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1 Introduction

Sequential choices are ubiquitous in daily life. For example, decisions about how much to
consume versus save, when to stop looking for job opportunities, or how long to hold a stock
depend on the option value—that is, the tradeoffs associated with future decisions.! Models
from behavioral economics, such as the model of directed cognition (Gabaix and Laibson,
2005; Gabaix et al., 2006), posit that appreciating the implications of option value may be
difficult, and in that case decision-makers could simplify the problem by making isolated
decisions without fully considering subsequent options. Despite its potentially far-reaching
economic implications, direct field evidence on such neglect of option value remains limited.
In this paper, we exploit a stylized setting in which college applicants make a sequence of
high-stakes choices and provide among the first field experimental evidence on the prevalence
of option value neglect and its associated welfare consequences.

Centralized college admissions provide a prime example of sequential decision-making
where option value is critical. In these systems, students are assigned based on their ranked
college preferences (i.e., rank order lists or ROLs) and priority scores, yet with a limited
number of choices, applicants must carefully decide which colleges to list. Making isolated
decisions—option value neglect—can lead to suboptimal educational and career outcomes.?
To examine this, we study application behavior in a Chinese province that uses a constrained
Deferred Acceptance Algorithm allowing students to list up to four colleges from 239 first-tier
institutions.®> The algorithm processes applications in the order of students’ scores from the
College Entrance Exam (CEE): it first considers a student’s top choice, assigning the student
if that college’s quota remains open; if not, it sequentially moves through the subsequent
choices, ultimately relegating the student to a second-tier college if all four selected options
are filled. This setting offers a unique window into how option value neglect operates in a
high-stakes, real-world environment.

The optimal choice for each spot depends on option value. To avoid relegation, a student
needs to list a safe college at the fourth spot. The risk associated with the first three choices,
however, is less obvious because the consequence of being rejected from these is not as severe
as being relegated. Intuitively, not getting into one’s first, second, or third choice is less
devastating than not securing one’s fourth choice—if these earlier choices are missed, the

system can simply consider the next option without triggering relegation. This reasoning

"'When people decide how much to save versus consume today, considering option value means recognizing
that saving provides a “real option” for future flexibility.

2The impacts of postsecondary education on labor market income have been documented in many coun-
tries, including Chile (Hastings et al., 2013), China (Jia and Li, 2016), and the US (Chetty et al., 2020).

3 As detailed in Section 2.2, this is also a serial dictatorship mechanism.



suggests that, rather than evaluating each spot in isolation, a student should formulate a
contingency plan for the entire portfolio by accounting for the option value at each spot.

We obtained access to administrative data on students’ application lists and found that
students with identical CEE scores often attend colleges that differ substantially in selectivity.
This heterogeneity in admission outcomes is especially pronounced among higher-achieving
students. For example, holding exam scores constant, students in the bottom quartile of the
SES index attend colleges whose selectivity—measured by the mean cutoff scores from 2014
to 2018—is approximately 0.13 standard deviations lower than that of students in the most
advantaged quartile, a difference equivalent to 20% of the baseline exam performance gap
between these two groups.

As the admission outcome is jointly determined by CEE scores and students’ rank-order
lists, we examine students’ choices in terms of the selectivity of the colleges they choose, as
measured by their historical admission cutoff scores. We find that even for their first choices,
high-achieving students tend to be quite cautious. For example, among those whose CEE
scores are well above the minimum requirement for first-tier colleges, roughly a quarter pick
a college whose unconditional probability of admission exceeds 90% despite the availability of
more selective options.? Meanwhile, roughly a third of the students exhibit “competitiveness
reversals,” defined as ranking a less-selective college above their last choice on the rank-order
list.?

Moreover, these behaviors correlate with students’ SES index and contribute to the in-
equality in admission outcomes. Students with lower SES are substantially more cautious
in their first and second choices, but not in their fourth choices. In addition, they are more
likely to exhibit competitiveness reversals on their rank-order lists. This evidence suggests
that the decision quality of the disadvantaged may be substantially worse, consistent with
findings from many other contexts (Lucas and Mbiti, 2012; Ajayi, 2013; Larroucau et al.,
2021).

To explain these empirical patterns, we propose that a boundedly rational decision rule—
inspired by the Directed Cognition Model (henceforth the DC Model) (Gabaix and Laibson,
2005; Gabaix et al., 2006)—can naturally account for these findings. In our context, the
DC Model predicts that students focus entirely on the single spot they are contemplating,
thereby neglecting the impact of lower-ranked choices on overall option value. This rule
reduces a portfolio choice problem to repeated discrete choice problems in which decisions

are made as if the option value of each choice is determined by a cognitive default, such as

4Unconditional admission probability is the probability that a student’s College Entrance Exam (CEE)
score meets the cutoff of a given college, assuming the college is placed first on the student’s rank-order list
and ignoring other list positions.

5Competitiveness is used interchangeably with selectivity throughout the paper.



one’s perceived outside options.°

Because most centralized mechanisms share the feature that optimal choices across dif-
ferent spots are interdependent, our hypothesis, if substantiated, could have general impli-
cations for the design of matching systems. However, testing decision optimality is difficult
due to heterogeneous preferences (Agarwal and Somaini, 2018, 2019). This may be why
limited progress has been made in understanding whether decision-makers respond to such
interdependency in a systematically suboptimal way”.

We make progress with an incentivized survey experiment conducted among a subset
of student applicants immediately after they submitted their ROLs but before admission
results were announced. The sample comprises 10% of the applicants in a Chinese province
and spans a wide range of socioeconomic statuses. This in-field experiment was designed
to distinguish our hypothesis from alternatives and to test a core prediction of the DC
Model. Specifically, the DC Model predicts that the DC Type takes more risks when the
ROL problem is transformed into a mathematically equivalent lottery formulation—where
the option value of a choice is properly incorporated. Based on responses, our analysis
suggests that 50.4% (SE = 1.7%) of the students behave according to the predictions of the
DC Type. Consistent with our administrative data, a one standard deviation increase in the
socioeconomic status index is associated with a 5.3% (SE = 1.8%) decrease in the propensity
to be the DC Type. Moreover, we find that this measure systematically predicts students’
reported behavior on their college applications, such as the degree of cautiousness in top
choices and competitiveness reversals between top and bottom choices.

To assess whether the estimates above explain the observational data, we conduct struc-
tural estimation for several specifications using simulated method of moments. We compare
a model in which all students play optimally with a mixture model in which some applicants
follow the DC Rule while the rest play optimally. The share of the DC Type is set equal to
the estimates from the survey experiment. Preferences are identified by exploiting how col-

lege choices respond to variation in priority scores, which induces differential rates of change

6See Enke and Graeber (2023) for a general treatment of this notion and its application in other domains.

"Significant progress has been made in understanding mistakes in the absence of strategic concerns and
risk-taking considerations. Artemov et al. (2017) posit that, in a strategy-proof environment, the mistakes on
the lists are primarily inconsequential. Shorrer and Sévégd (2018) find that, in Hungary, dominated choices
in college applications are more likely when the expected cost is lower; they argue that multiple imperfections
in decision-making may contribute to their findings. Hastings and Weinstein (2008) document a substantial
presence of information frictions in school choices using randomized interventions. In settings with strategic
considerations, Rees-Jones et al. (2020) find that decision-makers neglect correlation in admission chances,
even when such correlation is of first-order concern. Kapor et al. (2020) document mistaken beliefs in
centralized system applications using survey data. Finally, Dreyfuss et al. (2019) propose that Koszegi-
Rabin expectation-based reference dependence may explain the dominated choices observed in Li (2017)’s
experimental data.



in assignment probabilities across colleges. Even though both types are assumed to have the
same distribution of preferences, the mixture model fits the data better than the single-type
model, with the fit improving by about 40% in terms of predicted moments. Moreover, the
mixture model yields substantially better out-of-sample predictions than the model where
all students play optimally.

We further estimate a mixture model without imposing the same preference distribution
across the two types. The results suggest that college selectivity is the predominant factor
in students’ choices—much more so than the consideration of geographic distance. While
higher-achieving students exhibit more intense preferences for more selective colleges, their
SES index has a negligible impact on the marginal utility of these colleges. If anything, more
advantaged students seem to derive slightly less marginal utility from selectivity. These es-
timated preferences indicate that preference heterogeneity alone cannot substitute for the
explanatory power of the DC Model. Reassuringly, the estimated preferences are also qual-
itatively consistent with the satisfaction data we collected in the survey experiment.

Finally, we conduct counterfactual analysis based on the estimated preferences. The
main result is that when the DC Type is de-biased such that all students behave optimally,
the gap in admissions outcomes between high- and low-SES students (holding exam scores
constant) is nearly eliminated. At the same time, the system becomes more efficient for
students across all SES index quartiles and CEE performance quintiles. Moreover, due to
the higher prevalence of the DC Type and the increased marginal utility for selectivity among
high-achieving students, the welfare gain for high-achieving disadvantaged students (those in
the lowest SES quartile and highest CEE quintile) can be particularly high—approximately
6% of the utility difference between the best and worst colleges.

This paper relates to three strands of literature. First, it provides among the first field
experimental evidence on option value neglect in high-stakes decisions and quantifies the
associated welfare consequences. The model of directed cognition, as proposed by Gabaix
and Laibson (2005) and Gabaix et al. (2006), is consistent with a broad range of suboptimal
behaviors in multi-stage decision contexts—such as failure to learn about selective colleges
(Hoxby and Avery, 2012), misperceptions about energy efficiency (Allcott and Taubinsky,
2015), applying for competitive jobs (Abebe et al., 2021), and experimenting with new
commuting routes (Larcom et al., 2017). However, isolating this mechanism from other be-
havioral biases in field settings has been challenging. Our experimental evidence on option
value neglect in high-stakes college choices demonstrates the economic significance of the
model of directed cognition and echoes emerging laboratory experimental findings that il-
lustrate the fundamental challenge of complexity on revealed preference (Oprea, 2020; Enke
and Graeber, 2023; Oprea, 2024).



Second, our paper adds to the literature that studies the systematic presence of behavioral
agents in mechanism design (Pathak and Sonmez, 2008; Hassidim et al., 2016; Li, 2017;
Rees-Jones and Skowronek, 2018; Dreyfuss et al., 2019). We contribute by showing that
option value neglect, a cognitive limitation that is potentially generalizable to other decision-
making environments, is empirically relevant and influences the equitability and efficiency
of centralized systems. Our analysis demonstrate that such deviation from optimality can
be constructively studied using a portable model where the option value is replaced with a
cognitive default. The advantage of the DC Model makes it easy to be incorporated into
the framework of revealed preference analysis laid out in Agarwal and Somaini (2018, 2019),
thereby showcasing the benefits from structural modeling in the analysis of behavioral agents
(DellaVigna, 2018).

Third, the paper also adds to the empirical studies on suboptimal decision making in
student-school matching (Lucas and Mbiti, 2012; Shorrer and Sévagé, 2018; Song et al.,
2020; Kapor et al., 2020; De Haan et al., 2023). It focuses on the extent to which decision
makers take advantage of the theoretical considerations of centralized matching systems, such
as the intensity of cardinal preference (Abdulkadiroglu et al., 2011) and the utilization of
insurance options (Chen and Kesten, 2017). Such investigation reveals a previously neglected
mechanism that results in decision making inequality, and in that sense our work is related
to the literature on the distributional consequences of behavioral biases (Campbell, 2016;
Bhargava et al., 2017; Allcott et al., 2019; Rees-Jones and Taubinsky, 2020).

The paper proceeds as follows. Section 2 introduces the empirical setting and data
sources. Section 3 lays out the problem mathematically and discusses both the Rational
Rule and the DC Decision Rule. Section 4 presents the evidence concerning Cautiousness
and Competitiveness Reversals. Section 5 tests Framing Effects using the survey experiment
data. Section 6 presents results from the structural estimation. Section 7 concludes and

discusses the interpretations of our findings.

2 Empirical Setting

2.1 Summary of Timeline

Figure A1l presents the timeline of the admission procedure. All student applicants are

required to take the College Entrance Exam (CEE), a nationwide exam that takes place less

8

than one month before the start of college admissions®. Immediately after the exam, the

Provincial Education Authorities grade it, a process that takes about two weeks.

8See E.2 for the exam structure.



Upon completion of grading, students are notified of their test scores and corresponding
provincial rankings; then, the online college application system opens. At that time, students
learn whether their scores meet the minimum requirements for applying to schools in the
1st-tier college category, as determined by the Provincial Education Authorities—a criterion
that has remained relatively stable over time.’

The application process is both time-constrained and cognitively demanding. Students
must choose four colleges from a pool of 239 but have few opportunities to learn about the
system through trial and error before submitting their final decisions, despite the novelty of
the decision environment. Anecdotal evidence suggests that misunderstandings are common.
According to several college application advisory platforms on the Chinese Internet, one of
the most frequent mistakes is treating the four spots on the ROL as separate and equal,

effectively ignoring the order in which the ROL is processed.!’

2.2 Admission Rule

After the deadline for ROL submission, the centralized admission system assigns students to
colleges using a deferred acceptance algorithm based on their priority score and the colleges’
pre-announced admission quotas. Since each student’s priority score is the same for all
colleges, the mechanism effectively functions as a serial dictatorship, with colleges simply
specifying a priority score cutoff to determine which applicants are admitted—regardless
of a college’s position on the student’s submitted ROL. Each student knows her priority
score and ranking when she applies, and past cutoff scores are publicly available; the only
uncertainty arises from the cutoffs for the current year.

Table B1 presents examples of how cutoffs determine admission outcomes. In Example
1, the student is admitted to College A because her score exceeds A’s cutoff, and the system
ignores all her lower-ranked choices. In Example 2, the student is admitted to College B
because her score does not meet A’s cutoff but exceeds B’s cutoff; as a result, the system
assigns her to College B, ignoring C and D. In Example 3, the student is unassigned because
she does not meet the cutoff of any college she listed. In Example 4, the student is assigned
to College D because she does not meet the cutoffs of A, B, or C but meets the cutoff for D.

After first-tier college assignments are completed, students are notified of their admission
decisions within a month. Students not admitted to any first-tier colleges advance to the
next stage, where the centralized system assigns them to lower-tier colleges using the same

priority score and similar algorithms.!*

9See Appendix E.1 for additional details on college category.
10See here for an example of comments about mistakes in college applications (in Chinese).
HStudents could rank four second-tier colleges and four third-tier colleges.


https://gaokao.chsi.com.cn/gkxx/zytb/201506/20150624/1484664250.html

2.3 Data

The first dataset comprises administrative data generated by the centralized admission sys-
tem, which records the application behavior of students from 2014 to 2018. This dataset is
maintained by the Provincial Education Authorities of Ningxia, where the study took place.
The second dataset comes from an online survey experiment conducted in 2020; the timeline
for this survey is also displayed in Figure A1l. The survey targets CEE takers in Ningxia who
are applying to first-tier colleges—the same group of students analyzed in the administrative
dataset.

(I) Administrative Data We obtained access to administrative data for first-tier student
applicants from 2014 to 2018. As shown in Table B2, the sample includes approximately
6,000 to 8,000 first-tier eligible science track students in each admission cycle. The number
is considerably lower for humanities track students, amounting to roughly 1,500 to 2,000
each year. The data contains students’ CEE scores, ROLs, admission outcomes, and some
demographic information, including the county (available for all years) and the city and
street of their residence address (available only in 2015, 2017, and 2018).

(IT) Online Survey In August 2020, we conducted an online survey targeting high school
students who had applied for first-tier colleges that year. Four local high schools actively
encouraged their students to participate, so while any first-tier eligible applicants in Ningxia
could respond, our sample mainly consists of students from these four schools. We collected
1,412 complete and effective responses, representing roughly 15% of the total number of
first-tier college applicants in 2020. As shown in Figure A1, the survey was administered
immediately after students submitted their ROL for first-tier colleges, but before they were
notified of the admission outcomes.!? The survey consisted of three parts. The first part
elicited basic information, such as students’ final ROL, high school, gender, age, parents’ ed-
ucation and occupation, CEE score, source of application advice, and preferences over college
characteristics. The second part gathered their beliefs about the unconditional admission
probability of the colleges on their ROL (ranging from 0% to 100%) and how satisfied they
would feel (on a 0-100 scale) if admitted to a particular college.'® The third part consisted of

12We chose this timing for two reasons. First, to best approximate the informational environment in
which the decisions were made—the survey took place after students were notified of their score and had
spent time researching colleges, but before the admission results were announced. Second, high school
officials believed that administering the survey during the high-stakes, time-sensitive application process
could distract students, so it was postponed until after the college application deadline.

13The question asked students to guess the probability of meeting the admission cutoff for the college in
question. Based on pilot feedback, students were familiar with the concept of admission cutoffs, making it
a natural basis for eliciting beliefs.



several incentivized risk-taking questions presented in the form of a ROL and lottery, which

are discussed in detail in Section 5.2.

3 Decision Problem

3.1 Setup and Mathematical Notations

To mathematically describe the decision problem in our setting, consider a student, Mei,
who needs to list four colleges from a set of colleges on her ROL. The set is denoted by C.
After she submits her ROL, along with other students, the centralized admission system will
process their ROLs using the Constrained Deferred Acceptance Algorithm (DAA). Then,
Mei will either be assigned to one of the four colleges that she listed on her ROL, or will be
rejected by all four colleges and end up with her outside option. We assume that the number
of students is much larger than the number of colleges |C|.

The information Mei has about other students is incomplete—she does not know the
ROLs submitted by other students.!* As discussed in Section 2.1, because students have
been notified of their scores and corresponding provincial rankings when they apply for
colleges, the admission outcomes solely depend on the cutoffs of the colleges that they apply
for, unknown at the time of list submission. Therefore, Mei only needs to form her beliefs
about the chance that her score meets the cutoffs of the colleges that she is interested in.
Anecdotally, the notion of cutoff appears easy to grasp, as past cutoffs, which are publicly
available, are highly indicative of the competitiveness of a college.

Based on beliefs about the distribution of cutoffs, Mei will assign probabilities of meeting
the cutoffs to the colleges that she is contemplating. Denote the probability of vacancy
availability (i.e., unconditional assignment probabilities or probability of meeting the cutoff)
of the n colleges by p1, pa, ..., pc| respectively. Denote the utility of admission to colleges by
uy, Uy, ..., uc| respectively. The utility of Mei’s outside option is u. For any single college
7, the only two characteristics of each choice in this decision making problem are admission

utility u; and unconditional admission probability p;.

3.2 [Estimate Probability p; from Data

To construct measures that approximate students’ perceptions of unconditional probability
pj, we use admission cutoffs in the past, which are publicly available shortly after the end

of each previous admission cycle. In Figure 1, we plot the cutoff in its converted form

14This assumption is conventional in this literature. Examples include Agarwal and Somaini (2018); Kapor
et al. (2020); Calsamiglia et al. (2020).



in a specific year (e.g., 2018) against the cutoff from the previous year (e.g., 2017) for all
the colleges that admitted Ningxia students during this time period. We find that the
correlation between a cutoff and its past-year counterpart is around 0.95. The uncertainty
is larger among less competitive colleges, as the scatter at the bottom left of each graph is
more likely to deviate from the 45-degree line.

