alim course at Madrassa-City1l

the Alim course at Madrassa-City 2

Suppose further that you were guaranteed admission only at those 5 institutions. We ask you
to think about where you would choose to go..."

Students were then asked various questions about where they would choose to enroll.*® First,
they were asked to rank the institutions belonging to the constrained choice set according to their
preference for enrolling in them. The set of schools that a student can afford to attend financially
(i.e., the constrained choice set S; from Section 3) is determined as follows: Students were asked
the maximum education-related expenses that they and their family can cover, and the perceived
net costs for each of the five institutions. Schools for which the perceived net costs were at or
below the reported maximum expenses that the student (and their family) can pay are then defined

as being in the student’s constrained choice set. Since the student’s current institution was included

13In the questionnaire, students saw the actual name of each of the institutions. The school the student was currently
enrolled in was included in the list. Depending on the city the student currently resides, two or three of the five schools
were located in the student’s current city. As mentioned above, the institutions we chose are among the five-largest
in their relevant category in their respective city. However, to make sure that students were familiar with them, we
provided students with a 2-sentence description of each school. City 1 refers to a fixed city that was mentioned to the
respondents.
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in the list of schools, the student’s constrained choice set included at least their current school.

Next, students were told to consider a scenario where all expenses would be covered: “As
before, suppose that you are guaranteed admission in each of these five schools, and that you are
provided WITH financial aid such that ALL your expenses (tuition, boarding, room, etc.) are paid
for at each institution.” In this scenario, all 5 schools are part of all students’ choice set. This is
the unconstrained choice set. Students were then asked to rank all 5 institutions in terms of their
preference for enrolling in them. Note that in both scenarios above, students are told that they are
guaranteed admissions into each of the institutions. Therefore, the hypothetical situation abstracts
from any concerns related to admissibility.

We describe below the stated choice data. To facilitate the reading of the tables and description
of results, we use the acronyms VSU, SU, 1U and M when referring to the schools where students
are currently enrolled, and we use the full names (Very Selective University, Selective University,
Islamic University and Madrassa City 1, or Madrassa City 2) when referring to the hypothetical

set of schools that students could enroll in.

5.1.1 Constrained Choice

Panel A of Table 2 shows the statistics related to the constrained choice set. Only about 43% of
the students report being able to afford attending Very Selective University. On the other hand,
94% of students report being able to cover the costs of attending Madrassas. This is consistent
with the actual high costs of attending the universities, and practically no tuition at Madrassas (as
also indicated in column (6) of Table 5 that reports cost). As we move across the columns, the
proportion of students who can attend each school type generally decreases; this variation is quite
sensible since Table 1 shows that socioeconomic characteristics of students deteriorate moving
from VSU to M.

The top panel of Table 2 also shows the proportion of students who rank each of the schools as

14Table A1 in the Online Appendix further shows that there is sensible variation in the affordability of the various
schools by various demographic characteristics. For example, 58% of students from the highest tercile of parents’
income report that the Very Selective University is in their constrained choice set, versus only 27% of students from
the lowest tercile.
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their top choice. We see that Very Selective University is ranked highest by 84% of VSU students,
15% of SU students, 9% of 1U students, and less than 1% of M students. This variation is likely
a result of either differences in preferences and/or feasibility of the choice. Only 45% of SU
students say they can afford Very Selective University. By construction, therefore, at least 55%
of SU students could not have ranked Very Selective University the highest. In fact, we see that
the median number of schools ranked by M students is only 2 (out of five)- the median M student
reports being able to afford only the two Madrassas (and hence only ranks them). Similarly, the
median 1U and SU student only ranks four schools, while the median VSU student ranks five

schools. This indicates that affordability plays an important role in students’ choices.*®

5.1.2 Unconstrained Choice

The lower panel of Table 2 reports the unconstrained choice of the students. Comparing the first
column in the lower panel to that in Panel A, we see that the proportion of students assigning the
highest rank to VSU triples to 37%, while the proportions for the other schools are lower (all these
proportions are significantly different from their corresponding values in Panel A at the 1% level,
using a Chi-square test).

Two patterns are of note in this panel. One, we see that amongst SU and IU students, the
proportion who assign the highest rank to Very Selective University is substantially higher than
the proportion who rank their current institution the highest. Absent school costs and assuming
guaranteed admissions, the majority of SU and IU students (72% and 59%, respectively) would
enroll in Very Selective University. Second, while the increase in M students who rank Very
Selective University is small (from 0.3% to 2%), there is a large jump in the proportion of students
who now rank Islamic University the highest (13% compared to 1% in the presence of school

Costs).

15A notable observation in the top panel in Table 2 is that 27% of the students do not rank their own school as
their first choice. One reason for a different choice may be the fact that some students were unable to gain admission
to their preferred school. Other reasons include the possibility that students have learned new information about the
various schools since they made their choice (see Stinebrickner and Stinebrickner, 2014a and 2014b, for the role of
learning). Likewise, the switching behavior may arise if parents were instrumental in students’ actual choice, which
may not be reflected in the hypothetical choice. We discuss this in Section 6.3.
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The panel also reports the proportion of students who switch their top-ranked school with the
waiver of costs: we see that 41% of the students would choose a different school, were it not for

school costs. This suggests that financial constraints may play an important role in school choice.

5.2 Expectations about Future Earnings

Students were asked two sets of earnings expectations, conditional on each school. First, respon-
dents were asked about their own age 30 earnings conditional on graduating as well as dropping out
from each of the schools (and conditional on working). Students were also asked about the prob-
ability of being employed conditional on graduating as well as dropping out from each of those
schools. These expectations are the relevant ones for their decision-making process (see Section
3). We also collected students’ beliefs about the average earnings at age 30 of a typical working
male graduate of each of these institutions. We refer to these as beliefs about population earnings.
These allow us to investigate whether students are aware of the differential labor market returns

associated with each of the schools.*® We describe each of these expectations in turn.

5.2.1 Expectations about Population Earnings

Table 3 shows the mean, median, and standard deviation of respondents’ beliefs about the average
earnings of current age 30 graduates from each of the schools. Each column shows the beliefs
held by students from a given institution. In column (1), which pools students from all institutions,
we see that the mean belief about monthly population earnings varies between Rs. 17,100 for
Madrassa graduates to Rs. 45,900 for Very Selective University graduates. Selective University
and Islamic University graduates are believed to have earnings that are somewhere in between.
Median earnings beliefs also follow a similar pattern. There is, however, considerable heterogene-

ity in beliefs as indicated by the large standard deviation in beliefs about the population means.

16Such an analysis is not possible for self earnings beliefs since those may differ from objective measures of earn-
ings of current graduates for several reasons: respondents may, for example, have private information about themselves
that justifies having different expectations, or they might think that future earnings’ distributions will differ from the
current ones.
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For example, for Very Selective University graduates, the overall median earnings are Rs. 40,000,
while the 10th percentile is Rs. 10,000 and the 90th percentile is Rs 86,000. The table also reports
the response rates: they are above 99%, indicating that missing data are not an issue.

Columns (2)-(5) of the table present the average population beliefs, as reported by students
currently enrolled in the four school types. The level of earnings reported by students in the four
schools differ quite substantially for each of the five school choices. However, despite differences
in levels, beliefs about relative population earnings for the different school types are similar for
students enrolled in each of the schools, with students expecting average earnings to be the highest
for Very Selective University graduates, and the lowest for Madrassa graduates.

The first five columns of Table 3 indicate that students expect labor market returns associated
with the five school types to differ significantly. A relevant question for policy-makers is whether
these perceptions are accurate. To investigate that, one would need to know the “true” population
earnings. However, these data do not exist, since none of these schools collect data on their gradu-
ates’ labor marker outcomes. In order to shed light on how well-informed students are, we instead
conducted a poll of a handful of administrators at each of these schools, and asked them about
the average earnings of their recent graduates.!” These statistics are reported in column (6) of the
table. While these data are based on small sample sizes and on perceptions of administrators, they
are still informative. The median earnings beliefs of the students (in column 1) are quite similar to
the medians reported by the school administrators. More importantly, both sources of data yield a

similar ranking of schools based on earnings.

5.2.2 Expectations about Own Future Earnings

The top panel of Table 4 reports expected age 30 own earnings conditional on graduation. As
in Table 3, each column shows the beliefs held by students from a given institution. Pooling
all students in column (1), we see that expectations about own earnings follow the same pattern

as expectations about population beliefs, with students believing their earnings will be highest

7 A separate survey was designed for the school administrators. This was filled out by 4 administrators at each of
VSU, SU, M-Cityl, and M-City2, and by 3 administrators at 1U.
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if they graduate from Very Selective University, and lowest if they graduate from a Madrassa.
A comparison of the first column with population beliefs (in column (1) of Table 3) shows that
expectations about own and population earnings are very similar. We find a significant correlation
of 0.715 between own and population earnings expectations in our sample (Spearman rank; p-value
= 0.000), suggesting that own earnings expectations are based in part on individuals’ beliefs about
the population distribution of earnings. This high correlation also suggests that if respondents are
misinformed about the distribution of population earnings, they will have biased own earnings
expectations. The online appendix describes the heterogeneity in expectations.