To calculate probabilities, we assume that for college 7, in year ¢, the cutoff cj; is normally
distributed:

cje ~ N (g, 0(p5))

where the value of p; is the average of admission cutoffs for college j during 2014-2018, which
reflects the overall competitiveness of a college across years. The assumptions about the value
of u; are motivated by the informativeness of past cutoffs. We compute the distribution of
cjt — pj in Figure A2a, and find that the distribution function is a bell-shaped function
that is centered around zero, with reasonably thin tails, suggesting that it is possible to
approximate the true distribution with a hybrid of normal distributions.

Based on the observation from Section 1 that the predictability is heterogeneous across
colleges of different competitiveness, we assume that the mean of In(o;) is a fourth-order

polynomial of ;:
4
Elin(o)|is) = Bo + Y Brrt}
k=1

We estimate the model using maximum likelihood, for the science and humanity tracks,

respectively. We then use the estimated B to predict o;:

1
d; = eap(Bo + ) Britf)
k=1

With the estimation, the probability of meeting the cutoff of college j is:

A Si — My
pij = (——2)

J

where ®(.) is the CDF of standard Gaussian.
We follow Kapor et al. (2020) to validate the estimates of admission probabilities. Specif-
ically, we analyze individual-level data on admission outcomes by running the following

regression:

1(Admitted to First Choices); = aq + S1Di;

where subscript j represents students’ first choices. The null hypothesis that the estimated



admission probability is accurate implies that a; = 0 and p; = 1.

The results suggest that our estimates provide a reasonable approximate to actual prob-
ability. As shown in Columns (1) and (2) of Table B3, @y = —0.004 (SE=0.002) and —0.005
(SE=0.004) for the science and humanity tracks, respectively, and 8, = 1.002 (SE=0.004)
and 1.012 (SE=0.008) in the science and humanity tracks, respectively.

In Figure A2b, we divide colleges into four groups of equal size according to their com-
petitiveness and plot the kernel density estimation of the distribution of ¢;; — p; for each
group, respectively. The figure shows that our model approximates these empirical patterns

well.

3.3 The Optimal Rank-Order List

Given the beliefs about the unconditional admission probability of colleges, as well as the
utility of admission for each college, the optimal play reduces to calculating the optimal
portfolio. Specifically, suppose that Mei’'s ROL is (a, b, ¢, d), and the utilities and probabilities
are (Ug, Do), (Up,Db), (Ue,Pe), (ug,pa), respectively. Given her list, she will be admitted to
college a with probability p,. Under constrained DAA, she will be considered by college
b only when college a has rejected her; thus, the probability of being admitted to college
bis (1 — pa)ps*®. Similarly, the probabilities of being admitted to colleges ¢ and d are
(1 —pa)(1 —pp)pe and (1 — pa)(1 — pp)(1 — pe)pa, respectively. Her expected utility from the
portfolio {a, b, ¢, d} is:

EU([a,b,c,d]) = patia + (1 = pa)potts + (1 — pa) (1 — pp)pctic + (1 — pa)
(1 = po)(L = pe)paua + (1 — pa)(1 = p) (1 — pe)(1 — pa)u

(1)

Considering joint assignment probabilities for a group of colleges at the same time sub-
stantially complicates the decision problem because the chance of admission at one college
depends on the chance of admission at the colleges that the student has ranked above it.
This interdependence means decisions should not be made by evaluating each program in
isolation. Instead, Mei should consider admissions probabilities arising from a complete
ROL, and thus optimal decision-making requires picking an optimal portfolio out of a large
number .

Given the structure of the ROL, an optimal list (a*, b*, ¢*, d*) must be ordered to satisfy

15Here we are assuming that admission probability is independent because we believe that this is a reason-
able approximation in our empirical setting. See Section E.3 for a detailed discussion of why this assumption
is justified.

16To be precise, the number is (Z), which amounts to 4 billion in our context.

10



the property that u! > uy > u’ > wj. A more difficult and important question in this
decision problem is which four colleges to choose from hundreds of alternatives. Chade
and Smith (2006) find that a decision rule, Marginal Improvement Algorithm, can achieve
the global optimum. This algorithm decompose this decision into four steps, each of which
feature a distinct discrete choice problem. In each step, the optimum depends on the colleges
that have already been included in the portfolio in previous steps.

To understand what an optimal list looks like, note that optimality entails the following

conditions to hold for the top choice a:

Patte + (1 — pa) EU([b, ¢, d]) > ppus + (1 — pe ) EU([b, ¢, d]) for any x € C/[b,c,d] (2)
Similarly, for the second choice b:

poty + (1 = pp) EU([¢,d]) = pruz + (1 — pa) EU([c, d)) for any z € C/[a, ¢, d]
For the third choice ¢:
petie + (1 = pe) EU([d]) = prtie + (1 = pa) EU([d]) for any z € C/[a, b, d]
and for the fourth choice d:
Patia + (1 = pa)u = prtix + (1 = pa)u for any x € C/[a, b, (] (3)

Therefore, it is the colleges that the student ranks below the current choice, not the col-
leges ranked above it, that matter most for the optimal choices. These necessary conditions

thus reflect the logic of backward induction, as visualized below:

o — — — d* — (outside option)
o — — ¢ = d* — (outside option)
o - b = ¢ — d* — (outside option)
o a@ - b - & — d° — (outside option)

3.4 Formulation of the Directed Cognition Model

The optimal benchmark in Section 3.3 proposes that the best portfolio can be reached by
decomposing the problem into four distinct discrete choice problems. The correct decompo-

sition of this problem requires student applicants to appreciate the interdependence between

11



choices, because it is the colleges they list below a given rank—mnot those above—that af-
fect the optimal choice for that rank. Literature in experimental economics, however, has
established that even in simplified settings, subjects have trouble grasping the concept of
backward induction (Camerer et al., 1993; Johnson et al., 2002). Moreover, laboratory ev-
idence suggests that decision-makers lack the ability to cope with uncertainty in simple
decisions (Martinez-Marquina et al., 2019), a skill that is necessary to assess the distribution
of utility for the lower-ranked choices.

In this subsection, we continue to use the setting in Section 3.3, and introduce an alter-
native boundedly rational decision rule that is inspired by the Model of Directed Cognition
(the DC Model) (Gabaix et al., 2006). We hypothesize that this decision rule explains stu-
dents’ suboptimal strategies when they cannot apply the optimal strategy as prescribed in
Chade and Smith (2006). The rule prescribes that, instead of tracking all the information
and acting optimally upon it, another student applicant, Hua, due to cognitive limitations,
myopically focuses on the spot where he is actively contemplating which college to fill in, and
neglects the impact of that choice on the rest of the list. He fills out his ROL in a sequential
order, from top to bottom, rather than using backward induction. Mathematically, Hua

chooses 7 to maximize
piv; + (1 —pi)u (4)

among options available. As a result, in each step Hua is making choices for essentially the
same decision problem. That is, he maximizes the expected utility of a portfolio that consists
of his current choice and a cognitive default u, such as his perceived outside option. Let

(@', b, ', d") denote the result of such decision rule, the choice process is described graphically

below:
e Step1l: d — — — — (Outside Option)
e Step 2: -V - — — (Outside Option)
e Step 3: — - Jd = — (Outside Option)
e Step 4: — — — d — (Outside Option)

This decision rule requires less cognitive capacity for two reasons. First, because Hua is
making choices for each spot in isolation, the source of uncertainty is reduced and he only
needs to consider at most two states: admission to his choice in question, or getting the
utility of the outside option. Second, Hua is proceeding in a natural order by considering
the first choices before the rest of the ROL.

Such myopic decision making comes at a cost. Compared to the necessary condition for

optimality (Equation 2), the condition for DC (Equation 4) ignores the colleges that are
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ranked below the choice. When the perceived outside option is equal across two decision
rules, the DC rule appears more cautious. Take the first choice on his list, for example; when
he uses DC rule, his perceived utility from backups is merely u, far below the actual expected
utility from the colleges that follow it EU([b,c,d]). This difference is most pronounced at
the first choice of the ROL because that is where the difference between actual and perceived
expected utility from the options ranked below is maximal. In contrast, a DC Type’s risk-
taking behavior would not differ substantially from its rational counterparts for the fourth
choices of ROL because that is where the actual (Equation 3) and perceived (Equation 4)

expected utility coincide.

4 Risk-Taking Behavior from Administrative Data

Sections 3.3 and 3.4 have introduced and compared the Optimal Rule and the DC Rule
and show that intuitively they yield different predictions regarding risk taking behavior for
different spots on the ROL. Section 4.1 discusses their differences when horizontal preferences
are present. Section 4.2 discusses the admission outcome gap between students of different
SES. Sections 4.3 and 4.4 discuss how the differences in risk-taking behavior between the

advantaged and disadvantaged students appear in line with the prediction in Section 4.1.

4.1 Predictions: Cautiousness and Competitiveness Reversal

Following the notations in previous sections, let (a’b>cd’ denote the set of choices by the
Optimal Rule, and let (a/, ¥, ¢, d’) denote the set of choices by the DC Rule. For a given
student, @ = (u1, ug, ..., u)c) is his preference profile for all colleges, and p'= (p1, p2; ..., Picy)

is the vector of his admission probabilities.

Prediction 1 (Top-Choice Cautiousness) For any i and p, assuming outside option is

zero and there do not exist x # y such that pyu, = pyu,, we have:
1. por < por;
2. When pg = par, we have a* = a’ and py < py;
3. When py = py and py- = py, we have b* =0 and p < py;
4. When pgx = pary Do = Py, and pe = por, we have ¢ = ¢ and pg < par;

The proof is in Appendix D. This prediction shows that the DC Rule always predicts

cautiousness for the top choices compared to the Optimal Rule, no matter what value «
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takes. It clarifies that the two rules are not distinguishable in terms of risk-taking only
if the option value of non-top spots does not change the consideration of the choices for

higher-ranked spots, in which case option value neglect does not lead to sub-optimal choices.

Prediction 2 (Competitiveness Reversals) For any i@ and p, assuming outside option
is zero and there does not exist v # y such that pyu, = pyuy. If max{pe=, pp«, e+ } > pa- (i-e.
reversal between non-bottom and bottom choices under the Optimal Rule), then there must

be competitiveness reversal in list (a’',b',c,d').

The proof is in Appendix D. This prediction shows that for any preference profiles, the
DC Rule will only generate more instance of the competitiveness reversals compared to the
Optimal Rule.

The presence of cautiousness and competitiveness reversals jointly characterizes the set

of preferences that renders the two decision rules indistinguishable.

Observation 1 Assuming outside option is zero, consider the ratio of probability among
pairs of choices L;j = %7 i,7 € {a,b,c,d} where i, j constitutes a competitiveness reversal,
then the two decision rules yield identical risk taking behavior only if for any x ¢ {a,b,c,d}
and i,j € {a,b,c,d}, Lijpu, < piu;.

The proof is in Appendix D. The more cautious choices are, the higher L;; is. The more
severe the reversal is, the higher L;; is. Higher L;; implies that the set of @ and p’ that
render the two decision rules indistinguishable will be smaller. In the extreme, the two rules
yield identical outcomes if there is satiation regarding four colleges among the hundreds
of alternatives. Observation 1 characterizes the middle ground between this extreme form
of horizontal preferences and pure vertical preferences, in which case any competitiveness

reversal would be sufficient to indicate the presence of the DC Rule.

4.2 QOutcome Gap in terms of Competitiveness

A large literature documents that socioeconomically disadvantaged students are worse at
strategizing in centralized systems (Lucas and Mbiti, 2012; Ajayi, 2013; De Haan et al., 2015;
Shorrer and Sovago, 2018; Kapor et al., 2020). To examine whether students of low SES
end up in worse colleges, as suggested by existing research, we approximate socioeconomic
status using average educational attainment at the township level'”. We obtained statistics
on the average years of education among adults between 40 and 65 at the township level from

the China Census in 2010, as well as access to students’ home addresses in 2015, 2017, and

"Roughly speaking, township is equivalent to zip code in the US.
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2018!%. We match the township-level educational attainment data to individual students in
the administrative dataset and plot the distribution of this measure in Figure A3. We split
students into four groups according to their SES and focus on the most advantaged quartile
and the most disadvantaged quartile in this subsection.

To analyze the gap in admission outcomes, we run the following regression:
Outcome; = f;1;(1st Quartile) + £,1;(4th Quartile) + f(CEE Score;) + X; +¢;  (5)

Admission outcome is constructed by the average standardized cutoffs during 2014-2018
for the colleges that admit the student in question'®. f(-) is a fourth-order polynomial func-
tion. The coefficients of interest are 5, and (4, which indicate, compared to the second and
third SES quartiles, whether being in the lowest or highest SES quartile leads to admission
to more competitive colleges, conditional on having the same CEE score. Since admission
outcomes are jointly determined by students’ CEE scores and their application lists, the
estimates of 5, and (3, can only be attributed to systematic differences in ROLs.

Table 1 shows the outcome gap obtained by running regressions on different samples with
different sets of controls. The gap between the first quartile (/1) and the fourth quartile (5,),
p1— B4, can be as large as 0.105 standard deviations (Panel A, Column 1). The gap amounts
to 0.129 standard deviations when the sample is restricted to higher-achieving students
(Panel B, Column 1).

When more controls are added, the estimated gaps shrink by up to 50%. We note, how-
ever, that these control variables are themselves reflective of students’ socioeconomic back-
grounds. These variables apparently capture omitted aspects of socioeconomic background
compared to a more straightforward measure of adults’ average educational attainment at
the township level. The main takeaway of this exercise is that the gap appears quite robust
and consistent, and is not easily explained by any single observable characteristic.

Overall, when compared to the middle (second and third) SES quartiles, the estimates of
B4 for the fourth SES quartile clearly show that the most advantaged students’ outcomes are
substantially higher. Similarly, the estimates of 3, for the first SES quartile show that the
most disadvantaged students’ outcomes are consistently worse. The signs of these estimates
appear robust, and the effect is slightly larger for high-achieving students, as shown in Panel
B. When restricted to the STEM track (Columns 4-6), the estimates are similar to those

obtained when both tracks are included (Columns 1-3).

18For 2014 and 2016, we cannot obtain data at such a granular level and have only been able to obtain
county-level statistics.

19Figure A4 shows the distribution of the un-standardized cutoffs of the colleges that admit a student by
their CEE score quintile. The figure helps visualize the competitiveness of the placement among students of
different CEE performance.
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4.3 Top-Choice Cautiousness: Advantaged vs. Disadvantaged

As previous literature also suggests that disadvantaged students may be more likely to make
strategic mistakes. We seek to understand in this subsection whether the observed outcome
gap could be associated with option value neglect, as prescribed by the DC Decision Rule. We
focus on the comparison between the fourth (most advantaged) quartile and other quartiles

and consider the following regression:
Prob; = £41;(4th Quartile)+ f(CEE Score;)+1;(4th Quartile)x f(CEE Score;)+X;+¢; (6)

where the dependent variable captures students’ risk-taking behavior for a specific choice on
their lists, the degree of risk-taking is measured by the unconditional probability (i.e., the
probability that a student’s score meets the cutoff of a college in question, disregarding other
choices on the list). We allow the gap between the fourth quartile and other quartiles to
vary with the percentile of CEE score by including the interaction term between the dummy
"Fourth Quartile” and the fourth-order polynomial of CEE score percentile.

As discussed in Sections 3.4 and 4.1, a key difference between the DC Rule and the
Optimal Rule is that the DC Rule, in particular, predicts substantially more cautiousness
for top choices but not for bottom choices. In Table 2, we show in Panel B Column 1 that the
first-choice probability for the most advantaged quartile is 4.90% lower (i.e., more risk taking)
than that of other quartiles, conditional on having the same CEE score. The explanation
that risk aversion—or lack of interest in competitive colleges—cannot easily account for this
gap is reinforced by Panel B Column 2, which shows that the most advantaged quartile is
actually more cautious than their counterparts. Finally, in Panel B Column 3, we use the
difference between the fourth and the first choice as a measure of diversity in risk-taking,
and find that the most advantaged quartile has a substantially more diverse portfolio than
other quartiles, with the probability gap between the first and fourth choices being roughly
6.98% larger than that of other quartiles.

The above findings appear to be quite uniform across students’ CEE scores. Figure 2a
shows a bin-scatter plot of the mean unconditional probability for all four choices on the list,
by CEE score percentile. While students with different CEE scores exhibit varying levels
of risk, the average risk-taking among the most advantaged quartile appears substantially
more diverse than in the other quartiles. Specifically, for high-achieving students (e.g., CEE
percentile > 40%), they are substantially more risk-taking for their first and second choices,
but slightly more cautious for their fourth choices. For lower-achieving students (e.g., CEE
percentile < 40%), the diversity in risk-taking seems to stem mainly from greater caution in

bottom choices. Table 2 Panel C quantifies this visual evidence and shows precisely estimated
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gaps.

The gap also holds when comparing the cumulative distribution of the unconditional
probability for the highest quartile with those of the other quartiles. As shown in Figure
2b, for the first and second choices, the CDF of the other quartiles stochastically dominates
that of the highest quartile. The gap is quite substantial—for example, among the most
advantaged quartile, approximately 26.91% of students have a first-choice unconditional
probability exceeding 75%, whereas in the other quartiles, this share is about 34.72%, roughly
one-third higher than that for the most advantaged quartile. In contrast, for the fourth
choices, the CDF of the other quartiles appears to be weakly stochastically dominated by
that of the highest quartile.

These patterns jointly show that the most advantaged students’ portfolios are uniformly
more diverse than those of their disadvantaged counterparts. They also suggest that disad-
vantaged students may not be applying for colleges optimally, effectively neglecting option
value. While we cannot determine the optimal level of diversity without making assumptions
about preferences, Panel A in Table 2 shows that many high-achieving students appear to be
extremely cautious even with their first choice (e.g., one quarter of these students apply for
a college whose unconditional probability exceeds 90.96%). Such lack of risk-taking seems

incompatible with their high motivation and substantial investment in CEE preparation.

4.4 Competitiveness Reversals: Advantaged vs. Disadvantaged

Another prediction from the discussion in Section 4.1 is that for a given set of preferences,
the DC rule will always generate more competitiveness reversals, meaning a riskier college is
placed at a lower-ranked spot. This pattern contradicts the risk-taking strategy intuitively
prescribed in Section 3.3, where students should take more risk for higher-ranked spots.
These predictions intuitively suggest that in order for students to construct a portfolio
with diverse levels of risk, it is often necessary that the unconditional probability of their
fourth choices is substantially larger than that of their first choices. Otherwise, it either
indicates a direct competitiveness reversal or suggests a lack of diverse risk-taking, which
potentially leads to competitiveness reversal elsewhere on the ROL. In Figure 3a, we show
the cumulative distribution of the difference between the fourth-choice probability and the
first-choice probability for the most advantaged quartile and for other quartiles. Echoing
previous findings on cautiousness, the figure displays a significant gap in this difference,
with the distribution for the most advantaged quartile stochastically dominating that of the
other quartiles. Moreover, this gap is especially substantial in the area of interest, where

roughly 41.42% of the students in the most advantaged quartile have a fourth-first probability
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difference smaller than 25%, whereas the corresponding share climbs to roughly 51.14% for
other quartiles. If we instead consider the more severe case where there is a competitiveness
reversal between the first and fourth choices, roughly 8.61% of the students in the most
advantaged quartile exhibit a reversal, whereas the share nearly doubles to 15.54

In Figure 3b, we also include the second and third choices in the analysis by examining
the CDF of the following statistic: R = maxz{pa, ps, pc} — pa- Here, R will be negative when
at least one of the top three choices constitutes a risk-taking reversal with the fourth choice.
The more negative R is, the more severe the reversal. The graph demonstrates that the
CDF of the highest quartile stochastically dominates that of the other quartiles for R < 0,
suggesting that regardless of the degree of reversals examined, the gap between advantaged
and other quartiles persists. Specifically, when we include all such reversals (R < —1%),
35.70% of the students in the other quartiles commit reversals, whereas the share is only
25.49% for students in the most advantaged quartile. When we look at the more severe
reversals (R < —25%), 9.53% of the students in the most advantaged quartile commit such

reversals, while the share nearly doubles to 17.01% for students in the other quartiles.