Panel B of Table 4 shows respondents’ own earnings expectations at age 30 conditional on
enrolling in each of the schools, but dropping out without a degree. On average, respondents
report significantly lower earnings (relative to graduating from those schools, as shown in Panel
A). It is also notable that, with the exception of VSU students, respondents on average believe they
would earn more were they to enroll and drop out from any of the non-Madrassa schools, than if
they were to graduate from a Madrassa.

Students, in addition, were asked the employment probabilities at age 30 conditional on both
dropping out and graduating- beliefs that are relevant for the decision model described in Section

3. These beliefs are shown in (the online) Appendix Table A2, and described there.

5.3 Beliefs about Other School-Specific Factors

Besides data on labor market outcomes, we also collected data on beliefs of students about other
factors that may affect the likelihood of a student choosing that school. The set of factors that we
include are: (1) dropping out from the school, (2) alignment of the school’s teachings with own
ideology, (3) graduation rank, (4) parents’ approval of the choice, and (5) monthly net expenses
(including tuition). Students were asked for their beliefs about each of these factors, conditional

on having enrolled in each of the five different school choices.*

8Graduation rank was elicited on a 1-100 scale, where 1 meant the best rank. To provide easier interpretation, we
re-scaled the graduation rank beliefs such that 100 represents highest rank and 1 represents lowest rank. Other beliefs
were elicited as percentages. See Appendix A.
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Table 5 reports the average beliefs for these outcomes. The first panel of the table reports
beliefs about the probability of dropping out. We see that students believe they are on average less
likely to drop-out from the school they are currently enrolled in. This is indicative of sorting into
institutions along this dimension. M students, for example, expect to be a third as likely to drop-out
from a Madrassa than from a Very Selective or Selective University. Table 5 is discussed in further
detail in the online appendix.

On the whole, analysis of the subjective expectations indicates that students perceive significant
differences across the school choices along the various dimensions. Moreover, there is substantial
heterogeneity in beliefs of students enrolled within a school, as well as across schools. It is this
variation that we exploit in our estimation. Before moving to the empirical analysis, it is worth em-
phasizing a few benefits of our approach. First, an advantage of eliciting subjective beliefs is that
one can also elicit quantitative beliefs about non-pecuniary outcomes (such as parents’ approval)-
data that otherwise are not available. Second, Table 5 highlights the advantage of eliciting beliefs
for binary outcomes (such as parents’ approval) as probabilistic expectations since simple binary
responses would be unable to fully unmask this heterogeneity. Third, and perhaps most impor-
tantly, Online Appendix Table A3 shows that beliefs about the non-pecuniary outcomes are in fact
systematically correlated with earnings expectations and perceived employment likelihood. This
underscores the point that ignoring the non-pecuniary outcomes and subsuming them in the error

term in choice models could be problematic.®

6 Empirical Results

We first discuss identification of the choice model outlined in Section 3, and then discuss the

estimation results.

9Typically such models are estimated under the assumption that the error term is orthogonal to the other elements
of the model; that is likely to yield biased estimates. An alternate to directly incorporating non-pecuniary outcomes
in the model — as we do here — is by differencing out tastes using exogenous changes in choices and expectations, say
through an information experiment (see Wiswall and Zafar, 2015).
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6.1 Identification and Empirical Specifications
6.1.1 Parametric Assumptions on the Utility Functions

We estimate the parameters of the utility function described in Section 3 using the data described
in the previous section. Because of survey time limitations, we were forced to ask a limited set of
questions, and could not ask respondents to report their earnings for all post-graduation periods.?°
Since we ask students for expected earnings (conditional on school drop-out as well as graduation)
and employment probability for age 30 only, we make some functional assumptions about how
earnings evolve over the life-cycle, and in addition assume that the growth rate of earnings is
the same for all schools and graduation outcomes, and that unemployment probabilities are time-
invariant. In particular, we assume that labor earnings in year ¢ grow exponentially at a yearly
rate of g;, as follows: Y., = (Yisne—1)? ", for all schools s and h = {d, ¢} and ¢ > 1. We can
therefore rewrite time ¢ earnings as a function of age 30 earnings as: Yig; = (Yien0)™ .2 Student
1’s maximization problem in equation (5) as a function of age 30 labor earnings is then:

max{ (1~ Py(d)) | X7, 03 Pis(@?) + agEis(a?) + 1,

s€S;
+0[(1 — Pis(d)) In(yio — Fis) + Pis(d) In(yio)]
+0* [(Pze(d) ln(Y;sdIO) + (1 - R (d)) ln(}/isglo)] (7)