5 Survey Experiment: Testing Framing Effect

Section 4 shows that disadvantaged students tend to have less diverse portfolios and exhibit
more reversals. This evidence is consistent with the possibility that more disadvantaged
students neglect option value, as predicted by the DC Model. However, students’ decisions
may also be influenced by horizontal preferences, information frictions, or subjective beliefs.

To address these concerns, we design a survey experiment in which students make incen-
tivized, hypothetical choices involving colleges and lotteries. The monetary incentives and
risks associated with these hypothetical colleges are structured to test predictions of the DC
Rule in a way that is not confounded by the factors mentioned above. One of the questions
presented in this section will be randomly selected to “count,” and students will be paid

based on their response to that question.

5.1 Prediction: Framing Effect

The correct utility of choosing college a as the rth choice is

Ua = Palq + (1 - pa)Ura

where U, is the expected utility of the portfolio consisting of all options ranked below the

rth position. The challenge for a DC Type arises when the decision is presented in the form
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of a ROL (Rank-Ordered List): they fail to compute U, and instead treat it as a default
fallback utility ug.

However, when the same decision is presented as a mathematically equivalent lottery(pq, uq; 1—
Pa, Ur). The payoff in the event of rejection is explicitly specified. This clarity prevents the
DC Type from misperceiving the utility of backup options. In effect, presenting choices in
the form of a lottery “de-biases” the decision by drawing the decision-maker’s attention to
the utility of backup options, reducing the cognitive focus on a single outcome.

More generally, let U, denote the perceived expected utility of the portfolio ranked below
the rth choice. A higher U/ increases the willingness to take risk, as the downside appears
more favorable. For an Optimal Type, U/ = U,., regardless of whether the decision is framed
as a lottery or a ROL. For a DC Type, U/ = U, in the lottery frame, but U, = uy < U, in
the ROL frame:

Prediction 3 (Framing Effect) An Optimal Type will behave consistently across the ROL
frame and the lottery frame. A DC Type will be more risk-taking in the lottery frame com-
pared to the ROL frame.

5.2 Design of the Survey Experiment

The core of the survey experiment consists of three groups of incentivized questions, pre-
sented as three Multiple Price Lists (MPL).?° The first and third groups ask students to
indicate their preferred level of risk by choosing either College X or College Y as the first
choice in a hypothetical Rank-Ordered List (ROL). Each list includes seven questions, as
shown in Panels A2 and C2 of Table B4. The payoff associated with College X remains
constant—an admission probability of 50% and a reward of 25 CNY if admitted—while the
payoff associated with College Y increases across questions, holding the admission probability
fixed at 25% but raising the reward from 30 to 60 CNY in 5 CNY increments.

The second, third, and fourth positions on the ROL are fixed in advance, as displayed in
Panels A1 and C1 of Table B4, with one of these colleges guaranteed to admit the student
if she is not admitted to her first choice. The “rules of admission” for both question groups
mirror those of the actual college admission process.

The difference between the first and third MPL lies in the value of the backup payoffs: in
Question Group 1, admission to lower-ranked colleges yields 20 Chinese Yuan (CNY), while
in Question Group 3, the amount is only 5 CNY. These scenarios capture the core trade-off

in our setting: students who wish to take on more risk by selecting a more desirable college

20 Appendix F provides sample screenshots of these comprehension questions.
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as their top choice must also face a greater chance of being admitted to backup options with
substantially lower payoffs.

To ensure that the questions closely resemble the high-stakes college application deci-
sions students make for themselves, the specific names of the colleges are customized at the
individual level based on the exam score students report at the beginning of the survey.
The benefit of this approach is that it eliminates the need to introduce an entirely new
decision environment—something that focus group results suggest may be less effective in
a general survey context. The downside, however, is that students who misinterpret the
instructions may project their own preferences onto the named colleges, potentially over-
riding the monetary incentives intended to discipline their stated preferences. To minimize
this possibility, we implement two measures. First, we clarify that participants are assist-
ing another student in making college application decisions, and this hypothetical student’s
preferences are explicitly shown via satisfaction scores assigned to College X, College Y, and
other options. To avoid confusion over currency conversion, these satisfaction scores also
represent the monetary incentive (in Chinese Yuan) awarded upon “admission.” Second, we
include comprehension questions to assess students’ understanding of how each college cor-
responds to potential monetary payoffs. Participants are provided feedback and corrected if
they respond incorrectly.

The second group of questions is mathematically equivalent to the first but is presented
in a lottery frame. This group also consists of seven questions. Lottery X has a fixed
payoff structure of (25 CNY, 50%; 20 CNY, 50%), which replicates the payoff distribution of
College X in Question Group 1 and remains constant across questions. The payoff structure
of Lottery Y varies across questions—(30 CNY, 25%; 20 CNY, 75%), (35 CNY, 25%; 20
CNY, 75%), ..., up to (60 CNY, 25%; 20 CNY, 75%)—and is mathematically equivalent
to the payoff profile of College Y in Question Group 1. However, the framing in Question
Group 2 differs from that of Group 1: the probability and payoff associated with rejection
from the first choice (i.e., the downside) are explicitly included in each option, as shown in
Panel B of Table B4. This distinction matters because DC Types in our setting evaluate
their top college choice in isolation and neglect the utility of lower-ranked options, thereby
failing to correctly translate the ROL into its equivalent lottery. By explicitly incorporating
the downside payoff, the lottery frame corrects this cognitive error and neutralizes the bias
introduced by the DC decision rule.

Students were instructed to carefully read the explanations provided before answering the
questions. Since the payoff from Option X is fixed while the payoff from Option Y increases
across questions, a coherent pattern of responses should involve at most one switch from

choosing X to choosing Y. This principle is clearly communicated in the instructions, and
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students are allowed to switch from X to Y at most once in their responses.

5.3 Analysis of Survey Data

Panel A of Table 3 examines whether students from disadvantaged socioeconomic back-
grounds, as measured by their parents’ average years of education, are more likely to exhibit
the framing effects predicted by the DC Decision Rule. Linear probability models with vary-
ing sets of controls show that a one standard deviation increase in the normalized SES index
is associated with a 4.3 to 4.9 percentage point increase in the likelihood of belonging to the
red block (i.e., students who exhibit substantial framing effects).

To estimate the share of DC Types in the survey sample, we model students’ risk-taking

behavior using a power utility function over monetary outcomes:

u=(c+ B,

where B represents background consumption, set to 10 CNY?!. The curvature parameter
p is assumed to lie in the range 0.05 < p < 1, and varies with SES (standardized parental
education) and CEE (standardized priority score):

p = min {max {0.05, oy + a;SES + a,CEE +¢,}, 1},

where €, ~ N(0,07).

We incorporate decision noise by assuming that students perceive the payoff of Choice Y
with error. In Question Group 2, let the lotteries be defined as X (20) = (25, 50%; 20, 50%)
and Y (m,20) = (m, 25%; 20, 75%). For Optimal Types, the riskier option Y (m,20) is
perceived as Y (m + €, 20), where € ~ N(0,¢2) is i.i.d. across individuals.

For Question Groups 1 and 3, we define the lottery equivalents of College X and Y as
X (b) = (25, 50%; b, 50%) and Y (m,b) = (m, 25%; b, 75%), where m is the first-choice
payoff and b is the backup payoff. Optimal Types are assumed to correctly process the
ROL questions as equivalent to these lotteries, and we apply the same noise structure as in
Question Group 2.

DC Types, in contrast, misperceive the backup payoff in the ROL frame as 0. Thus, they
interpret the questions as involving lotteries X (0) and Y (m,0), leading to more cautious
behavior. As with Optimal Types, noise is added to m.

We also include a third behavioral type established in the literature: the Sincere Type
(Pathak and Sonmez, 2008; Calsamiglia et al., 2020). In the ROL frame, Sincere Types

21This amount roughly corresponds to the cost of a meal in Ningxia.

21



always choose the college with the highest nominal payoff, ignoring admission probabilities.
Noise is added to m, which corresponds to the higher of the two payoffs.

The decision noise variance o2 is allowed to vary across question groups but is assumed
to be constant across behavioral types.

We further assume in this mixture model that the share of DC Types varies with socioe-

conomic status:

exp(By + B1SES + [aScore)
exp(Bo + F1SES + B2Score) + 1

We estimate this mixture model and present the main results in Panel B of Table 3.

Pr(DC Type | SES, Score) =

Including the DC Type in the estimation (Column 2) substantially improves model fit (log-
likelihood = —8781.778, 9 parameters) compared to the baseline model in Column 1, which
only allows for the Optimal Type (log-likelihood = —9100.574, 6 parameters). The improve-
ment is substantial: the Bayesian Information Criterion (BIC) also favors the mixture model
(BIC = 17628.83) over the single-type rational model (BIC = 18244.66).

Adding the Sincere Type (Column 3) provides a further improvement in fit, but the effect
is limited relative to the DC Type (log-likelihood = —8780.909, 10 parameters). Consistent
with this, the estimated share of the DC Type in our preferred specification is 50.4%. The
marginal effect of socioeconomic status is statistically significant: a one standard deviation
increase in the SES index is associated with a 5.5 percentage point decrease (SE = 1.8%) in
the likelihood of being classified as a DC Type.

In contrast, the CEE score is not significantly associated with DC Type classification.
This may seem surprising, but it is important to note that our sample includes only students
eligible for first-tier colleges—that is, those already in the top 25-30 percent of the cohort.
Moreover, as all students have been intensively trained for the CEE over several years, it is
unclear whether CEE scores are informative about their ability to make decisions in a novel,

real-life context like this one.

5.4 Framing Effect Predicts Risk-Taking Behavior in College Choices

While we do not have access to administrative data from 2019 and are therefore unable to
link students’ responses directly to the centralized application system, we did ask them a
series of questions about their real college applications, as well as their decisions in other
counterfactual but incentivized scenarios. These questions allow us to connect their re-
sponses—analyzed in the previous subsections—to a broader set of outcomes.

Specifically, regarding their actual college applications, we asked students the following:

1. The Rank-Ordered List (ROL) they submitted.
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2. For each choice on the list, their perceived probability of meeting its cutoff score.

If responses to the incentivized risk-taking questions genuinely reflect the presence of
DC-Type behavior in real college application decisions—rather than merely a pattern of
responses specific to the hypothetical survey setting—then we would expect their reported
ROLs to exhibit behaviors consistent with Predictions 1 and 2 as well.

In addition, we ask participants to engage in a separate college selection task in which
they construct a four-college Rank-Ordered List (ROL) from a set of colleges recommended
to them by the system. These recommendations are generated based on their individual
information and stated considerations regarding college applications.

Similar to the questions introduced in Section 6.2, the recommended colleges are assigned
satisfaction scores, which serve as the basis for monetary rewards in the event that a partic-
ipant’s response is selected for payment. In this task, the event of “admission” is defined as
the participant’s actual CEE score exceeding the publicly announced cutoff score for a given
college in the 2020 admission cycle.

Following the construction of the full ROL, we ask participants the following counterfac-

tual questions:

1. If only two colleges could be included in the list, which two would you choose?

2. If only one college could be included in the list, which college would you choose?

We compare students’ answers on the shortened list tasks to their original four-college
lists. The rationale is that the DC Decision Rule differs from the Optimal Decision Rule by
prescribing that decision-makers make choices in a forward-looking manner, rather than by
backward induction—particularly when more competitive colleges are also more desirable.??
This implies that if students are DC Types, they should be more likely to select their top-
choice colleges—rather than safer, lower-ranked options—when constrained to include only
one or two colleges on an artificially shortened list.

Panel C of Table 3 presents summary statistics of students’ college choices, disaggregated
by whether they exhibit a substantial framing effect (i.e., whether they belong to the red block
in Figure 4). Applicants who are very cautious in the ROL frame but not in the equivalent
lottery frame are significantly more likely to state that they would have chosen their top-
ranked colleges had they been allowed to include only one or two options. Furthermore, these

students are significantly more likely to report that they selected safer colleges for their top

22As discussed in Section 4.1, in the presence of substantial horizontal preferences, there are exceptions
where the Optimal Rule leads to the same outcome as the DC Rule, such that backward induction is not
required.
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choice (i.e., exhibit top-choice cautiousness), but not for their bottom choice, and are also

more likely to report committing competitiveness reversals.

6 Structural Estimation using Administrative Data

In this section, our primary objective is to estimate students’ preferences by fitting their
application choices under different assumptions about the decision rule they employ. Section
6.1 describes the available variation in the administrative data. Sections 6.2 and 6.3 outline
the model setup and estimation procedures. Finally, Sections 6.4 and 6.5 present the main

results and discuss their welfare implications.

6.1 Identification

As discussed in Section 4.1, when students are satiated with a few non-competitive colleges,
applying either the Optimal Rule or the DC Rule yields identical outcomes. In other words, it
is always theoretically possible to explain observed decisions using some configuration of the
preference vector «. This implies that, without imposing any distributional assumptions on
i, we must rely on additional variables or sources of variation for identification, as emphasized
in Agarwal and Somaini (2018).

However, Section 4.1 also provides positive results: for any given u, the DC Rule generates
a higher degree of top-choice cautiousness and a greater incidence of competitiveness reversals
compared to the Optimal Rule. This implies that, given a parameterized distribution of
college preferences, one can separately identify preferences and decision rules. Specifically,
the reduced-form patterns documented in Section 4 can be exploited to achieve identification
of the behavioral decision rule.

As the estimated share of DC Types from structural decomposition may be sensitive to
the assumed distribution of preferences, we adopt a more direct approach by imposing the
share of DC Types to match the survey-based estimate in the structural estimation. This
additional data source enables the core exercise of this section, in which we estimate and

compare three specifications:

1. All students use the Optimal Rule.

2. Students use either the Optimal Rule or the DC Rule. Conditional on students’ SES
and CEE scores, the share of DC Types is fixed to match the estimates from Section

5. The distribution of preferences is assumed to be identical across both types.
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3. Students use either the Optimal Rule or the DC Rule. Conditional on students’ SES
and CEE scores, the share of DC Types is fixed to match the estimates from Section

5. However, the distribution of preferences is allowed to differ across the two types.

The comparison between the first and second specifications provides a test of the explana-
tory power of the DC Model for real college application behavior, under the assumption that
the distribution of decision types among 2020 survey respondents is similar to that of ap-
plicants from 2014 to 2018. The resulting improvement in fit may be viewed as a lower
bound on the explanatory potential of incorporating the DC Model, since violations of this
assumption would typically attenuate the model’s predictive power. The third specification
offers the most flexible framework, allowing for heterogeneity in preferences across types and
enabling an evaluation of the welfare implications of debiasing.

While the survey-based estimates offer key advantages, one may wonder what variation
the administrative data can provide. In our setting, it is difficult to leverage some of the
common sources of variation found in other datasets, such as applicants’ geographic loca-
tion. Most first-tier colleges are located in major coastal cities, while only two such colleges
are situated in Ningxia. Furthermore, Ningxia is geographically small compared to other
provinces and is distant from the coastal regions. As a result, the location of applicants’
homes within Ningxia exhibits very limited variation in terms of access to colleges, since
all major institutions under consideration are roughly equally distant from any two points
within the province.

The main source of variation we exploit is in students’ priority scores. We assume that the
distribution of preferences changes smoothly with respect to the priority score—that is, as
the priority score increases, preferences evolve more gradually than admission probabilities.
This assumption is justified on two grounds.

First, students cannot perfectly control their total scores, and anecdotal evidence suggests
that mock exam performance is a poor predictor of actual CEE outcomes. Second, exam
difficulty varies across years and across subjects, generating exogenous variation in priority
scores. Since the priority score is the sum of raw scores across all subjects—and subject-
specific scores are not standardized—this variation is not purely reflective of overall ability.
For instance, students with high math ability may achieve a higher ranking when the math
exam is particularly discriminating.??

Such variation affects the assignment probabilities of all colleges—often at different rates.
To illustrate this point, consider two colleges, A and B, with admission cutoffs distributed

as ¢4 ~ N(pa,0%) and cg ~ N(up,0%), respectively, where pa > pup. For a student with

23Figure A6a plots the standard deviation of exam scores, normalized by total subject score, from 2014 to
2018. The figure shows clear year-to-year variation in the exams’ ability to differentiate among students.

25



priority score s, the unconditional admission probabilities are given by pa(s) = & (%)

and pp(s) = @ (%), where ®(-) denotes the standard normal cumulative distribution

function.

We note the following:

Observation 2 Consider the probability ratio L(s) = ;’;—8. With sufficient variation in s,

we have:
o [foa = o0p, then the range of L(s) includes (0,1).
e [fos < op, then the range of L(s) includes (0,1).
e Ifos > op, then the range of L(s) includes (1, +00).

The derivation is provided in Appendix D. The range of £(s) determines how variation in
s can be used to trace out preference intensity. Suppose a student, who perceives the outside
option as yielding zero utility, is choosing between colleges A and B for a single available
spot. Then, the student chooses A if and only if:

Uup

pa(s)ua > pp(s)up <= L(s) > ”

In the language of Agarwal and Somaini (2018), the wider the range of L(s), the larger
the “cone” one can construct to trace out the distribution of preference intensity for college
A relative to B. Observation 2 provides a rough lower bound on how large the range of £L(s)
can be.

Given the fitted unconditional probabilities described in Section 3, for two colleges of
comparable quality, it is typically the case that 04 &~ op. This implies that L£(s) gener-
ally spans the interval (0, 1), making this variation especially well-suited for identifying the

intensity of vertical preferences.

6.2 Setup

Structure of College Preferences We parameterize college preferences in order to im-
plement the structural estimation. For individual 7, the utility of being admitted to college

J is given by:

Uij = HXXJ‘ + QSXSESZ'XJ‘ + QCXCEE,L'XJ' + (an + HVi)Xj
+fc<Cj, SESI, CEEl) + OZ<SESZ, CEEZ) + Gija
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where X, is a 10-dimensional vector of characteristics of college j. This includes the
standardized competitiveness of the college, denoted C;. The variable SE'S; is the standard-
ized average educational attainment among adults in student ¢’s township of residence, and
CEFE; is the standardized CEE score.

The function fo(:) is a polynomial that captures differential preferences for compet-
itive colleges based on socioeconomic background and academic achievement. The term
O;(SES;, CEE;) is a polynomial that allows students with different backgrounds and test
performance to have heterogeneous outside options.

The parameter 0%, 5%, X are 10-dimensional vectors. The term 7 follows a 10-
dimensional normal distribution, with independently distributed elements and variances
given by the vector 0%, and v; is a scalar component capturing correlated preferences across
characteristics, scaled by a 10-dimensional vector . The term ¢;; represents an individual-
college-specific shock to utility.

Further details on variables and model specification are provided in Appendix C. Given
this specification, we simulate utility and generate predictions for a given set of parameters

and decision rules.

Specification 1: All Are Optimal Agents. In this specification, we assume all students
follow the Optimal Decision Rule. Utility is simulated using the specification described
above, and students’ predicted ROLs are generated by solving for the utility-maximizing

list. The model includes a total of 60 parameters.

Specification 2: Mixture of Optimal and DC Agents with Identical Preferences.
This specification allows for heterogeneity in decision rules: each student may follow either
the Optimal Rule or the DC Rule. The probability that a student is a DC Type is modeled
as a function of her SES and CEE score, using the estimates obtained in Section 5. Predicted
ROLs are generated conditional on the student’s type and utility function of the same form as
Specification 1, except for the outside option mean-shifter, which—representing the cognitive
default for DC Types—is allowed to differ from that of Optimal Types. This specification

includes a total of 61 parameters.

Specification 3: Mixture of Optimal and DC Agents with Different Preferences.
As in Specification 2, students may follow either the Optimal or DC Rule, and the probability
of being a DC Type is determined by SES and CEE scores using estimates from Section 5.
Unlike Specification 2, however, we allow preferences to differ across types. Specifically, the

parameters 0%, 05X 69X the polynomial function fo(-), and the outside option function
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O;(+) are all type-specific. This specification includes 99 parameters in total.

6.3 Estimation Strategy

The estimation strategy is the Simulated Method of Moments (SMM).?* The estimation uses
160 moments, which fall into two groups.

The first group contains 40 moments designed to identify preference parameters related
to X;. These include:

e The first 10 moments are the means of X; across all choices on students’ ROLs, used
to identify the parameters 6;.
e The next 10 moments are the means of X; - SES;, used to identify QfX.

e The third set of 10 moments are the means of X, - CEE;, used to identify HJ»CX .

e The final 10 moments are the means of ij,

teristics of all colleges on student i’s ROL. These moments help identify the variance

where X;; represents the average charac-

parameters 0% and the correlation scaling factor k.

The second group consists of 120 moments, constructed to differentiate DC Types from
Optimal Types for any given preference configuration. These moments are motivated by the
reduced-form predictions introduced earlier.

To detect top-choice cautiousness (Prediction 1), we include moments such as the mean
assignment probabilities of the first, second, third, and fourth choices on students’ ROLs.
To capture competitiveness reversals (Prediction 2), we compute (i) the share of ROLs that
exhibit any reversal in competitiveness ranking, and (ii) the share of ROLs in which the
probability of admission for a higher-ranked college exceeds that of a lower-ranked college
by at least 25%.

There are thus six types of moments in total. To account for heterogeneity, we divide
the sample into 20 subgroups based on a cross-classification of SES quartiles (4 groups) and
CEE score quintiles (5 groups). We compute the mean of each of the six moment types
within each subgroup, yielding 4 x 5 x 6 = 120 moments.

We use the Simulated Method of Moments (SMM) to estimate the model. For each

student, we simulate choice behavior 50 times and compute the simulated moments by

24An alternative is to use Maximum Likelihood Estimation (MLE) with the computational techniques
proposed in Larroucau and Rios (2018). The main advantage of SMM is its intuitive alignment with the
empirical patterns the model aims to match, though this comes at the cost of potential information loss
relative to MLE.
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averaging across these simulation draws. The estimation procedure minimizes the weighted

distance between the simulated moments m(6) and the empirical moments my:

min (m(8) — mo) W (m(6) — mo),

where W is the weighting matrix. The estimator is asymptotically normal, with an

. 1 O .
GW(l—I—%) (N) WG

where 50 corresponds to the number of simulated draws per observation (Laibson et al.,

2007; DellaVigna et al., 2016). Here, G = 6"5—(;), is the Jacobian of the moment vector, and

Q = Var(m(0)) is the estimated variance of the empirical moments.

estimated variance given by:

(GWG)™? (GWGE)™,

To improve efficiency, we set the weighting matrix W to be the inverse of a diagonal

matrix whose entries correspond to the estimated variance components in 2.

6.4 Estimation Results

Since detailed township-level SES data are only available for students in 2015, 2017, and
2018, we restrict the estimation sample to these three cohorts. For students in 2014 and
2016, only county-level SES data are available, and these cohorts are used for out-of-sample
validation.

The odd-numbered columns in Panel A of Table 4 report the in-sample model fit across
the three specifications. The introduction of DC Types in Specification 2 leads to a sub-
stantial improvement in fit—over 40% better compared to Specification 1, which assumes all
students follow the Optimal Rule. Allowing preferences to differ across types in Specifica-
tion 3 yields further gains in fit, but the incremental improvement is modest relative to the
impact of introducing the DC Type alone.

The even-numbered columns show the out-of-sample prediction results. Here too, Specifi-
cation 2 significantly outperforms Specification 1, improving fit by approximately 20%. This
highlights the robustness of the DC Type’s explanatory power even outside the estimation
sample.

Figure 5 illustrates the extent of improvement in predicting the second group of moments,
which are designed to capture the presence of DC Types. Panel 5a shows that prediction
accuracy for average unconditional assignment probabilities improves most notably for first-
choice colleges, while the improvements for third and fourth choices are minimal. This

pattern is consistent with the prediction of top-choice cautiousness. Panel 5b presents the
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improvement in predicting the share of ROLs exhibiting competitiveness reversals. The
model’s fit improves across all reversal measures, with larger gains observed for more se-
vere reversals—again consistent with the theoretical prediction of competitiveness reversal
behavior under the DC Rule.

Panel B of Table 4 summarizes the simulated utilities generated using the fitted param-
eters from Specification 3. In Columns 1-4, we compute the mean and interquartile range
(75th minus 25th percentile) of simulated utility across all students and colleges, repeated
over 200 simulation draws. We then regress these statistics on two key characteristics of
colleges: competitiveness and distance, using ordinary least squares (OLS).

For the median utility reported in Columns 1 and 3, the preference for more competitive
colleges emerges as the dominant explanatory factor—unsurprisingly—far outweighing the
role of distance. In fact, the effect of competitiveness is more than an order of magnitude
larger than that of distance, which is typically considered important in other contexts. This
may be due to competitiveness functioning as a market price that already incorporates
geographic desirability, as well as the widespread preference in China for attending college
in coastal regions where employment opportunities are more abundant. Notably, simulated
DC Types exhibit slightly stronger preferences for competitive colleges than their Optimal
Type counterparts.

The college-level analysis is less precise due to the aggregation of simulated utilities at
the college level, resulting in only 239 observations. However, summary analyses based on
student-level utility yield consistent patterns. Quantitatively, the estimated preference for
competitiveness is approximately 24 times stronger than the preference for proximity, with
more advantaged students showing relatively weaker preferences for competitive colleges.

Columns 2, 4, and 6 show that preference heterogeneity is greater for both more com-
petitive and more distant colleges, suggesting greater dispersion in perceived value across
students for these attributes.

We additionally analyze the satisfaction data from the survey experiment introduced in
Section 5, as a complementary approach to quantify the relative preference intensity for
college selectivity and distance. Compared to Column 5 in Panel B of Table 4, the only
difference is that the dependent variable is stated satisfaction rather than simulated utility.

The estimates exhibit consistent signs: applicants’ stated satisfaction increases more
strongly with competitiveness than with proximity. This reinforces the finding that college
selectivity plays a dominant role in shaping perceived value. Interaction terms with SES and
CEE appear to play a minor role. If anything, students from more advantaged backgrounds

tend to exhibit slightly weaker preferences for highly competitive colleges.
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6.5 Welfare

The estimated preferences allow us to evaluate the potential welfare implications of a coun-
terfactual in which all DC-Type students are de-biased and behave optimally. Ex ante, the
effect of such a change is theoretically ambiguous. On the one hand, the reallocation may
worsen outcomes for some students, as reshuffling can lead to displacement in competitive
assignments. On the other hand, because DC-Type students are not optimally expressing
their preferences, they may fail to fully benefit from the strategic advantages offered by such
mechanisms (Abdulkadiroglu et al., 2011; Chen and Kesten, 2017). Thus, whether de-biasing
improves welfare overall—or specifically benefits disadvantaged students—is ultimately an
empirical question.

Table 5 reports the average change in welfare across all SES x CEE cells. Since utility in
our framework is invariant to affine transformations, we normalize utility such that the best
college available to each student in each simulation is assigned a value of 1, while the outside
option is normalized to 0. The results show that de-biasing leads to welfare improvements
across all SES x CEE groups. The gains are particularly pronounced among students with
high academic performance but low socioeconomic status. For example, students in the
top 20% of the CEE distribution who fall in the lowest SES quartile experience an average
welfare gain of 6.68%. In contrast, students in the bottom 20% of the CEE distribution
but in the highest SES quartile see a more modest average gain of 1.01%. These results are
visualized in Figure 6a.

The rationale behind these results is intuitive. Students with lower CEE scores face
inherently limited choice sets, as they are ineligible for many selective colleges. As a result,
improvements in decision quality—such as correcting for DC-Type behavior—have relatively
little impact on their final outcomes. In contrast, students from lower SES backgrounds are
more likely to be classified as DC Types, according to our survey-based estimates. De-biasing
thus directly improves the decision quality for this group, leading to greater welfare gains.
As shown in Table B5 and visualized in Figure 6b, de-biasing almost entirely eliminates
the welfare gap between DC Types and Optimal Types, despite the underlying preference

differences across these groups.

7 Conclusion and Further Discussions

This paper examines high-stakes sequential decision-making in centralized college admissions,
revealing that many students neglect the option value when deciding on their rank-order lists

for college preferences. While sequential optimization that accounts for option value should
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encourage riskier top choices and a more diversified portfolio, our field experimental ev-
idence shows that approximately 50% of applicants—especially those from disadvantaged
backgrounds—consistently make overly cautious decisions while simultaneously failing to
include safer backup options. Structural estimation and counterfactual analyses further
demonstrate that such option value neglect, driven by directed cognition, significantly un-
dermines both equity and efficiency in the admissions process, suggesting that de-biasing
interventions could substantially reduce outcome gaps and enhance overall welfare.

In the remainder of this section, we discuss several issues pertinent to the interpretation

of our findings.

7.1 Alternative Modeling Considerations

We discuss the assumptions made in our analysis and the extent to which our findings

regarding the DC type and welfare implications are affected by them.

Partial Neglect We believe the current approach is a first step in systematically tackling
such problems. The best formulation of option value neglect may often be partial and
differ across contexts and mechanisms. One parametric form of partial neglect could involve
a convex combination between the correct option value and a perceived outside option.
Another parametric form could involve level-k style reasoning, where decision-makers can
only foresee the impact of a limited number of lower-ranked choices. Our current formula,
though extreme, makes it relatively easier to characterize the behavior of applicants who
neglect option value and to understand the allocation effects between optimal and non-
optimal students. It is also supported by the survey experiment, which finds that many

students appear extremely cautious in the college choice questions.

Beliefs about Admission Probability In our analysis of administrative data, we use
the estimated probability of admission as a proxy for students’ beliefs because, in our con-
text, past cutoffs are publicly available, appear quite predictable across years, and are the
most familiar characteristic of the schools. Our survey experiment provides two ways to
examine whether the observed risk-taking in rank-order lists can be explained by mistaken
beliefs. First, the questions that test the framing effect are not prone to biases in perceived
admission probability. Second, in the survey we also elicit students’ beliefs about the ad-
mission probabilities of their choices. Table B6 shows that, in terms of subjective beliefs,
students with higher SES exhibit less top-choice cautiousness (Columns 1 and 2) and fewer
risk-taking reversals (Columns 5 and 6). At the same time, their bottom choices do not

exhibit significant differences (Columns 3 and 4).

32



Preferences for Majors The centralized system assigns students at the college level with-
out processing students’ expressed major preferences. Students’ choices over colleges can be
regarded as choices over a set of majors within that college that they could possibly pursue
in the future. For those who regard major as the most important consideration, there is an
incentive to behave cautiously for their top choices, hoping that, conditional on being ad-
mitted to their top choices, their score will out-compete those of other admitted students in
major assignment. Using data from the survey experiment, in Table B7 we explore this con-
sideration. We find that only 13.17% of the students regard major as their top consideration,
and this share is not significantly different across students of different SES. Moreover, among
those who regard major as the most important factor, the estimated admission probability
of their top choices is marginally higher than for those who do not. While the perceived
admission probability is significantly higher, the resulting impact on overall top-choice cau-
tiousness is merely around 1%. We conclude that the consideration of major is quantitatively

irrelevant for the cautiousness gap between advantaged and disadvantaged students.

7.2 Cognitive Limitation vs. Exotic Preferences

To construct the best rank-order lists, student applicants need to process and make choices
regarding uncertainty that is resolved in multiple stages. The nature of such decision prob-

lems makes several types of models applicable, as discussed below.

Anticipatory Utility / Expectation-Based Reference Dependence As the resolu-
tion of uncertainty occurs several weeks after the submission of rank-order lists, students
who wish to avoid disappointment might behave cautiously for their top choices. However,
subjects’ responses in the survey experiment show that this cautiousness for top choices
largely disappears when they choose lottery equivalents, where preference-based models pre-

dict identical behavior.

Ambiguity Aversion Rank-order list choice can be viewed as a compound lottery prob-
lem. The established association between ambiguity aversion and the failure to reduce com-
pound lotteries suggests that top-choice cautiousness may be a manifestation of ambiguity
preferences. However, our survey experiment shows that such top-choice cautiousness per-

sists even when uncertainty in later stages (i.e., non-top choices) is eliminated.

Salience The Model of Directed Cognition could be viewed as an example of distortion

in decision weights in a particular environment, where the outcomes of non-focused choices
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receive less attention due to decreased prominence in the language of Bordalo et al. (2022).

The evidence, taken as a whole, seems consistent with this broader interpretation.

7.3 Implications for School Application Systems

A large literature documents that disadvantaged students select worse schools in the presence
of school choice (Hastings and Weinstein, 2008; Hoxby and Avery, 2012; Walters, 2018). The
main contribution of this paper is to establish in our context that much of this inequality in
choices can be explained by inequality in decision quality. The finding is potentially gener-
alizable because the neglect of option value, as the psychological underpinning, is applicable
to other contexts and mechanisms. We demonstrate that the Model of Directed Cognition
captures the psychology well and has great portability in preference estimation and coun-
terfactual analysis. In our case, behavioral biases not only result in increased inequality but
also decrease allocation efficiency. We hope that future studies can apply such models to

other contexts to evaluate their relevance under different mechanisms.
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Figure 1: Admission Cutoffs Across Years
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Note: This figure plots the admission cutoffs for all colleges that admit Ningxia students during 2014-2018,
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for the discussion in Section 3.2. The admission cutoffs are converted to its 2018 rank-preserving
equivalents. Each dot represents the admission cutoffs of a specific college in two consecutive years. Top

left graph plots the cutoffs in 2018 against 2017. Similarly, top right graph plots the cutoffs in 2017 against
2016; bottom left graph plots the cutoffs in 2016 against 2015; bottom right graph plots the cutoffs in 2015

against 2014.
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Figure 2: Mean of Vacancy Probability and Share of Reversals by SES Groups
(a) Mean of Vacancy Probability by CEE Score Percentile
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Note: This figure presents statistics for the most advantaged quartile (in blue) and the other quartiles (in
red), respectively. Subfigure (a) plots the mean of vacancy probability (i.e. unconditional probability of
meeting the cutoff) by choice (first, second, third, fourth) and SES (most advantaged quartile vs. other
quartiles). Subfigure (b) plots the cumulative distribution of the vacancy probability i.e. unconditional
probability of meeting the cutoff) for by choice (first, second, third, fourth) and SES (most advantaged
quartile vs. other quartiles) where the distribution for other quartiles are computed by re-weighting
according to CEE Score, to control for the difference in CEE Score between the most advantaged quartile
and other quartiles. This figure is first referenced in Section 4.3.
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Figure 3: Mean of Vacancy Probability and Share of Reversals by SES Groups
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Note: This figure presents statistics for the most advantaged quartile (in blue) and the most disadvantaged
quartile (in red), respectively. Subfigure (a) plots the cumulative distribution of the vacancy probability
(i.e. unconditional admission probability) of the fourth choice minus that of the first choice. Subfigure (b)
plots the share of students whose strategy exhibits at least one pair of competitiveness reversals comparing
the top three choices to the fourth choice. To quantify such pattern, the statistic we use to classify reversal
is R = min{ps — p;|for 1 <i < 3}. The graph plots the cumulative distribution of R. This figure is first
referenced in Section 4.4.



Figure 4: Distribution of Response to Incentivized Survey Questions

Equivalent Lottery:
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Note: This figure displays a coarsened joint distribution of responses to Question Group 1 (ROL 1st
Choice) and Question Group 2 (Equivalent Lottery), for the discussion in Section 5.

Blue cells indicate that students’ responses are both classified as “not very cautious” in the “ROL
first-choice” problem and the equivalent lottery problem, as predicted by Rational Decision Rule.

Red cells indicate that students’ responses are very cautious in “ROL first-choice” problem but not
very cautious in the equivalent lottery problem as predicted by Directed Cognition (DC) Decision Rule.

Gray cells indicate that students’ responses are not very cautious in “ROL first-choice” problem but
very cautious in the equivalent lottery problem, which cannot be predicted by neither decision rule.
“ROL first-choice” question (vertical) corresponds to Question Group 1. In this question, students need to
choose from college X, whose admission probability is 50% and payoff of admission is 25 CNY, or college Y,
whose admission probability is 25% and payoff of admission is R CNY, where R = 30, 35, 40, 45, 50, 55,
60, respectively in the MPL, and put the college of their choice on the top of their list. If students are not
admitted to their first choices, they will be admitted to one of the bottom choices in this scenario, which
corresponds to the payoff of 20 CNY.
“Equivalent Lottery” question (horizontal) corresponds to Question Group 2. In this question, students
need to choose from lottery X, whose payoff is 25 CNY with 50% of chance, 20 CNY with 50% of chance,
or lottery Y, whose payoff is L CNY with 25% of chance, 20 CNY with 75% of chance, where L = 30, 35,
40, 45, 50, 55, 60, respectively. Note that “Equivalent Lottery Question” is mathematically equivalent to
the aforementioned “ROL first-choice Question”.
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Figure 5: Fit of Moments by SES Groups
(a) Mean of Probability Probability
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Note: This figure presents the distance (absolute value) between prediction and data for key moments by
SES Quartile. The graphs focus on the comparison of the optimal-only model (in solid lines) and the model
that allows for the presence of the optimal and the DC type. Subfigure (a) plots the mean of admission
probability (unconditional) for the first choice in red, the second choice in orange, the third choice in green,
the fourth choice in blue respectively. Subfigure (b) plots the share of students whose strategy exhibits at
least one pair of competitiveness reversals anywhere on her ROL, as a function of the threshold above
which the reversal is counted in the statistic. The st4fjstic we use to classify reversal is

R = max{p; — pj|for anyl < j < i <4}, only those whose R is above threshold X% will be counted.
Purple lines represent the share where X = 1. Yellow lines represent the share where X = 25. This figure
is referenced in Section 6.