+ Py (d)U; + ;s + s + 115 + €45}

20Note, that we do not explicitly model any of the choices during or after school (such as, choice to take particular
courses in school, how many hours to work, whether to pursue a post-graduate degree); however, these choices should
be implicitly factored into the beliefs that are reported by the students.
t—1

IT g9

2With , = =*—. Assuming that students reach age 30 in period ¢ = 10 is without loss of generality.
IT o
=1
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where 0* = 0 ZtT:l Btk and OV = In(r)0 Zle Bt. Likewise, the probability of dropping out from

school s given in equation (6) can now be written as:

9 [ln(yZO) - hl(?/io - Es)] - 2]2':1 ast(aj) + QSEZ'S(@?)) — Ns + \Ilz
Ps(d) = Ft . (8)

+9* [ln(}/isdm) - ln(Y;sgIO)] + GU (Rs(]Ob ‘ g) - Rs(]Ob | d))

Note that, equations (7) and (8) implicitly assume that there is no uncertainty in Y;,,1o for
h = {d, g}, that is, the student knows with certainty his earnings at age 30 if he enrolls in school s
and either drops out or graduates. We relax this assumption later in Section 6.3.3, using information
on the subjective distribution of earnings that students report. We also assume the psychic cost is
a linear function of the student’s age and an indicator for whether parents’ income is above the
sample median, i.e., ¥; = Ao+ A1 (age;) + A21;(Above-median Parental Income). Moreover, since
the schools considered are located in two different cities, we assume that [, is a dummy that equals
1 if school s is in a city different from i’s location where he takes the survey, and zero otherwise.

Our goal is to estimate the parameter vector © = { {a;}3_,, 6, 6, 6%, 07, {)\;}3_4, ms, 75}, Up

to scale. In order to ensure strict preferences between choices, the ;,’s and £/,’s are assumed to

have a continuous distribution.

6.1.2 Identification and Estimation of the Preference Parameters

Under the assumption that the random terms {¢;,} are independent for every individual i and
choice s, and that they have a Type | extreme value distribution, the difference ¢;; — €;,(n # s) is
distributed logistic (e.g., Train, 2009). Conditional on the students’ expectations for each school
his choice set .S;, the probability I1;, that student < chooses school s in the hypothetical constraint

case is:
exp(Uis)

Znesi eXp(ﬁln) ’

where U, is the expected utility maximized in equation (7), net of &;,.

9)

I, =P ([723 + €is > ﬁm + €in, (s,n) e S;,n# S) =

Under the assumption that the error terms {£7.} and {&¢ } have a Type | extreme value distribu-
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tion, F¢ is a logistic distribution and the subjective probability that a student drops out from school

s can be written as:
eXp(fis)
Pyy(d) = —— .,
(d) 1+ exp(fis)

(10)
where P;(d) is the elicited subjective probability of drop-out for respondent : if he enrolls in
school s, and f;; is the expression inside F¢(.) in equation (8).

Each of the equations (9) and (10) can be estimated by maximum likelihood. Equation (9) is
a multinomial logistic regression while equation (10) is a fractional logit like the one developed
by Papke and Wooldridge (1996) for handling proportions data. However, since the same parame-
ters appear in both, we estimate the equations jointly using the Generalized Method of Moments
(GMM), where the moments are the score vectors, that is, a vector of the first partial derivatives of
the likelihood functions, one for each element of the parameter vector. The preference parameters
of interest, ©, are identified up to scale off of the variation in expectations across individuals and
schools when we consider the constrained choice.?? As outlined in section 5, there is substantial
heterogeneity in the subjective data.?3

In addition, Madrassas and universities have different institutional features and it is possible
that students have better information about the school type that they are currently enrolled in.
We allow for this possibility by allowing for the variance for the random terms associated with
the schools to differ depending on whether they are of a type different from the student’s current
school. We assume that VSU, SU, and U belong to the “University” type, while the two Madrassas
belong to the “Madrassa” type. Since discrete choice models are only identified up to the scale
parameter (Train, 2009), we normalize the variance of the random term for own school type to

1 and estimate the variance of the random terms for schools of the different type. In that case,

22|n the random utility models we use, since only differences in utility matter, only differences in the alternative-
specific constants are relevant (Train, 2009). Note further that the uf does not depend on the school considered and is
therefore not identified.