Figure 6: Welfare Analysis by SES and CEE Score
(a) Welfare Gain from Debiasing
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Note: this figure presents the key information from welfare analysis detailed in Table 5 and B5. The
welfare is normalized under the assumption that for each student, the best first-tier college is 100% and the
worst first-tier college is 0%. We calculate the average welfare by students’ socioeconomic quartile, as
measured by the average adult education attainment at the applicant’s township of residence, as well as
students’ CEE score quintile. Subfigure 6a shows the average welfare gain in debiasing by students’ CEE
and SES cell. Subfigure 6b showcases the change in welfare gap between the Optimal Type and the DC
Type, before (dashed line) and after (solid) debiasing. This figure is referenced in Section 6.



Table 1: Normalized Admission Outcome by SES Quartiles

Panel A: Full Sample

STEM & Humanity STEM Only

SES:1st Quartile -0.0305  -0.0111  -0.0081  -0.0298  -0.0109  -0.0040

(0.0041) (0.0044) (0.0052) (0.0044) (0.0048) (0.0057)
SES:4th Quartile 0.0742 0.0588 0.0519 0.0695 0.0549 0.0490

(0.0042) (0.0045) (0.0059) (0.0048) (0.0050) (0.0066)
Point Estimate: 1st - 4th Quartile -.105 -.07 -.06 -.099 -.066 -.053
Standard Error: 1st - 4th Quartile  (.005) (.006) (.008) (.005) (.006) (.008)
CEE Score Yes Yes Yes Yes Yes Yes
Demographic Variables No Yes Yes No Yes Yes
County Fixed Effects No No Yes No No Yes
Number of Observations 44201 44192 44192 35999 35990 35990
R squared 0.875 0.876 0.876 0.874 0.875 0.875

Panel B: CEE Percentile > 40%

STEM & Humanity STEM Only

SES:1st Quartile -0.0441  -0.0167 -0.0175  -0.0437  -0.0163  -0.0109

(0.0064) (0.0069) (0.0081) (0.0071) (0.0076) (0.0089)
SES:4th Quartile 0.0845 0.0650 0.0550 0.0823 0.0630 0.0538

(0.0059) (0.0064) (0.0086) (0.0068) (0.0072) (0.0096)
Point Estimate: 1st - 4th Quartile -.129 -.082 -.072 -.126 -.079 -.065
Standard Error: 1st - 4th Quartile  (.007) (.009) (.011) (.008) (.01) (.013)
CEE Score Yes Yes Yes Yes Yes Yes
Demographic Variables No Yes Yes No Yes Yes
County Fixed Effects No No Yes No No Yes
Number of Observations 27011 26999 26999 22012 22000 22000
R squared 0.827 0.829 0.830 0.823 0.826 0.827

Note: This table reports the outcome gap between students of different SES Quartiles, where the
benchmark is the average outcome of the second and third Quartiles. The outcome is measured by the
average normalized competitiveness of the colleges that admit the students in question during 2014 and
2018. For students who were not admitted to any first-tier colleges, their outcome is coded as the lowest
value among all first-tier colleges. Panel A analyze the outcome gap without any restriction on students’
CEE score. Panel B analyze the outcome gap by restricting the sample to those whose CEE Percentile is
40% or higher. Column 1-3 analyze the gap for both tracks, with progressively longer list of controls.
Column 4-6 analyze the gap for the STEM track only, with progressively longer list of controls. CEE Score
refers to the fourth-order polynomial of normalized CEE Score. Demographics refers to a list of variables
including gender, ethnicity, age, whether students live in rural area, whether students have taken the CEE
in previous years. This table is first referenced in Section 4.2.
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Table 2: Risk Taking in First and Fourth Choices:
Most Advantaged Quartile vs. Other Quartiles

(1) (2) (3)

Unconditional Admission Probability First Fourth Fourth-First
Panel A: Summary Statistics of Admission Probability for CEE Percentile > 40%
Mean 49.95% 90.61% 40.29%
25th Percentile 8.56% 95.44% 3.49%
50th Percentile 50.05% 99.81% 37.711%
75th Percentile 90.96% 100.00% 80.65%
Panel B: Highest vs. Other Quartiles - Mean of Gap
Highest (Most Advantaged) Quartile -4.90% 1.54% 6.98%
(0.41%) (0.34%) (0.50%)
4th-Order Polynomial of Priority Score Yes Yes Yes
Year Fixed Effects Yes Yes Yes
Track (Science or Humanity) Fixed Effects Yes Yes Yes
Panel C: Highest vs. Other Quartiles - Gap by Quantile of Priority Score
E[Highest-Other|Priority Score 20%)] -2.68% 2.82% 6.04%
(0.73%) (0.61%) (0.89%)
E[Highest-Other|Priority Score 40%) -4.27% 2.38% 7.01%
(0.62%) (0.50%) (0.75%)
E[Highest-Other|Priority Score 60%)] -5.04% 1.11% 6.85%
(0.44%) (0.37%) (0.54%)
E[Highest-Other|Priority Score 80%)] -6.63% -0.22% 7.17%
(0.88%) (0.72%) (1.08%)

Note: This table reports the results from analyzing the unconditional admission probability (i.e. the
probability of students’ scores meeting the cutoff of a college) of students’ first choices and fourth choices
using administrative data. Column 1 reports statistics related to the unconditional probability of the first
choices. Column 2 reports statistics related to the unconditional probability of the fourth choices. Column
3 reports statistics related to the fourth-first choice gap, in terms of unconditional probability. Panel A
reports the summary statistics of aforementioned variables. Statistics in Panel B and C are generated by a
fixed effect regression that regresses outcome variables on the interaction of an indicator whether students
belong to the most advantaged quartile, and a fourth-order polynomial of priority scores. Panel B reports
the estimate of the mean behavior gap between the most advantaged quartile and other quartiles in terms
of the aforementioned variables. Panel C examines the heterogeneity of this gap by reporting the predicted
mean of gap conditional on CEE score percentile. Section 4.3 references this table.
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Table 3: Testing Framing Effect - Incentivized Survey Responses

Panel A: Framing Effect and Socio-Economic Status
(1) 2) 3)
Prob(Red Block)
Very Cautious in ROL But Not Very Cautious in Lottery

SES Index Normalized -4.8% -4.9% -4.3%
(1.3%) (1.6%) (1.4%)
Control: Priority Score Yes Yes Yes
Control: Demographic Variables No Yes Yes
Control: College Preferences No No Yes
Panel B: Estimated Share of Type from Survey Responses
Share of Directed Cognition Type: Mean 0.0% 50.4% 50.4%
- (1.7%) (1.7%)
Marginal Effect of Normalized SES 0.0% -5.3% -5.5%
- (1.8%) (1.8%)
Marginal Effect of Normalized SES 0.0% 0.6% 0.6%
- (1.9%) (1.8%)
Share of Sincere Type 0.0% 0.0% 0.8%
- - (0.6%)
CRRA Coefficient Mean 0.490 0.240 0.242
(0.014) (0.012) (0.012)
Number of Parameters 6 9 10
Log Likelihood -9100.574 -8781.778 -8780.909
Number of Observations 1412 1412 1412
Bayesian Information Criterion 18244.66 17628.83 17634.35
Panel C: Framing Effect and Elicited College Application Behavior
Not More Cautious More Cautious
in ROL than Lottery in ROL than Lottery Difference
(Red Block) (Blue / Gray Block)
List the 1st Choice If Only One Spot 27.6% 50.8% 23.2%
(1.4%) (2.4%) (2.7%)
List Top Two Choices If Only Two Spots 27.3% 34.5% 7.2%
(1.4%) (2.3%) (2.6%)
Subject Probability of Meeting the 48.0% 56.6% 8.5%
Cutoff of the 1st Choice (0.9%) (1.5%) (1.7%)
Subject Probability of Meeting the 72.5% 70.6% -1.8%
Cutoff of the 4th Choice (1.0%) (1.6%) (1.9%)
Share of Reversal: Subjective Probability 18.4% 23.2% 4.8%
Higher Ranked - Lower Ranked > 25% (1.2%) (2.0%) (2.3%)

Note: This table reports empirical analysis from incentivized survey response, as described in Section 5. Panel A analyzes to
what extent the framing effect, that is, being very cautious in college choice problem than its lottery equivalent, is correlated
with students’ socioeconomic status and their priority scores, controlling for other variables elicited in the survey. Panel B
jointly estimates students’ propensity of being a Directed-Cognition Type and their CRRA risk preferences using different
specifications. Column (1) excludes any behavioral type. Column (2) estimates a mixture model of the DC and the optimal
type. Column (3) estimates a model that additionally allows for sincere type. Panel C summarizes whether the average
behavior in reported college choices among students who exhibit framing effect differ from those who do not.
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Table 4: Preference Estimation from Administrative Data and Survey

Panel A: Comparison of Different Models

(1) (2) (3)

(4)

Optimal and DC

(5) (6)
Optimal and DC

Optimal Only Same Preferences Different Preferences
Out of Out of Out of
Fit Sample Fit Sample Fit Sample
Distance 8596.39 10313.22 5086.02 8227.27 4440.28 7130.52
# Moments 160 160 160
# Parameters 50 51 99
Panel B: Summary of Estimated College Preferences from Adminis-
trative Data -
Regressing Simulated Utility on Key College and Student Character-
istics
(1) (2) (3) (4) (5) (6)
College-Level Analysis Student-Level Analysis
Optimal Type DC Type
Median  75th-25th%  Median  75th-25th%  Median 75th-25th%
Quality 100.40 113.83 104.69 112.41 121.60 35.94
(4.44) (4.85) (5.00) (4.77) (0.04) (0.01)
SES * Quality -15.56 0.06
(0.04) (0.01)
CEE * Quality 104.88 0.02
(0.04) (0.01)
Distance -5.90 10.83 -6.88 10.21 -5.36 8.39
(4.94) (5.40) (5.07) (5.31) (0.04) (0.01)
SES * Distance 3.66 0.00
(0.04) (0.01)
CEE * Distance 2.05 0.00
(0.04) (0.01)

Panel C: Summary of Estimated College Preferences from Survey

SES * CEE * SES * CEE *
Quality  Quality Quality Distance Distance  Distance
Dependent
Stated: Stated 9.02 -0.18 0.91 -1.40 0.85 0.28
Satisfaction (0 100)  (0.25) (0.17) (0.17) (0.16) (0.17) (0.18)

Note: This table reports the results of preference estimation in Sections 6. Panel A Column 1, 3, 5 reports the structural

model fit using administrative data in 2015, 2017, 2018. Panel A Column 2, 4, 6 reports the distance between out-of-sample
predictions about the moments in year 2014 and 2016 using the aforementioned estimated model. There are three versions of
structural model, a model that only allow Optimal Type is present (Column 1, 2), a model that allows for both Optimal and
DC Type with same preferences (Column 3, 4), a model that allows for both Optimal and DC Type with different preferences
(Column 5, 6). Panel B summarizes how estimated preferences depends on important college characteristics (Competitiveness
and Distance) and student characteristics (socio-economic status and college entrance exam score) using the specification that
allows Optimal and DC to have different preferences. Column (1), (2), (3), (4) analyzes the median and the gap between 25%
and 75% percentile on college level. Column (5) and (6) arlyzes the median and the gap between 25% and 75% percentile on

student level. Panel C use the same student-level regression to analyze expressed satisfaction (0-100) in the survey

experiment. Standard errors are in parentheses.



Table 5: Welfare Calculation

SES Quartile 0-25%  25-50% 50-75% 75-100% Aggregate
CEE Quintile

Status Quo  35.04% 41.63% 48.92%  64.90% 44.29%
0-20% Debiased  37.27% 43.33% 50.39%  65.91% 46.04%
Change 2.23%  1.70% 1.47% 1.01% 1.74%

Status Quo  30.74% 30.62% 30.98%  34.15% 31.32%
20-40% Debiased  35.54% 34.05% 33.47%  35.38% 34.64%
Change 4.80%  3.43%  2.49% 1.23% 3.32%

Status Quo  34.92% 33.66% 33.05%  33.36% 33.89%
40-60% Debiased  41.02% 39.45% 38.23%  37.65% 39.33%
Change 6.09%  5.79%  5.18% 4.30% 5.44%

Status Quo  37.87% 37.26% 36.22%  36.71% 37.05%
60-80% Debiased  44.68% 43.83% 42.72%  42.49% 43.47%
Change 6.81% 6.56%  6.50% 5.78% 6.42%

Status Quo 43.23% 43.59% 44.25%  47.21% 45.24%
80-100% Debiased  49.91% 50.34% 50.43% 52.71% 51.31%
Change 6.68%  6.76%  6.19% 5.51% 6.08%

Status Quo 35.57% 37.08% 38.81%  43.20% 38.48%
Aggregate Debiased 40.58% 41.60% 42.98% 47.40% 42.99%
Change 5.01%  4.52%  4.17%  4.20% 4.51%

Note: this table presents the average welfare by student subgroups. The welfare is normalized by the
assumption that the best first-tier college for each student is 100%, and the worse first-tier college is 0%.
Based on students’ exam score in the CEE, we divide them into five groups: 0-20%, 20-40%, 40-60%,
60-80%, 80-100% respectively. Higher quintile means the exam performance was better. The results of each
CEE group are presented in rows. Based on the student applicants’ township of residence, we divide them
into four groups according to average adult education attainment in the corresponding township: 0-25%,
25-50%, 50-75%, 75-100%. Higher quartile means the socioeconomic status was better. The results of each
SES group are presented in columns. The table therefore calculate the average welfare for 5*4 cells of
student groups. The total welfare by aggregating along the dimension of CEE is shown at the bottom of the
table. The total welfare by aggregating along the dimension of SES is shown to the rightmost column of the
table. The aggregated welfare along both dimensions is presented at the bottom right corner of the table.
For each subgroup in question, we calculate three numbers. “Status Quo” refers to the average welfare if no
intervention was conducted. “Debiased” refers the average welfare if all DC students played optimally in
the application system. “Change” refers to the gain in average welfare if we debiased all the DC students.
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A Supplementary Figures
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Note: This figure presents the timeline of college admission process, as detailed in Section 2. Note that the
timeline remains unchanged until 2020, when the college entrance exam (CEE) was postponed by exactly
one month due to COVID-19. As a result, all the admission procedures thereafter were postponed by
exactly one month as well. As shown in the 2020 timeline, the survey was conducted right after application
deadline, but before students were informed of their admission outcomes.

Figure A1l: Timeline of College Admission Process
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Figure A2: Distribution of Realized Cutoff-Predicted Mean Differences
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(b) Distribution of Differences by College Competitiveness

Note: This figure plots the distribution of distance between realized cutoffs and predicted mean as defined
in Section 3.2. Subfigure (a) plots the distribution of differences between admission cutoffs and predicted
mean among all colleges. Subfigure (b) plots the distribution of differences by college competitiveness,
where the dashed lines in the top left, top right, bottom left, and bottom right graph are the empirical
distribution for the least competitive quarter of colleges, second from the least competitive quarter, second
from the most competitive quarter, and the most competitive quarter of colleges, respectively. The solid
lines in subfigure (b) are fitted distributions using the median estimate of the standard deviation of
cutoff-mean difference for corresponding quarter of colleges. Both subfigures omit outliers which is more

than 30 points away from the predicted mean.
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Figure A3: Average Years of Education in Administrative Data (Township Level)
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Note: This figure plots the cumulative distribution of probability of meeting cutoffs for students’ first (in red), second (in
yellow), third (in green) and fourth (in blue) choices, respectively, during 2014-2018. The figure demonstrates sizable
heterogeneity in terms of educational attainment across different townships in Ningxia (25th percentile: 7.80 years; median:
8.73 years; 75th percentile: 9.88 years). This figure is first referenced in Section 4.2.
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Figure A4: Competitiveness of Admitting College: by CEE Score Quintile
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Note: This figure plots the distribution of colleges that admit students during 2014-2018. We split the
entire sample of STEM applicants into five groups according to their CEE Score, with the first quintile
being the group with lowest CEE Score and the fifth being the highest. This graph is first referenced in
Section 4.2.
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Figure A5: Share of Vacant Application for Non-Top Choices
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Note: This figure plots the share of vacant applications among first-tier college eligible applicants for their
non-top choices. Subfigure (a) presents the bin-scatter plot of the share for all students conditional on their
percentile in college entrance exam score. Subfigure (b) plot the same statistics in Subfigure (a) for the
highest SES quartile (in blue) versus other quartiles (in red). The diamonds are the share for vacant
second choices. The triangles are the share for vacant third choices. The squares are the share for vacant
fourth choices.
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Figure A6: Impact of Subject Difficulty Variation on Admission Probability
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Note: This figure explains the source of exogenous variation in admission probability. Subfigure (a)
presents the standard deviation of raw exam scores as share of subject total scores for each subject during
2014-2018. This figure is referenced in Section 6.1.
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B Supplementary Tables
Table B1: Examples of Admission Rules
(1) (2) @) @ (6 (6 (7)

o Admission Cutoffs o
Ex. Number Priority Score A B C D Admission Outcome

1 600 595 590 587 580 A
2 580 581 572 583 550 B
3 77 595 590 587 580 None
4 580 595 590 587 580 D

Note: This table presents four examples in which students with different priority scores applying for
different sets of colleges in their ROLs. The serial number of examples is in Column (1). Each example is
associated with a hypothetical student. The priority scores of the students are recorded in Column (2).
Columns (3)-(6) present the admission cutoffs of the colleges that the students put in their ROLs. Column
(7) presents the admission outcome of each hypothetical student as a result of their scores and ROLs. This
table is helpful for the discussion in Section 2.2.

Table B2: Number of Students

Track 2014 2015 2016 2017 2018

Humanity 1387 1587 1586 1606 2064
Science 6427 6644 7134 7545 8354

Note: This table presents the number of students by track and year for the administrative data sample
that we analyze.
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Table B3: Validity of Estimates of Unconditional Probability

(1) (2) 3) (4)

Admitted to First Admitted to Second
Estimated Uncond. Prob. to First 1.002 1.012
(0.004) (0.008)
Estimated Uncond. Prob. to Second 0.990 1.026
(0.006) (0.011)
Constant -0.004 -0.005 0.003 -0.009
(0.002) (0.004) (0.004) (0.006)
Subsample (Science/Humanity) Science Humanity Science Humanity
Empirical Mean Probablity of Vacancy A1 314 482 A2
Predicted Mean Probability of Vacancy 413 .316 484 418

Note: This table reports the empirical exercise that tests the validity of probability estimates that we
construct in Section 3.2. Columns 1 and 2 present the results of the regression where we regress the
outcome of being admitted to the first choices on the estimated probability of meeting the cutoff of first
choices, using the full sample of science-track and humanity-track students, respectively. Columns 3 and 4
present the results of the regression where we regress the outcome of being admitted to the second choices
on the estimated probability of meeting the cutoff of second choices using the subsample of students who
are not admitted to their first choices, for science-track and humanity track, respectively. This table is
helpful for the discussion in 3.2.
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Table B4: Design of Incentivized Questions in Survey

Panel A1: ROL for Question Group 1

ROL # Payoffs Prob(Meeting Cutoffs)

Panel C1: ROL for Question Group 3

ROL # Payoffs

Prob(Meeting Cutoffs)

1st ? ? 1st ? ?

2nd 20 CNY 100% 2nd 5 CNY 100%
3rd 20 CNY 100% 3rd 5 CNY 100%
4th 20 CNY 100% 4th 5 CNY 100%

Panel A2: MPL for Question Group 1

Panel C2: MPL for Question Group 3

Question # College X College Y College X College Y
(1) 25 CNY, 50% 30 CNY, 25% 25 CNY, 50% 30 CNY, 25%
(2) 25 CNY, 50% 35 CNY, 25% 25 CNY, 50% 35 CNY, 25%
(3) 25 CNY, 50% 40 CNY, 25% 25 CNY, 50% 40 CNY, 25%
(4) 25 CNY, 50% 45 CNY, 25% 25 CNY, 50% 45 CNY, 25%
(5) 25 CNY, 50% 50 CNY, 25% 25 CNY, 50% 50 CNY, 25%
(6) 25 CNY, 50% 55 CNY, 25% 25 CNY, 50% 55 CNY, 25%
(7) 25 CNY, 50% 60 CNY, 25% 25 CNY, 50% 60 CNY, 25%

Panel B: MPL for Question Series 2

Question # Choice X (Payoff, Prob) Choice Y (Payoff, Prob)
(1) (25 CNY, 50%; 20 CNY, 50%) (30 CNY, 25%; 20 CNY, 75%)
(2) (25 CNY, 50%; 20 CNY, 50%) (35 CNY, 25%; 20 CNY, 75%)
(3) (25 CNY, 50%; 20 CNY, 50%) (40 CNY, 25%; 20 CNY, 75%)
(4) (25 CNY, 50%; 20 CNY, 50%) (45 CNY, 25%; 20 CNY, 75%)
(5) (25 CNY, 50%; 20 CNY, 50%) (50 CNY, 25%; 20 CNY, 75%)
(6) (25 CNY, 50%; 20 CNY, 50%) (55 CNY, 25%; 20 CNY, 75%)
(7) (25 CNY, 50%; 20 CNY, 50%) (60 CNY, 25%; 20 CNY, 75%)

Note: This table presents the content of the three groups of incentivized MPL questions. Panels A1l and C1
present the ROL for Question Groups 1 and 3, respectively. Names of colleges for the second, third, and
fourth spot are replaced with safe colleges that students are familiar with. Panels A2 and C2 present the
MPL for Question Groups 1 and 3, respectively. In both question groups, students need to select either
College X or College Y from each row, and the selected college will be put at the first spot in the
corresponding ROL. Panel B presents the MPL for Question Group 2. Similarly, students need to choose
one from Lottery X and Y in each row. This table is helpful for the discussion in Section 5.2.
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Table B5: Welfare Gap between the Optimal and the DC Type

SES Quartile 0-25%  25-50% 50-75% 75-100%
CEE Quintile

Status Quo 1.58% 1.13% 1.22%  2.11%
0-20% Debiased  -1.22% -1.41% -1.26% -0.07%
Change -2.80%  -2.54% -2.48%  -2.18%

Status Quo  4.33%  3.82%  3.23%  2.28%
20-40%  Debiased -0.13% -0.02% -0.03%  0.21%
Change  -4.46% -3.84% -3.26% -2.07%

Status Quo  4.38%  4.98%  4.49%  5.26%
40-60% Debiased  -0.16% -0.06% -0.05%  -0.16%
Change  -4.54% -5.04% -4.54%  -5.43%

Status Quo  4.59%  4.77%  4.68% 4.88%
60-80% Debiased  -0.02% -0.08% -0.06% -0.12%
Change  -4.61% -4.84% -4.74% -5.00%

Status Quo 4.41%  5.20% 4.90%  4.51%
80-100%  Debiased -0.19% -0.15% -0.39%  -0.54%
Change -4.60% -5.35% -5.29%  -5.05%

Note: this table presents the difference in average welfare between the Optimal Type and the DC Type.
Positive difference means that the Optimal Type is better off compared to the DC Type. The welfare is
normalized by the assumption that the best first-tier college for each student is 100%, and the worse
first-tier college is 0%. Based on students’ exam score in the CEE, we divide them into five groups: 0-20%,
20-40%, 40-60%, 60-80%, 80-100% respectively. Higher quintile means the exam performance was better.
The results of each CEE group are presented in rows. Based on the student applicants’ township of
residence, we divide them into four groups according to average adult education attainment in the
corresponding township: 0-25%, 25-50%, 50-75%, 75-100%. Higher quartile means the socioeconomic
status was better. The results of each SES group are presented in columns. The table therefore calculate
the average welfare for 5*4 cells of student groups. For each subgroup in question, we calculate three
numbers. “Status Quo” refers to the welfare difference if no intervention was conducted. “Debiased” refers
the welfare difference if all DC students played optimally in the application system. “Change” refers to the
change in welfare gap if we debiased all the DC students. This table is referenced in Section 6.
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Table B6: Subjective Beliefs

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

First Choice Fourth Choice Reversal Share

SES Index (Normalized) -1.95%  -1.75%  -0.80%  -0.88%  -2.81%  -3.02%
(0.82%) (0.83%) (0.83%) (0.83%) (1.24%) (1.25%)

CEE Score Yes Yes Yes Yes Yes Yes
College Preferences No Yes No Yes No Yes

Note: This table presents analysis of student applicants’ subjective beliefs about the unconditional
admission probability for colleges of choices. SES index is parents’ average years of education attainment.
Columns 1 and 2 analyzes the beliefs about meeting the cutoff of the first choices. Columns 3 and 4
analyzes the beliefs about meeting the cutoff of the fourth choices. Column 5 and 6 analyzes the share of
severe reversal, where a list is said to exhibit reversal if there the probability of any non-bottom choice
exceeds that of the bottom choice by 25%. Besides SES Index, the only additional covariate in Columns 1,
3, and 5, is the fourth-order polynomial of CEE score. In Columns 2, 4, and 6, we additionally control for
stated college preferences. This table is referenced in Section 7.1.
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Table B7: Major Preference and its Impact on Risk Taking

(1) (2) 3) (4) () (6)

Major Top Concern  Estimated Prob Subjective Beliefs

SES Index (Normalized) -1.53% -1.24%

(0.92%)  (0.96%)
Major Top Concern 2.15% 1.53% 9.63% 8.04%

(2.93%) (3.08%) (2.36%) (2.43%)

Share of Major Top Concern 13.17%
Implied Impact on 1st Choices 0.28% 0.29% 1.27% 1.06%
Priority Score Yes Yes Yes Yes Yes Yes
College Preferences No Yes No Yes No Yes

Note: Columns 1 and 2 present regressions that examine whether share of survey takers who think major is
their top concern is correlated with SES Index. Columns 3 and 4 present the regression that examines
whether those who declare major to be of top concern take exhibit different degree of cautiousness their
first choices, in terms of the estimated unconditional admission probability. Columns 5 and 6 examine
whether those who declare major to be of top concern take different amount of risks on their first choices,
in terms of subjective beliefs. Columns 1, 3, 5 only control for priority score, whereas Columns 2, 4, 6
additionally control for demographics as well as stated college preferences. The share of people who think
major is most important have been reported below the estimate for Columns 1 and 2. The implied impact
of major consideration on the risk-taking of first choices is reported below the estimated coefficient in
Columns 3, 4, 5, 6. This is calculated as the product of the share of people who regard major as the most
important consideration, and the average of additional cautiousness for the first choices among this group
of people. This table is referenced in Section 7.1.
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Table B8: Parameter Estimation for Specification 1 -
Optimal Type Only

0; _75.893  OCmPptv2 -63.306 oCmptv3 8.325 oS Cmptv2 2.903 oCCmPtvZ 1 665 gCmpty 53.165
(4.235) (1.955) (0.912) (1.054) (0.986) (1.994)

gMega -12.949 09 -2.768 §C985 -10.380 GTa -17.249 pSci 8.934 gCrmrh 1.121
(1.074) (0.274) (2.160) (2.722) (1.603) (2.221)

pFin -16.464 pMed -21.738 oTch 9.559 pSCmpty 1.757 pSMega -2.031 pSd 4.815
(3.054) (2.473) (3.425) (1.503) (0.906) (0.276)

§SC985 -1.119 pSGra -0.224 §SSet 4.569 gSCpmrh 1.556 gSFin 0.773 gSMed -4.365
(1.171) (0.766) (2.175) (2.172) (1.752) (1.047)

9STch 3.948 pCCmpty 103.522 pCMega -1.877 §Cd 1.021 pCC985 -3.223 pCGra 1.841
(4.077) (3.222) (1.348) (0.266) (2.670) (4.356)

pCSci 11.213 §CCrmrh 12.737 pCFin 4.346 gCMed 6.850 §CTch 7.428 gCmpty 3.172
(1.520) (1.564) (3.105) (1.732) (2.186) (0.132)

oMega -0.765 o -0.429 5985 0.310 oGra -1.066 ogSci 2.328 oCprmrh 3.210
(66.461) (9.208) (18.329) (27.216) (0.373) (0.105)
oFin 3.170 gMed 3.362 oTeh 0.855 kCmpty -69.830 wMega 34.691 wd -17.933
(0.075) (0.065) (1.627) (2.609) (2.243) (0.573)

kC985 15.222 rGra 40.954 rSct -37.017 gCPMTh -16.755 wEFin 13.438 wMed 21.930
(3.245) (3.988) (3.044) (3.721) (7.567) (3.950)

wTeh -28.706 © -0.151 695 -5.515 69C -22.437 9052 3.504 §0C2 38.187
(14.308) (1032.300) (2.207) (4.717) (1.855) (3.179)

Note: This table presents the point estimate and standard error of the second specification for the structural estimation exercise in Section 6.
Standard errors are in the parenthesis. If the standard errors are omitted for a parameter, the moments’ derivatives with regard to that parameter
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Table B9: Parameter Estimation for Specification 2 -

Optimal and DC Type with Identical Preference Distribution

0; -69.222  OCmPptv2 -18.933  OCmptv3 28.915 O0SCmptvZ " g 498  OCCmptvZ 36.759 pCmpty 56.108
(7.036) (4.756) (3.180) (2.492) (5.556) (1.911)

gMega -13.188 09 -7.548 §C985 -11.331 pGTa -11.084 pSci 9.664 gCrmrh 12.396
(2.838) (0.660) (6.063) (3.699) (1.777) (2.077)

pFin -10.953 pMed -5.455 pTeh 5.174 pSCmpty -12.255 pSMega -0.401 pSd 5.436
(9.010) (3.972) (5.894) (2.564) (3.413) (0.382)

§SC985 -0.593 pSGra 0.691 pSSet 2.671 §SCpmrh -0.266 pSFin -0.289 pSMed -5.226
(1.293) (0.960) (0.597) (0.518) ) (0.739)

§STch 0.396 §CCmpty 85.551 §CMega -9.217 6Cd 1.363 pC 985 -0.879 §CGra -7.499
(0.713) (3.936) (1.541) (0.461) (3.499) (2.352)

pCSct 1.241 §CCrmrh -1.109 C Fin -5.098 gCMed 7.291 §CTch -3.009 gCmpty -0.873
(1.220) (1.597) (3.650) (1.993) (1.871) (40.446)

oMega 0.357 ol 1.151 €985 -0.120 oGra 3.044 gSei 3.886 gCpmrh 0.821
(12.580) (0.465) (49.035) (0.125) (0.062) (3.472)

oFin 3.272 gMed 3.496 oTeh 2.559 Cmpty -32.528 wMega 27.333 wd -15.705
(0.083) (0.083) (0.321) (4.078) (1.529) (0.723)

kC985 -47.914 rGra 9.918 KSct -25.151 gCPmTh -51.025 wEin -67.106 rMed -64.784
(6.536) (11.973) (4.042) (6.502) (15.787) (14.415)

wTeh -58.029 AOPC 49.939 © -0.754 e -21.496 00C 10.639 9052 -6.391
(4.364) @) ) (7.391) (3.955) (6.423)
§9C2 33.103
(5.581)

Note: This table presents the point estimate and standard error of the second specification for the structural estimation exercise in Section 6.
Standard errors are in the parenthesis. If the standard errors are omitted for a parameter, the moments’ derivatives with regard to that parameter
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Table B10: Parameter Estimation for Specification 3 -
Optimal and DC Type with Different Preference Distribution

0; -59.871 oCmptv2 -18.076 oCmptv3 27.884 oSCmptv2 -5.989 oCCTmptv2 30.292
(11.279) (2.504) (3.634) (2.718) (3.315)
pCmpty 40.175 pMega -12.174 09 -5.882 §C985 -8.704 G -8.570
(3.011) (7.570) (1.071) (12.701) (10.140)
pSci 10.272 pCpmrh 10.609 pFin -6.382 pMed -5.420 pTech 4.767
(1.984) (4.172) (9.480) (9.605) (4.282)
gSCmpty -11.747 gSMega -0.513 054 4.109 95985 -0.461 gSCra 0.576
(2.222) (10.249) (0.359) (8.063) (4.421)
gSSei 2.287 gSCpmrh -0.239 gSFin -0.267 gSMed -4.107 gSTeh 0.498
(2.408) (3.877) (15.442) (8.723) (4.910)
pCCmpty 75.977 pCMega -8.214 6Cd 1.439 §CC985 -0.747 §CGra -6.253
(4.169) (10.576) (1.490) (22.202) (10.037)
§CSet 1.403 pCCrmrh -1.103 pCFin -4.831 gCMed 6.863 §CTch -1.834
(3.144) (4.845) (16.187) (6.169) (2.463)
oCmptv -0.781 oMega 0.384 od 0.421 o985 -0.132 oGra 2.627
(17.598) (14.233) (2.472) o) (0.476)
gSct 2.870 gCpmrh 0.696 oFin 1.785 gMed 3.049 oTeh 2.071
(0.182) (6.627) (1.398) (0.346) (0.234)
RCmpty -28.154 rMega 22.988 K -11.999 K C985 -43.986 rGra 12.471
(4.415) (3.851) (1.152) (9.320) (8.223)
rSci -22.761 CPmTh -39.412 wFin -63.087 Med -59.709 wTeh -46.690
(3.738) (4.991) (5.866) (13.185) (11.608)
AOPC 39.859 o© -0.700 695 -5.159 69C¢ 2.553 9052 -1.534
) @) (5.304) (2.424) (3.207)
§OC2 26.771 aCmPtv2(pC) -0.883 eCmPtv3 (D) 3.433 §5Cmptv2(pC) 1.472 pCCmptv2(pC) 3.533
(6.163) (2.658) (3.647) (3.012) (2.861)
eC™PtY(DC) -13.711 oMega (D) -1.402 04 (DC) -0.826 0985 (DC) -3.308 G (DC) 3.535
(2.315) (11.339) (1.988) (24.823) (13.936)
65¢(DC) 1.819 eCPmrh (DC) 3.063 oFi"(DC) -1.464 oMed(pc) -2.200 6T (DC) 0.206
(3.899) (6.324) (18.645) (15.374) )
6SCmptv(pC) 0.957 gSMega(pc) 1.761 65%(DC) 0.023 65C985(pC) 0.099 65Gre(pC) -0.220
(2.397) (21.064) ) ) )
055¢i(DC) 1.110 §SCrmrh(pC) 1.063 oSFin(DC) 3.108 9SMed (D) 0.649 05Tch(pC) 1.521
(4.056) (6.086) (32.931) (15.172) (7.772)
pCCmrtv(pC) 0.422 9CMega(pc) 2.876 0C4(DC) -2.321 6CC985 (D) -2.742 0CCGre(DC) -13.359
(2.355) (21.346) (1.717) (37.440) (18.394)
0CSci(pC) 0.346 pCCrmrh(pc) 6.476 pCFin(pc) -10.228 §CMed(pc) 0.169 0CTeh (D) 0.228
(3.653) (8.290) (46.275) @) @)
695 5.888 09C 0.155 6952 0.670 §9C2 1.149
) ) ) )

Note: This table presents the point estimate and standard error of the third specification for the structural estimation exercise in Section 6.
Standard errors are in the parenthesis. If the standard errors are omitted for a parameter, the moments’ derivatives with regard to that

parameter.
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Table B11: Moments and Fitted Value for Specification 1 —
Optimal Type Only

Cmptv -0.147 Mega 0.148 Dist -0.477 985 0.146 Gra 0.228 Sci 0.427 Cmprh 0.287 Fin 0.062
(0.005) (0.000) (0.005) (0.001) (0.001) (0.001) (0.000) (0.000)

[-0.028] [0.149] [-0.463] [0.141] [0.218] 0.396] [0.250] [0.058]

Med 0.098 Tch 0.038  SES*Cmptv ~ 0.202 SES*Mega 0.042 SES*Dist 0.287 SES*C985 0.060 SES*Gra 0.070 SES*Sci 0.017
(0.000) (0.000) (0.006) (0.001) (0.006) (0.001) (0.001) (0.002)

0.097) 0.039] [0.210] 0.039] [0.281] 0.056] [0.074] [0.029]

SES*Cmprh  0.009 SES*Fin 0.006 SES*Med -0.025 SES*Tch -0.006 CEE*Cmptv  0.772  CEE*Mega  0.110 CEE*Dist  0.199  CEE*C985  0.203

(0.001) (0.000) (0.000) (0.000) (0.011) (0.001) (0.005) (0.002)
[0.022] [0.008] [-0.024] [-0.004] [0.854] [0.093] [0.183] [0.208]
CEE*Gra  0.249 CEE*Sci  -0.013 CEE*Cmprh  0.048  CEE*Fin  0.023  CEE*Med  -0.012 CEE*Tch  -0.018  Cmptv®>  0.732 Mega? 0.072
(0.002) (0.002) (0.001) (0.000) (0.000) (0.000) (0.008) (0.000)
[0.249] [-0.002] [0.056] [0.025] [-0.009] [-0.018] [0.788] [0.079]
Dist? 0.915 9852 0.097 Gra? 0.159 Sei? 0.291 Cmprh? 0.143 Fin? 0.029 Med? 0.052 Tch? 0.017
(0.017) (0.000) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000)
[1.207) [0.095] [0.168] [0.313] [0.173] [0.031] [0.054] [0.016]

CISIFirst ~ 0.007 Cl1SISecond 0011  CISI1Third  0.013  CIS1Fourth  0.014 CISIRO 0048  CISIRI 0032  CIS2First  0.009 C1S2Second  0.014
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
(0.012] [0.010] [0.015] 0.023] 0.029] 0.016] [0.012] [0.011]

C1S2Third ~ 0.017  C1S2Fourth  0.017 C1S2R0 0.047  CIS2RI  0.031  CIS3First  0.009 C1S3Second 0.014 C1S3Third 0.017  C1S3Fourth  0.018
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.018] [0.026] 0.030] 0.015] [0.011] [0.011] [0.018] [0.025]

CI1S3R0O 0.043 C1S3R1 0.027 C1S4First 0.004  C1S4Second  0.008 C1S84Third 0.010  ClS4Fourth  0.011 C1S4R0 0.023 C1S4R1 0.013

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.027] [0.012] 0.006] 0.007] [0.011] 0.016] [0.017] [0.006]
C281First 0020 C2S1Second  0.028  C2S1Third  0.033  C2S1Fourth  0.036 C2S1R0 0.045  C2SIR1 0030 C282First  0.021 C282Second  0.030
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.013] 0.020] 0.025] 0.036] 0.034] [0.011] [0.013] [0.020]
C282Third ~ 0.034  C282Fourth  0.037 C252R0 0041  C282R1  0.026  C2S3First  0.023 C2S3Second  0.032 C253Third  0.035 C2S3Fourth  0.038
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.026] 0.037] 0.030] 0.009] [0.013] 0.020] [0.027] 0.038]

C283R0 0.039 C2S3R1 0.022  C2S4First  0.013 C254Second  0.021  C284Third  0.024  C2S4Fourth  0.026  C2S4R0  0.026  C2S4R1 0.014
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