230ur survey was conducted with students currently enrolled in college. This implies that the preference parameters
we estimate will only be representative of those currently enrolled. Also, our sample is not a random sample drawn
from the universe of university students. Manski and Lerman (1977) show that, with choice-based sampling, maximum
likelihood estimators are consistent under the logit functional form assumption and if the model includes a choice-
specific constant (the inconsistency being confined to the estimates of these constants). The specification in (7) already
includes choice-specific constants, ;.
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equation (9) becomes:

sz‘s
. — exp( 1+w1 D(s# i’s current school type) )
s 7 Y
U’L‘n
Zné& exp( 1+w1 D(n# i’s current school type) )

1)

where D(.) equals 1 if school s is of a type that is different from the student’s current school. The
parameter w, is estimated. We expect it to be greater than zero if students are more uncertain about
outcomes for schools that are of a type different from their current school. We include a similar
additional parameter, w,, when estimating equation (10) to allow for differential uncertainty by

school type in the decision to drop-out as well.

6.1.3 Revision of Subjective Expectations in Counterfactual Regimes

In addition to estimating the parameters of the utility function, we are interested in conducting var-
ious policy experiments. However, in these counterfactual regimes, beliefs about outcomes other
than the ones the policies specifically target may also change. Relaxation of financial constraints,
for example, by making schooling free — a policy we consider in Section 7— may make students
more or less likely to drop out, or may change the likelihood of parents approving of a school.
Moreover, the goal of such policy experiments is to predict choices of individuals in counterfactual
regimes at an age when they are first making the choice (i.e., school-leaving age in our context) and
where no learning has occurred since enrollment (see discussion in Section 6.3.2). We describe

below how we adjust beliefs for the counterfactual regimes.

Subjective Probability of Drop-out We have modeled the subjective probability of drop-out
explicitly to be able to modify it according to the counterfactual regimes we consider such as
reduction in school fees (see equation (8)). Because the psychic cost of drop-out is a function of

age, we can also adjust the beliefs to school-leaving age.

Subjective Probability of Parental Approval Parental approval for a given university depends

on parental preferences over school’s characteristics (including school fees) and labor market re-
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turns, and parental expectations of those. From the student’s perspective, the subjective probability
of parental approval depends on his perception of his parents’ preferences and expectations, for
which we do not have enough information. We estimate the underlying process of expectation for-
mation by assuming that parental approval expectations vary systematically with the respondents’
and schools’ characteristics (including tuition fees, and beliefs regarding ideology and labor mar-
ket returns). We use student fixed-effects since observable characteristics only explain a small part

of the variation in beliefs. Student i’s subjective parental approval for school s is given by:

Po(a) = exp(kZis + vs + ()

— 12
1+ exp(kZis +vs + ()’ (12)

where v, is a school fixed-effect, ¢; is an individual fixed-effect, Z;, is a vector of individual- and
school- specific characteristics. The vector Z;, includes the school’s ideology, graduation rank, ex-
pected earnings conditional on graduation and conditional on drop-out, probability of employment
conditional on graduation and conditional on drop-out, school cost, interaction of the school cost
with household income, distance, school type (a dummy for whether the school is a Madrassa or
not) interacted with the student’s religiosity, and the school type dummy interacted with religiosity
and school cost. We estimate equation (12) as a fractional logit (similar to equation (10)). We can

then predict how subjective parental approval is revised in counterfactual regimes.?*

Other Beliefs We assume that the expectation formation process of the other beliefs (future
earnings, subjective probability of employment, expected graduation rank, and school’s ideology)
does not depend on the parameters of the counterfactual regime we consider (such as school fees
or access to credit markets).?> When conducting the policy experiments, we however age-adjust

all the beliefs. Let b2 . denote the belief of individual 4, currently enrolled in school ¢, for outcome

iqs

24Because we use student fixed-effects, we do not use age directly as a predictor. However, because we assume
that they depend on other beliefs which are age-adjusted (see below), the parental approval expectations are indirectly
age-adjusted as well.