[0.029] [0.008] 0.009] [0.014] [0.019] 0.027] 0.020] [0.005]
C3S1First  0.026  C3S1Second  0.034  C3S1Third  0.039  C3S1Fourth  0.043 C3S1R0 0.037  C3SIR1 0022 C3S2First  0.027 C3S2Second  0.038
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.022] 0.027] 0.034] 0.044] 0.027] 0.013] 0.022] [0.027]

C3S2Third ~ 0.043  C3S2Fourth  0.045 C3S2R0 0033  C3S2R1 0017  C3S3First  0.028 C3S3Second 0.038 C3S3Third  0.041 C3S3Fourth  0.044
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.034] [0.045] 0.025] [0.012] 0.020] [0.023] 0.033] 0.043]

C383R0 0031  C©3S3R1 0016  C3S4First  0.019 C3S4Second  0.027  C3S4Third  0.031  C3SdFourth  0.035  C3S4R0  0.024  C3S4RL  0.013
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.022] [0.010] [0.016] 0.020] 0.026] 0.035] [0.017] [0.008]

C4S1First 0.025  C4S1Second  0.032 C4S1Third 0.037  C4S1Fourth  0.040 C4S1RO 0.030 C4S1R1 0.017  C4S2First  0.025 C4S2Second  0.035

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.024] 0.029] 0.036] 0.041] 0.030] 0.013] [0.024] [0.029]
C4S2Third ~ 0.040  C4S2Fourth  0.043 C482R0 0.027  C4S2R1 0012  C4S3First  0.026 C4S3Second  0.035 C4S3Third 0041 C4S3Fourth  0.044
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.036] 0.042] 0.030] [0.012] 0.024] 0.029] [0.036] [0.043]
C4S3R0 0.025  C4S3R1 0.011  C4S4First  0.025 C4S4Second 0.038  C4S4Third  0.044 C4SdFourth 0.049  C4S4R0O  0.020  C4S4R1  0.011
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.031] [0.012] 0.027] 0.032] 0.040] 0.049] 0.037] (0.014]

Note: This table presents the moments used - mean of variables used among the four choices on ROL, the standard error estimate of the mean (in
parenthesis), and the fitted value by the estimated model [in squared brackets]. Cmptv refers to the standardized competitiveness of the colleges.
Mega refers to whether the college is in a mega city. Dist refers to the standardized distance of the university from Ningxia. C985 refers to
whether the university belongs to “985-school”. Gra refers to whether the university has a graduate school, Sci refers to whether science-related
majors are predominant in the university, Cmprh refers to whether all majors are adquautely represented in the university, Fin refers to whether
finance & economics majors are predominant in the university. Med refers to whether the university is concentrated on medical-related majors.
Tch refers to whether the university is concentrated on teaching-related majors. A variable with superscript 2 means that it is the mean of the
square of that variable. CiSjFirst, CiSjSecond, CiSjThird, CiSjFourth refers to the average of unconditional admission probability of the first,
second, third, fourth choice times a dummy that indicates whether the observation belongs to the ith quintile in CEE score, jth quartile of SES
index. CiSjRO or CiSjR25 refers to the average of whether an ROL exhibit a comptitiveness reversal of size larger than 0% or 25% times a
dummy that indicates whether the observation belongs to the ith quintile in CEE score, jth quartile of SES index.
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Table B12: Moments and Fitted Value for Specification 2 -
Optimal and DC Type with Identical Preference Distribution

Cmptv -0.147 Mega 0.148 Dist -0.477 985 0.146 Gra 0.228 Sci 0.427 Cmprh 0.287 Fin 0.062
(0.005) (0.000) (0.005) (0.001) (0.001) (0.001) (0.000) (0.000)

[-0.037)] [0.149] [-0.466] [0.145] 0.228] 0.396] 0.259] [0.065]

Med 0.098 Tch 0.038  SES*Cmptv ~ 0.202 SES*Mega 0.042 SES*Dist 0.287 SES*C985 0.060 SES*Gra 0.070 SES*Sci 0.017
(0.000) (0.000) (0.006) (0.001) (0.006) (0.001) (0.001) (0.002)

[0.102] [0.041] [0.224] 0.037] 0.270] 0.059] [0.073] 0.010]

SES*Cmprh  0.009 SES*Fin 0.006 SES*Med -0.025 SES*Tch -0.006 CEE*Cmptv  0.772  CEE*Mega  0.110 CEE*Dist  0.199  CEE*C985  0.203

(0.001) (0.000) (0.000) (0.000) (0.011) (0.001) (0.005) (0.002)
[0.012] [0.007) [-0.022] [-0.006] [0.905] [0.092] [0.200] [0.206]
CEE*Gra  0.249 CEE*Sci  -0.013 CEE*Cmprh  0.048  CEE*Fin  0.023  CEE*Med  -0.012 CEE*Tch  -0.018  Cmptv®>  0.732 Mega? 0.072
(0.002) (0.002) (0.001) (0.000) (0.000) (0.000) (0.008) (0.000)
[0.239] [-0.019] [0.012] [0.026] [-0.013) [-0.019] [0.834] [0.077]
Dist? 0.915 9852 0.097 Gra? 0.159 Sei? 0.291 Cmprh? 0.143 Fin? 0.029 Med? 0.052 Tch? 0.017
(0.017) (0.000) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000)
[1.050] [0.105] [0.163] [0.329] [0.166] [0.031] [0.057) [0.017)

CISIFirst ~ 0.007 Cl1SISecond 0011  CISI1Third  0.013  CIS1Fourth  0.014 CISIRO 0048  CISIRI 0032  CIS2First  0.009 C1S2Second  0.014
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.013] [0.010] [0.011] [0.013] 0.039] 0.015] [0.013] (0.012]

C1S2Third ~ 0.017  C1S2Fourth  0.017 C1S2R0 0.047  CIS2RI  0.031  CIS3First  0.009 C1S3Second 0.014 C1S3Third 0.017  C1S3Fourth  0.018
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.013] [0.017] 0.037] 0.014] [0.012] [0.011] [0.014] [0.020]

CI1S3R0O 0.043 C1S3R1 0.027 C1S4First 0.004  C1S4Second  0.008 C1S84Third 0.010  ClS4Fourth  0.011 C1S4R0 0.023 C1S4R1 0.013

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.033] [0.012] 0.007] 0.009] [0.012] 0.017] [0.018] [0.006]
C281First 0020 C2S1Second  0.028  C2S1Third  0.033  C2S1Fourth  0.036 C2S1R0 0.045  C2SIR1 0030 C282First  0.021 C282Second  0.030
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.027] [0.028] 0.030] 0.033] 0.045] 0.024] [0.024] [0.026]
C282Third ~ 0.034  C282Fourth  0.037 C252R0 0041  C282R1  0.026  C2S3First  0.023 C2S3Second  0.032 C253Third  0.035 C2S3Fourth  0.038
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.028] 0.033] 0.039] 0.020] 0.023] 0.025] 0.029] 0.034]

C283R0 0.039 C2S3R1 0.022  C2S4First  0.013 C254Second  0.021  C284Third  0.024  C2S4Fourth  0.026  C2S4R0  0.026  C2S4R1 0.014
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

[0.035] [0.018] [0.016] 0.017] [0.021] 0.026] [0.021] [0.011]
C3S1First  0.026  C3S1Second  0.034  C3S1Third  0.039  C3S1Fourth  0.043 C3S1R0 0.037  C3SIR1 0022 C3S2First  0.027 C3S2Second  0.038
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.031] 0.032] 0.035] 0.039] 0.040] 0.023] 0.029] 0.031]

C3S2Third ~ 0.043  C3S2Fourth  0.045 C3S2R0 0033  C3S2R1 0017  C3S3First  0.028 C3S3Second 0.038 C3S3Third  0.041 C3S3Fourth  0.044
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.036) 0.041] 0.037] [0.019] 0.026] [0.030] 0.035) [0.040]

C383R0 0031  C©3S3R1 0016  C3S4First  0.019 C3S4Second  0.027  C3S4Third  0.031  C3SdFourth  0.035  C3S4R0  0.024  C3S4RL  0.013
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.033] [0.017] 0.020] 0.024] 0.029] 0.034] [0.024] [0.011]

C4S1First 0.025  C4S1Second  0.032 C4S1Third 0.037  C4S1Fourth  0.040 C4S1RO 0.030 C4S1R1 0.017  C4S2First  0.025 C4S2Second  0.035

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.029] 0.031] 0.035] 0.039] 0.035] [0.016] [0.027] [0.030]
C4S2Third ~ 0.040  C4S2Fourth  0.043 C482R0 0.027  C4S2R1 0012  C4S3First  0.026 C4S3Second  0.035 C4S3Third 0041 C4S3Fourth  0.044
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.035] [0.040] 0.033] [0.014] 0.026] 0.030] [0.036] [0.042]
C4S3R0 0.025  C4S3R1 0.011  C4S4First  0.025 C4S4Second 0.038  C4S4Third  0.044 C4SdFourth 0.049  C4S4R0O  0.020  C4S4R1  0.011
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.032] [0.013] 0.028] 0.033] 0.041] 0.048] 0.032] 0.013]

Note: This table presents the moments used - mean of variables used among the four choices on ROL, the standard error estimate of the mean (in
parenthesis), and the fitted value by the estimated model [in squared brackets]. Cmptv refers to the standardized competitiveness of the colleges.
Mega refers to whether the college is in a mega city. Dist refers to the standardized distance of the university from Ningxia. C985 refers to
whether the university belongs to “985-school”. Gra refers to whether the university has a graduate school, Sci refers to whether science-related
majors are predominant in the university, Cmprh refers to whether all majors are adquautely represented in the university, Fin refers to whether
finance & economics majors are predominant in the university. Med refers to whether the university is concentrated on medical-related majors.
Tch refers to whether the university is concentrated on teaching-related majors. A variable with superscript 2 means that it is the mean of the
square of that variable. CiSjFirst, CiSjSecond, CiSjThird, CiSjFourth refers to the average of unconditional admission probability of the first,
second, third, fourth choice times a dummy that indicates whether the observation belongs to the ith quintile in CEE score, jth quartile of SES
index. CiSjRO or CiSjR25 refers to the average of whether an ROL exhibit a comptitiveness reversal of size larger than 0% or 25% times a
dummy that indicates whether the observation belongs to the ith quintile in CEE score, jth quartile of SES index.
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Table B13: Moments and Fitted Value for Specification 3 -
Optimal and DC Type with Different Preference Distribution

Cmptv -0.147 Mega 0.148 Dist -0.477 985 0.146 Gra 0.228 Sci 0.427 Cmprh 0.287 Fin 0.062
(0.005) (0.000) (0.005) (0.001) (0.001) (0.001) (0.000) (0.000)

[-0.049] 0.144] [-0.480] 0.142] 0.232] 0.403] 0.262] [0.065]

Med 0.098 Tch 0.038  SES*Cmptv ~ 0.202 SES*Mega 0.042 SES*Dist 0.287 SES*C985 0.060 SES*Gra 0.070 SES*Sci 0.017
(0.000) (0.000) (0.006) (0.001) (0.006) (0.001) (0.001) (0.002)

0.097) 0.039] [0.224] 0.039] 0.264] 0.060] [0.074] [0.015]

SES*Cmprh  0.009 SES*Fin 0.006 SES*Med -0.025 SES*Tch -0.006 CEE*Cmptv  0.772  CEE*Mega  0.110 CEE*Dist  0.199  CEE*C985  0.203

(0.001) (0.000) (0.000) (0.000) (0.011) (0.001) (0.005) (0.002)
[0.014] [0.007) [-0.024] [-0.005] [0.912] [0.095] [0.182] [0.203]
CEE*Gra  0.249 CEE*Sci  -0.013 CEE*Cmprh  0.048  CEE*Fin  0.023  CEE*Med  -0.012 CEE*Tch  -0.018  Cmptv®>  0.732 Mega? 0.072
(0.002) (0.002) (0.001) (0.000) (0.000) (0.000) (0.008) (0.000)
[0.234] [-0.027] [0.028] [0.022] [-0.013) [-0.022] [0.844] [0.080]
Dist? 0.915 9852 0.097 Gra? 0.159 Sei? 0.291 Cmprh? 0.143 Fin? 0.029 Med? 0.052 Tch? 0.017
(0.017) (0.000) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000)
[1.059] [0.100] [0.161] [0.307] [0.156] [0.025] [0.052] [0.014]

CISIFirst ~ 0.007 Cl1SISecond 0011  CISI1Third  0.013  CIS1Fourth  0.014 CISIRO 0048  CISIRI 0032  CIS2First  0.009 C1S2Second  0.014
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.012] 0.009] 0.010] [0.013] 0.040] 0.014] [0.012] [0.011]

C1S2Third ~ 0.017  C1S2Fourth  0.017 C1S2R0 0.047  CIS2RI  0.031  CIS3First  0.009 C1S3Second 0.014 C1S3Third 0.017  C1S3Fourth  0.018
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
(0.012] [0.017] 0.038] [0.013] [0.011] [0.011] [0.013] (0.018]

CI1S3R0O 0.043 C1S3R1 0.027 C1S4First 0.004  C1S4Second  0.008 C1S84Third 0.010  ClS4Fourth  0.011 C1S4R0 0.023 C1S4R1 0.013

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.034] [0.012] 0.007] 0.008] [0.010] [0.015] [0.019] 0.007]
C281First 0020 C2S1Second  0.028  C2S1Third  0.033  C2S1Fourth  0.036 C2S1R0 0.045  C2SIR1 0030 C282First  0.021 C282Second  0.030
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.028] 0.029] 0.031] 0.034] 0.045] 0.024] [0.025] [0.027]
C282Third ~ 0.034  C282Fourth  0.037 C252R0 0041  C282R1  0.026  C2S3First  0.023 C2S3Second  0.032 C253Third  0.035 C2S3Fourth  0.038
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.030] [0.034] 0.039] 0.020] 0.025] 0.027] 0.031] 0.036]

C283R0 0.039 C2S3R1 0.022  C2S4First  0.013 C254Second  0.021  C284Third  0.024  C2S4Fourth  0.026  C2S4R0  0.026  C2S4R1 0.014
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

[0.035] [0.017] [0.016] [0.018] 0.022] 0.027] [0.022] 0.010]
C3S1First  0.026  C3S1Second  0.034  C3S1Third  0.039  C3S1Fourth  0.043 C3S1R0 0.037  C3SIR1 0022 C3S2First  0.027 C3S2Second  0.038
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.032] 0.034] 0.037] 0.042] 0.040] 0.023] 0.030] 0.034]

C3S2Third ~ 0.043  C3S2Fourth  0.045 C3S2R0 0033  C3S2R1 0017  C3S3First  0.028 C3S3Second 0.038 C3S3Third  0.041 C3S3Fourth  0.044
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.038) 0.044] 0.037] [0.019] 0.028] [0.032] 0.037) 0.043]

C383R0 0031  C©3S3R1 0016  C3S4First  0.019 C3S4Second  0.027  C3S4Third  0.031  C3SdFourth  0.035  C3S4R0  0.024  C3S4RL  0.013
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.033] [0.016] 0.022] 0.026] 0.031] 0.036] [0.025] [0.011]

C4S1First 0.025  C4S1Second  0.032 C4S1Third 0.037  C4S1Fourth  0.040 C4S1RO 0.030 C4S1R1 0.017  C4S2First  0.025 C4S2Second  0.035

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.029] 0.032] 0.035] 0.040] 0.035] 0.015] 0.028] 0.031]
C4S2Third ~ 0.040  C4S2Fourth  0.043 C482R0 0.027  C4S2R1 0012  C4S3First  0.026 C4S3Second  0.035 C4S3Third 0041 C4S3Fourth  0.044
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
[0.036] 0.041] 0.033] [0.014] 0.027] 0.031] [0.036] [0.043]
C4S3R0 0.025  C4S3R1 0.011  C4S4First  0.025 C4S4Second 0.038  C4S4Third  0.044 C4SdFourth 0.049  C4S4R0O  0.020  C4S4R1  0.011
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.032] [0.012] 0.029] 0.034] 0.041] 0.049] 0.032] [0.011]

Note: This table presents the moments used - mean of variables used among the four choices on ROL, the standard error estimate of the mean (in
parenthesis), and the fitted value by the estimated model [in squared brackets]. Cmptv refers to the standardized competitiveness of the colleges.
Mega refers to whether the college is in a mega city. Dist refers to the standardized distance of the university from Ningxia. C985 refers to
whether the university belongs to “985-school”. Gra refers to whether the university has a graduate school, Sci refers to whether science-related
majors are predominant in the university, Cmprh refers to whether all majors are adquautely represented in the university, Fin refers to whether
finance & economics majors are predominant in the university. Med refers to whether the university is concentrated on medical-related majors.
Tch refers to whether the university is concentrated on teaching-related majors. A variable with superscript 2 means that it is the mean of the
square of that variable. CiSjFirst, CiSjSecond, CiSjThird, CiSjFourth refers to the average of unconditional admission probability of the first,
second, third, fourth choice times a dummy that indicates whether the observation belongs to the ith quintile in CEE score, jth quartile of SES
index. CiSjRO or CiSjR25 refers to the average of whether an ROL exhibit a comptitiveness reversal of size larger than 0% or 25% times a
dummy that indicates whether the observation belongs to the ith quintile in CEE score, jth quartile of SES index.
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C Details about Structural Estimation

C.1 Specification

This section lays out the details on the specification and the moments we use for the struc-
tural estimation in Section 6.
Let X; = (Cmptv;, Mega;,d;, C985;, Gra;, Scij, Cmprh;, Fin;, Med;, Tch;), where

o CUmptv; is the standardized competitiveness of university j.

e Mega; an indicator variable that equals 1 if university j is located in a mega city, and

0 otherwise.
e d; is the standardized distance of university j from Ningxia.

e (985, is an indicator variable that equals 1 if the university is classified as “985-school”

(more reputable than other first-tier schools), and 0 otherwise.
e Gra; is an indicator variable that equals 1 if the university has a graduate school;

e Sci; is an indicator variable that equals 1 if the university is concentrated on natural

science-related majors;

e Umprh; is an indicator variable that equals 1 if the university does not specifically

concentrate in any categories of majors;

e Flin; is an indicator variable that equals 1 if the university is concentrated on economics

and finance majors;

e Med, is an indicator variable that equals 1 if the university is concentrated on medical-

related majors;

e T'ch; is an indicator variable that equals 1 if the university is concentrated on teaching-

related majors.
Recall in Section 6.2 that the specification is:
uij = 05 X; + 05X SES; X; + 0 CEE X; + (n;* + rvi) X+

Similarly, define the set of variables V = {Cmptv, Mega, d, C985, Gra, Sci, Cmprh, Fin, Med, Tch}.
For convenience, use v € V for each variable, and also the superscript of parameters to denote

the parameter for a particular variable.
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The expression above can be rewritten as

uy = 0"+ Y 05SESw; + Y 6 CEEw; + > (0"

veY veY veY veY
+K°0;) + GCmthQC’mptv? + Gcmpt“?’Cmptv;’%—
GSCmPI G G Cmptv? + gCCTP2C R R « Cmptv? +0; +0%; +0° x SES;+
0°C « CEE; + 0°9% « SES? + 9% x CEE? + ¢

where 77, 7; are jointly standard normally distributed. Note that there is no superscript
in 7;, reflecting that the parameters x” mean to measure the magnitude of same-directional
or opposite-directional heterogeneous preferences for all the variables in V, whereas 7! rep-
resents the heterogeneous preferences that are independent across variables. ¢;; follows a
standard logistic distribution. This is the full version of Specification 1.