Z5\We do adjust these expectations when we consider policies that directly change them (e.g., earnings expectations
when considering a policy providing information on population earnings). See Section 7.
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o associated with school s. We estimate linear regressions of the form:

bigs = 0o + Cig + ms + Orage; + V1[Gg X age] + D2[Cy X age;] (13)
+ v1[ns X age;] + valns x agel] + plGiq X 1)

+ Tl[ciq X Mg X agei] + 7—2[Ciq X 1s X CLQG?] + Eis,

where (;, is a fixed effect for ¢’s current school g, 7, is a fixed effect for the school the respondent
is reporting his belief about, and age; is the respondent’s age. The specification uses a quadratic in
age to adjust for learning, allowing for the effect to differ for students enrolled in different schools,
and allowing it to vary for each of the choices. This regression is conducted separately for beliefs
about: employment likelihood (conditional on graduating and not graduating), earnings (condi-
tional on graduating and not graduating), graduation rank, and consistency of school’s teachings

with one’s own ideology.?

6.2 Model Estimates

Column (1) of Table 6 presents the GMM estimates of the utility specification. Bootstrap standard
errors are presented in parentheses. The model is estimated using the 1,866 respondents who have
more than one school in their constrained choice set.?’

The relative magnitudes of the first two estimates show the importance of the school-specific
outcomes in school choice. The estimates for teaching aligned with ideology and parents’ approval
are positive, statistically different from zero at the 1% level, and of similar magnitude, suggesting
that they are both equally important determinants of school choice. The coefficient on graduation
rank is also positive, but 10 times smaller than the coefficient associated with teaching aligned

with ideology. The negative and statistically significant estimate for school location, §, suggests

260ur aim is to simply roll back the beliefs to age 17 (college-starting age) in the policy simulations, so the
individual-specific residuals are retained. For example, take a respondent who is 20 years old. We obtain the age-
adjusted belief by substracting (20 — 17)f; + 91[Cig X (20 — 17)] + 92[Cig X (202 — 172)] + 73 [, x (20 — 17)] +
Uans x (202 — 17%)] + 71[Cig X ms X (20 — 17)] + 72[Cig X ms x (202 — 172)]) from the reported belief.

2’Respondents who have only one school in their choice set have similar beliefs as respondents in the same school
having more than one school in their choice set.
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that students have a distaste for schools located in a city different from their current location. The
coefficients for current period consumption as well as age 30 expected log earnings are positive
and significantly different from zero, suggesting that earnings are also a factor in school choice.
The estimate of #V is negative, as one would expect for a replacement rate » between 0 and 1,
and precisely estimated. Assuming g = 1.001, the estimated 6, 6* and 6V imply a discount factor
of 3 = 0.85 and a low replacement rate of 2.92%, consistent with the lack of unemployment
benefits in Pakistan.?® Overall, this suggests that students take into consideration both pecuniary
and non-pecuniary outcomes when deciding in which school to enroll.

Column (1) of Table 6 also shows the estimates for the psychological cost entailed by drop-
ping out. The positive coefficient associated with age suggests that older students experience less
disutility from dropping out. Estimates of w; and w, — that is, the terms that allow for differential
variance of the unobservable term for schools that are of a type different from a student’s current
school type — are positive but not significantly different from zero. This suggests that students are
not more uncertain about outcomes for schools that are of a different type.

Online Appendix Table A4 presents the marginal effects of equation (12) using parental ap-
proval as the dependent variable. The sample is the same as the one used in Table 6, with an
average of 3.8 observations per student. We see that a higher alignment of the teachings with
own ideology, a higher/better graduation rank, and higher expected earnings conditional on grad-
uating, and a higher probability of employment (conditional on graduating and dropping out) all
are associated with higher subjective parental approval. For example, increasing the alignment of
the teaching with ideology by 10 percentage points increases parental approval by 3.9 percentage
points. The negative estimate for school location indicates lower perceived parental approval for
schools in a city different from the student’s current location. Parental approval for “University-

type” schools is perceived to be lower for students with higher self-reported religiosity.

28The value for g implies an average annual growth rate of 1% for a starting salary of Rs. 30,000 and a resulting
salary (assuming a working lifespan of 40 years) of Rs. 45,194. This 50% increase in salary over the working lifetime
is consistent with what is observed for males’ real wages in the Pakistan Labour Force Survey for 2006-07 (Irfan,
2008).
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6.2.1 Model Fit and “Out-of-sample” Validation

Next, we assess the fit of the estimated model by comparing the model-predicted choice to the
stated choice in the data. The first column of Table 7 shows the proportion of respondents in
our sample who rank the school the highest in the constrained case. Columns (2) and (3) report
statistics based on the predictions from our model. Column (2) reports the predicted choice, i.e.,
the proportion of students choosing a school, assuming a student chooses the school yielding the
highest predicted probability. Column (3) reports the average predicted probabilities for each
school, averaged over all respondents. As one would expect, the model fits the stated choices well,
with only slight deviations. For example, 20.2% of the students state that IU is their preferred
school, while the model-predicted choice (average probability) of choosing it is 22.2% (20.3%).
Table A5 in the Online Appendix shows similarly good model fits for various subsamples.?®

Using the fact that we asked students to report their school choice both with and without fi-
nancial constraints, we next evaluate our model fit by conducting an exercise similar in spirit to an
“out-of-sample” validation test. In particular, we use the estimates of the preference parameters
from the GMM that rely on the constrained stated school choice and the probability of drop-out
(that is, estimates in the first column of Table 6) and the estimates based on the parental approval
equation (that is, estimates underlying the marginal effects in Appendix Table A4) to predict stu-
dents’ subjective probabilities of drop-out and parental approval for all schools when school costs
are set to zero. We use these to then predict students’ school choice when school costs are set to
zero, and compare these predictions with no costs to students’ unconstrained stated school choice.
This validation test has an “out-of-sample” flavor— however, rather than comparing the predictions
for a different sample, it does so for the same sample in a different state of the world (i.e., one
without school costs).*°

Comparing column (4) of Table 7 with column (5), we see that the predicted choices match

29Table A5 reports the predicted probabilities but results using the predicted choices are very similar.

300ur test relies on the assumption that students are able to correctly predict what they would do in the counterfac-
tual state of no school costs. We believe this is a plausible assumption since the counterfactual scenario that students
are asked to consider is a well-defined scenario that directly relates to their lives and to a decision they recently made.
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well students’ unconstrained stated choices: for example, 37.4% (4.2%, 15.0% and 20.0%) of the
students state that they would enroll in VSU (SU, 1U and M-City 1) without school costs, while
the model predicts a choice of enrollment of 29.1% (3.2%, 20.4% and 20.3%, respectively). The
weighted squared loss criteria to assess the fit of the model prediction (i.e., Zle w; (w; — pz-)2 ,
where w; is the enrollment in school i derived from stated choice and p; is the model-based pre-
dicted enrollment) is also very low (0.003 for the predicted choices). Overall, we take this as strong

evidence in favor of the model specification and data quality.

6.2.2 Choice Elasticity

We next investigate what our model estimates imply about the responsiveness of school choice to
changes in self earnings. For each school, we increase beliefs regarding own earnings at age 30
(conditional on both graduating as well as drop-out) by 1 percent. Based on the assumptions in
our empirical model, any change in age 30 earnings will also impact life-cycle earnings. To assess
how much more likely students would be to choose each school due to this increase in earnings, we
compute choice elasticities (i.e., the percentage increase in the predicted probability of choosing a
school given a 1 percent increase in future earnings at that school).

The mean elasticity (averaged across the five schools) is 0.117, and changes very little depend-
ing on the school choice. That is, while earnings matter, they play a small role in the choice. Our
results of a relatively low response to changes in earnings is consistent with other studies of school-
ing choice (Arcidiacono, 2004; Beffy et al., 2011; Wiswall and Zafar, 2015). For example, Beffy
et al. (2011), using data on French students, estimate earnings elasticities of between 0.09-0.12
percentage points, depending on the major.

We also estimate the responsiveness of school choice to changes in unemployment risk. For
each school, we increase the beliefs regarding being employed (conditional on graduating as well
as drop-out) by 1 percent. The mean elasticity is 0.34, that is, students are on average 0.34 percent-
age points more likely to choose a school if the employment prospects associated with that school

increase by 1 percentage point. The estimate suggests that employment prospects are a relatively
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important factor in school choice.

6.2.3 Willingness-to-Pay

We can gain insight into the magnitude of the estimated parameters by translating the differences
of utility levels into age 30 consumption ¢ that would make the student indifferent between giving
up age 30 consumption and experiencing the outcome considered. Say, we are interested in de-
termining the willingness-to-pay (WTP) to experience outcome a; with probability P, instead of
probability Py, other things being equal. Based on utility specification in equation (2), this implies

the following indifference condition:

ajPi(a;) + 0" 1In(c) = a; Pa(aj) + 0" In(c + WTP).

The WTP, as a percentage of age 30 consumption c, is then [exp(22Al@) P2y q) 5o,

for example, increasing the chance of gaining parents’ approval by 2 percentage points, that is,
P, = P, + 0.02, would yield a WTP of 0.226, based on the estimates in column (1) of Table 6.
That is, students are on average willing to give up 22.6% of their age 30 consumption to increase
the chance of gaining parents’ approval of their school choice by 2 percentage points.

The first column of Table 8 reports the willingness-to-pay estimates for the various outcomes.
The first three cells are estimates of WTP to increase the three school-specific outcomes, {a;}3_;,
by 2 percentage points. Students are willing to give up 26.3% (3.2%) in age 30 consumption to
increase the chance of the school’s teachings being consistent with their own ideology (graduation

rank ) by 2 points. These estimates are very large and imply that students gain significant utility

from each of these non-pecuniary outcomes, and that they are important drivers of school choice.

6.3 Robustness checks and Methodological Results

This section reports a series of validation checks showing the robustness of our results.
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6.3.1 Ex-post Rationalization

Since our sampling strategy is choice-based and students have been studying at their current school
for a while, one concern may be that students’ reported beliefs are biased, say due to cognitive dis-
sonance or ex-post rationalization (Festinger, 1957). This would introduce systematic non-classical
measurement error in beliefs, which would bias the model estimates. The patterns in the data, how-
ever, indicate that this bias is unlikely to be large. For example, a non-trivial proportion (27%) of
students rank a school different from their current school as their most preferred choice under their
current credit constraints. Furthermore, this proportion is the same (25%) among students in later
years (that is, those beyond the first year in their current institution®!) for whom ex-post rationaliza-
tion concerns are arguably stronger. We also see that 41% of students switch their most preferred
school from the constrained to the unconstrained case (Table 2); the corresponding proportion of
students in later years who switch is again similar (39%). Students seem also aware of the differ-
ent value-added of the institutions, as reported by a similar relative ranking of self earnings beliefs
across respondents enrolled in different schools (the various columns in Table 4). Furthermore,
previous research in the context of educational choices of US students has found little evidence
of students tilting their beliefs about expected outcomes in favor of the options they had chosen
(Zafar, 2011b; Arcidiacono et al., 2012).

Yet, to address this, we exploit the variation in students’ duration of enrollment in their school.
If ex-post rationalization of beliefs is a concern, it is likely to be more serious for the group of
students who have been attending an institution for a longer period. We estimate the model where
we allow all the parameters to differ depending on whether the student is in the first year or not (that
is, we include interactions of all parameters with a first-year dummy). We find little systematic
difference in the parameter estimates by school year (except for the parameters associated with
the psychic cost of dropout, that depend on age). Importantly, the WTP estimates for the two

subsamples, reported in columns (2a) and (2b) of Table 8, are very similar. This suggests that our

31Recall that we classify a M student as being first-year if he is 20 years old or younger. Results are robust to other
classifications.
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preference estimates are not biased due to this concern.

6.3.2 Learning

Another potential concern is that students may have had the opportunity to learn about the in-
stitution they are currently enrolled in (Stinebrickner and Stinebrickner, 2014b). This learning
would be problematic if we were using the elicited beliefs to make inference using the institution
the students are currently attending as their choice. However, in our application, we ask students
about their current school preferences, and estimate the choice model based on their current school
preferences (not their currently enrolled institution) and current beliefs.

Still, we investigate whether there is evidence of learning. Figure A5 in the Online Appendix
displays the distribution of responses for selective outcomes for the pooled sample by age. It
shows that for some binary outcomes (such as parents approving of studying in Madrassa-City 1, or
being employed conditional on graduating from 1U), beliefs of younger respondents are relatively
more likely to be in the middle of the response range (40-60, when elicited on a 0-100 scale).
On the other hand, beliefs about Very Selective University’s teachings being consistent with own
ideology, or earnings expectations conditional on graduating from Very Selective University do not
differ systematically with age. When estimating equation (13), we find that several of these age-
interaction terms are significant. In fact, for four of the six regressions, we reject the hypothesis
that the age-interaction terms are jointly different from zero. This is suggestive of beliefs evolving
systematically with age. When conducting the policy experiments in Section 7, we apply these

age-adjustments.

6.3.3 Uncertainty in Age 30 Earnings

The empirical model assumes that the only uncertainty with regards to labor market earnings is
about the likelihood of finding a job, conditional on graduating and dropping out. Conditional
on being employed, students are assumed to