For Specification 2, parameter O; is allowed to be different for the DC Type and the
Rational Type. Other parameters are restricted to be the same. Therefore, Specification 2
has one more variable than Specification 1.

For Specification 3, parameters 8V, §5v, gV, gCmptv2 gClmptv3  gSCmptv2  gCCmptv2 (). - OS
g0¢ 9952 9OC? are allowed to be different for the DC Type and the Optimal Type. Other
parameters are restricted to be the same. Since there are 38 more variables other than O;,

Specification 3 has 38 more variables than Specification 2.

C.2 Counterfactual

To simulate counterfactual, we first estimate applicants’ preferences using Specification 3.
Given the estimated parameters, we simulate a dataset for all applicants and all colleges 200
times.

To compute the counterfactual, we parametrize the distribution of college cutoffs and

assume that the following - with probability p;, ¢; is drawn from the following distribution:

G~ N(:ujt? szt)

With probability 1 — p;;, the cutoff is ¢y, the minimum score requirement of first-tier
colleges (in which case there are vacancies after all students have been matched). ¢ refers
to the round of iteration - given the resulted parametric distribution in round ¢ — 1, we
calculate the ROL that the Optimal Rule specifies, and then calculate the resulted cutoff for
each time of the simulation (so we have 200 cutoffs, each of which results from a particular

utility realization). Given the resulted 200 cutoffs, we can calculate the probability that
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there is no vacancy after matching p(p;s, i1¢, 03,), the mean (200x1 vector) and standard

deviation (200x1 vector) of the 200 cutoffs for each college j:

[Pty Pty U?‘,t)

&2 (Djts it Ot

The initial distribution of college cutoffs is what we have obtained from Section 3.2.

The updating process is that, for the first 2,000 rounds, the rule is that we replace p
with p, u with the predicted mean vector fi. For standard deviation, the 1-norm of the new
vector is updated be the same as &, but nothing else is changed. In other words, the update

of standard deviation only involves scaling up and down all components:

Ditr1 = D(Dje, Mjes Ojie)

Wiis1 = [(Djes Hit Tit)

G (Djy e, Tjit)|

|0j7t|

Ojt+1 = gt

|.| is the L1-norm of j (scaling up or down based on the norm of predicted standard
deviation &(pjy, ftje, 0j1))

For the next and last 1,000 rounds, the updating rule mimics “fictitious play” where all
the realization of cutoffs after round 2,000 receives equal weight. In other words, for any
t > 2000:

t 1

Djt+1 = T 1pj,t + P 1p<pj,t7/ﬁj,tagjvt>
t 1

Hj+1 = ir 1t + iy 1M(pj,t,uj,t,0j,t)
t 1

Ojt+1 = P 1Uj,t + r 1U(pj,tnuj7t;0-j7t)

The estimated parameters we use for counterfactual are p; 3000, 45,3000, 05,3000-
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D Mathematical Appendix

D.1 Proof of Proposition 1

To prove the point 1, it is sufficient to consider the scenario when a* # a'.

This paragraph will prove a’ € {a*,b*,c*,d*}. Suppose, for the sake of contradiction,
that o' ¢ {a*,b*,¢*,d*}. By the definition of d*, we know that for any = € C/{a*,b*, c*},
Pelly < Pg=ug- which implies that pyue < pgcug-. On the other hand, the definition of the
DC Rule implies that pytty > pg-ug-, which results in contradiction.

This paragraph will prove p,« < py. We know from previous paragraph that o’ €
{a*,b*,c*,d*}. When a* # o', a’ € {b*,c*,d*}. This implies that u, < uy+. Since pyuy >
PaxUg, We have pyr > pox.

To prove Point 2, now let us consider the scenario when a* = a’. The recursive structure
allows us to recycle the previous proof to show that & € {b*, c¢*,d*}. Suppose, for the
sake of contradiction, that b ¢ {b*,¢*,d*}. By the definition of d*, we know that for any
x € C/{a*, b*, ¢}, pruy < parug- which implies that pyuy < pgeug«. On the other hand, the
definition of the DC Rule implies that pyuy > pg=ug-, which results in contradiction.

We can then use similar reasoning to prove py- < py. We know from previous paragraph
that o' € {b*,c¢*,d*}. When b* # ¥,V € {c*,d*}. This implies that uy < wu-. Since
Py > Pp-Ups, We have py > pp-.

Using the proof iteratively, we can prove point 3 and point 4.

D.2 Proof of Proposition 2

This paragraph will prove that d* € {a,0,¢,d'}. Suppose, for the sake of contradiction, that
d* ¢ {a',VV,c,d'}. Since the definition of the Optimal Rule stipulates that pgug > prug
for any = € C/{a*, b*,c*}, and the definition of the DC Rule stipulates that p,u, > p,u, for
any y € {a/,0,c,d'} and z € C/{d',V,c,d'}, we have p,u, > pg-ug~, which contradicts the
implication of the Optimal Rule, where no more than three colleges other than d* exceeds
the single-college expected utility of d*.

This paragraph will show directly why the prediction holds. When max{pas, pp+, pe- } >
pa+, there exists a non-bottom choice such that the non-bottom choice is of higher probability
than the bottom choice. Assume WLOG that p,« > pg«, since d* € {da’,¥',c,d'}, and that
Ugs > Ugs, it must be that a* € {a’,V/,¢,d'} and a* is ranked higher than d* under the DC

rule. This implies the presence of competitiveness reversal in (o', V', ¢, d').
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D.3 Proof of Observation 1

Suppose the ratio reaches the maximum for the pair of a,b. When the two rules are in-
distinguishable, we know from Prediction 1 that the two lists are identical. This means

that
Uq, Z Uy 2 Ue Z Uq

and
Palq Z DPylUy Z Pcle Z Paluqg

So for any x ¢ {a,b,c,d}, we have
Py Dy
Pally < Pply = p_paub < —Dallg

a a

The proof of other pairs can be similarly conducted.

D.4 Proof of Observation 2

When s is far above than cutoffs, we always have

When 04 = o = 0, we have

3

£(s) = Pab)

B(S

e

—~
v

P(S=Ha
:W

B

~— | ~— ~—

—~
»

g

When s is far lower than cutoffs, we have

¢(=+)

When o4 < op and s is far lower than cutoffs, we have
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oAd(E)

o4
UB¢<S_;B@)

L(s) ~ ~ 0

When o4 > op and s is far below than cutoffs, we have

oad(*h4)

o5o(EE)

L(s) ~

|9

— +00

Obviously L(s) is continuous. Hence any value in between can be achieved by certain

values of s.
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E Additional Institutional Details

E.1 College Application

The admission process is stratified according to college quality. Before 2019, the colleges were
classified into three tiers of decreasing quality: elite (first-tier), public non-elite (second-tier)
and private non-elite (third-tier). The latter two categories merged starting in 2019, but
the elite category remains unchanged. In this paper, we focus on the admission to elite
colleges, which are argued to play a central role in upward mobility in China because of the
tremendous value placed on education and the huge return in labor markets (Jia and Li,
2016).

The share of students who are eligible for 1st-tier colleges is roughly 20 ~ 25% of the
exam takers. The eligible students on the science track can choose up to four colleges from
among 239 elite colleges. For those who are on the humanities track, the total number of elite

colleges is 150. Science track students account for more than 80% of the first-tier applicants.

E.2 Priority Score

The priority score is almost completely determined by the College Entrance Exam (CEE)?.
The CEE is a nationwide closed-book written exam held once a year on June 7th and 8th,
with the rare exception that the exam was postponed to July 7th and 8th in 2020 due to
COVID-19. To apply for colleges in an admission cycle, all students must take the CEE
of the same cycle. In each province, students on the same track (Humanities or Sciences)
will take the same exam.? As demonstrated in Figure Al, it will take up to two weeks
for Ningxia Provincial Education Authorities to grade students’ exams. Students will be
notified of their exam score and ranking in Ningxia around the 20th-25th of the month in
which the exam takes place.

Exams for both tracks include Chinese, Mathematics?” and English. For each of these
subjects, students get an integer score, with the maximum (best) possible being 150 and the
minimum being 0. Additionally, students on the Humanities Track take a comprehensive
exam on history, politics, and geography, whereas students on the Sciences Track take another
exam on physics, chemistry, and biology. This track-specific exam accounts for 300 points.

Thus the total score of the CEE (sum of the scores from the four subjects) is 750 points.

25Exceptions include winners of international Olympiad contests, students who win sports scholarships,
students with exceptional art talent, students who belong to certain minority ethnic groups, etc. These
exceptions are also quantified and added to priority scores on top of the exam scores, and are observable in
our data.

26See Wang et al. (2023) and Li et al. (2021) for more institutional details about the CEE.

2"Mathematics for the Humanities Track differs from that for the Science Track.
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In case of a tie in total score, ranking will be determined by the score in the comprehensive

exam in the respective track, Mathematics, and English, in a lexicographic way.

E.3 Correlation in Admission Events

If the probability of meeting the cutoff of one college is correlated with meeting that of
another, our assumptions about independence are defied. In this case, assuming indepen-
dence of admission probability alone may result in suboptimal portfolio choices (Shorrer,
2019; Rees-Jones et al., 2020). However, in our case students know their priority score and
ranking by the time of application, and researchers have assumed independence in similar
settings (Larroucau and Rios, 2018, 2020).

Nevertheless, to test the potential presence of pairwise correlation, we conduct an empir-
ical test with the same specification as we used in Section 3.2 on the administrative dataset.
The difference is that, in this new empirical exercise, the dependent variable is students’
second choices, and the regression is run on those who were not admitted by their first

choice:

1(Admitted to Second Choices); = ag + [2pij

If the admission to the first choices does not correlate with the admission probability of
the second choices, we would expect ap, = 0 and 5 = 1, which is the null hypothesis of this
exercise.

The estimation results suggest that our estimates of admission probability remain accu-
rate conditional on the rejection of the first choices, suggesting that in our setting pairwise
correlation does not significantly alter admission probability. As shown in Columns 3 and
4 of Table B3, dy = 0.03 (SE=0.004) and —0.009 (SE=0.006) for the science and humanity
tracks, respectively, whereas 8, = 0.990 (SE=0.006) and 1.026 (SE=0.011) for the science
and humanity tracks, respectively. While the null hypothesis is rejected for the slope under

humanity track, the deviation from null is quantitatively small.

E.4 College Preferences vs. Major Preferences

Major preference does not affect assignment of college; essentially the Chinese system is
a “college-then-major” system (Chen and Kesten, 2017; Calsamiglia et al., 2020). Major
studies typically begin in the second year of bachelor education, and since the 2010s, the

Ministry of Education (MoE) of PRC has successfully pushed for a lower barrier in major
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switching 2%. To assess whether major concerns affect risk taking, we asked students which
factor they were most concerned about in college applications. We report the relevant
statistical analysis in Table B7. In Columns 1 and 2, we regress the dummy indicating
whether students consider major to be their top concern on a normalized SES index. Only
13.7% of the survey takers consider major to be their top concern, and the share is slightly
lower among the advantaged students.

Consideration of major could affect students’ strategy if students think ahead, and want
to outcompete their peers who are admitted to the same college in terms of academic ability.
To examine its quantitative impact on risk-taking, we regress the estimated unconditional
probability of the first choices (Columns 3-4) and beliefs about being admitted to the first
choices (Columns 5-6) on those who consider major to be of top concern. As expected,
students tend to be more cautious if they consider major to be of top concern, but its
quantitative impact on the probability of first choices is less than 10% compared to those
who do not regard major as their top consideration. We calibrate its impact on the full
sample average of first choice probabilities by calculating the product of the average impact
due to major concerns and the share of students who consider major to be important.
Reassuringly, it contributes at most a 1.2% increase in the mean unconditional probability

of the first choices.

E.5 Subjective Beliefs

Evidence from Survey A number of recent studies have (Kapor et al., 2020; Arteaga
et al., 2021) documented that students may not accurately estimate the probability of ad-
mission, especially when the structure of priority scores is more complicated. While in our
context the only uncertainty comes from the variation in cutoffs, a one-dimensional object,
it is quite unlikely that students’ beliefs are perfectly accurate. We elicited students’ beliefs
regarding the unconditional probability of the four colleges on their lists, and compare the
elicited beliefs to the estimated probability that we construct. Subjective beliefs are posi-
tively correlated with estimated probability, at a correlation of 0.50. We define belief error
as the difference between subjective beliefs and estimated probability, and regress the error
on students’ socioeconomic index, controlling for other variables including priority score and
college preferences. As demonstrated in Table B6, students on average overestimate the
chance of admission by 12.1%, and the mean of absolute error is 31.0%.

Despite substantial differences in contexts, the level of these statistics are not far from

estimates in Kapor et al. (2020). While socioeconomically advantaged students seem to

28The link here is an example. Since this campaign by the MoE, major distinctions have become more
coarse and less of a concern to students.
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be somewhat more optimistic, 1 SD of increase in SES is associated with less than 1.85%
increase in subjective beliefs. The estimated mean of absolute error is also slightly larger
among the advantaged (Column 3 and 4), but the magnitude is also small (1 SD of increase
in SES is associated with around 1% increase in absolute errors). Taken together, the belief

data suggests that belief errors, while substantial, is at best weakly correlated with the
demographics.
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F Examples of Survey Screenshot

Please use Chrome, Firefox, or Safari for better experience
Please note that this is not college application. Please apply through the official portal per the instruction of Ningxia Education Authority

f
Our survey will be ending in 24 hours. Please finish timely if you have not done so.

%jﬁgﬁ’: H@ E‘ ‘ﬁ} ‘f E:; E\ Please enter your information

Please answer truthfully so that your payment can be processed correctly

%% Name
et Track  mp B

Science Humanity
jighsghool Please choose in the dropdown menu or key in the name
PEZE Please enter your class number

Total score (including bonus points)

wEHEA Ranking

#i%%s  Total Score wX Chinese
Hor Mathematics g English
mizzr4: Physics/Chemistry/Biology E¥h4r Bonus Points

Complete and Submit

78



Y. NEYSE e
Completion of Basic Information
HEA{Z R Basic Information

1AM EERRE: Sex
» I
Male Female
20842 % M E Pk B : Father’s Education Attainment
FA¥## College
346 9% 8k F-42 - Mother’s Education Attainment

F.x#45 College

4.1 —%%%, BT : Which category of high school graduates do you belong to:

8. wmiE Urban; Have not taken the exam in the past

5. IR HER F R E ML Fr kB, SIAANHTHEE: Compared to classmates in terms of socioeconomic status, your family:

&
A WCFEPCFETRZ Much better than average
B. tepsAcorasts - Slightly better than average

C.oPEAR - Average
D HoPEACPREZ - Slightly worse than average
E WOFER TR EZ Much worse than average
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T EBERM TR Mother's Occupation
For R4 LEHD F, Teacher at secondary school, primary school, or kindergarten
8.3 FRACHERTFEEL/TT (1X) : Location
SBIIHHAR  Yinchuan - Xingging District
9. kS 44 A Birth Year/Month
1996-02 Feb 1996

#AJEfE A Application Information
Choose three most important factor for
10. B AR SR TR A I3 G SR R BE TE 2E 1015 %) college application, starting from the
most important one

1st: share of graduation, 2nd: 985 school, 3: reputation

D. Bk LB F. 98551 B. 3t

1L B = hb I A 2 AP 26 T (i S AR R 1 Beke 26 71) Please select the three types of college that you want to go most

N AT W AAFms  WIWE: MA T

Please select here

12, i = A IR A AR E AT e TR G SRR RR A AT E) Please select the three most preferred locations

BURS: AFARS  BRM: SEFANE  BIRW: BT

Please select here
L3

13, 5 R H 6 0 b e A BB AEACRL A A&l GiFSeik PR+ 9% k) Please select the three most preferred majors

NI FF A B2 EA T I EA L}

Please select here
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12, 3% B = AR R R AE B B (e B P A 8147 &) Please select three most preferred locations

2nd: other major cities in Northern China 3rd: major cities in Mid China

A SRR (IR, B, M, B AL U ERAE (R/RE, W, BFH, TR, K&) @  HofEEEMG (AR, M, KB, RY
1st: Metropolitan area (Beijing, Shanghai, Guangzhou, Shenzhen)

133 M F B e o Hy 5 P AR e AR STl G SE il R4 LR 4l ) Please select three most preferred majors
1st: Econ, Finance, Management (Accounting, Marketing)

2nd: Engeneering 3rd: Medical

B. &%, & ®HE E L F.

14 FE TG T U BB T A BRI, 3 S B A 2 R By
Please evaluate how important these factors are for your school selection

ite a lot
« REBFR Natatally Aoy QUSRI
Parents/other family members
L3
* G SERBATHE Eiry ] FARIHBY
A it :
Teachers Not at all Quite a lot
* 45 & et A ) BN AR
’ Rl(‘)t at all Aiifie Quite a lot
Classmates
171 e AT ) f— A FIRIH B
Major websites Not at all Alittle Quite a lot
ARG &‘ﬁﬁ:&ﬁ?ﬁfb ﬁAla?ﬁﬁb e’;‘?ﬁﬂa‘ﬂlb
t at itt it t
WeChat public account otatd e utealo
BEFM SERBAMHE A— A ﬁ?t}tffx‘ﬂﬁ
Admission brochure ~ Not atall Alittle Quite a lot
* RAVEYTTH SERRAE H— HARKHHY
Media (newspaer/TV) Not at all Alittle Quite a lot

Suppose you are made aware that you are admitted to one college of your choice.
15 BSERBUS R AUG, BRRIH CERUEE TR R WA — RS ARZKFE—2); QURBUTRRE R, WG R TR —E RG2S
Please evaluate whether you will matriculate. If not, please state your plan for the next year

P B - P
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Enter your application for first-tier colleges
B RS R
Please enter the first-tier colleges that you selected to apply for in the system below,

P, S e IO R PR Stk G ) BaAREEE. i# 5t EUs BRI BB, LR o 1R i 42 .
Please report your rank-order list completely and ensure correct entry

WEPBE AP AREEEHREA RN R PARIE D Bt ALk RBUR A ME — KB R =0, WA, CRob i 2 b 5 28 i i 3L e ok -
First-tier college
AEEH GRRit)

Application #
HEE it School

First-tier choice A
— K A Bt JERA% Peking University

First-tier choice B
—fitk B Bebk {bszsiE A% Beijing Jiaotong University

First-tier choice C — icati
—3hk C Bk JeiBsE A% Beijing University of Posts and Telecommunications

First-tier choice D

—Ht¥ D Bk ‘ JEmsHEEARS Beijing Foreign Studies University

ﬁ?EMT%?E#&E@ﬁ&EWWE&ﬂNE.%ﬁ%gﬁﬂggﬁﬁﬁﬁﬁﬁﬁ%mﬁﬁnEﬁ%ﬂ%ﬂ%.ﬁﬁ%ﬁﬁﬁ%%ﬂmn
S0 AT T BT S DU A X SR R A 2 . bR SR E A . B, TRMARIACGATOREEE . RAMSIEGE R,
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TEATE R, VRATIRAS RSB BN B X SRR BB AT R A ] o EE e, 0 SRR SR IR B e A W 28 B R 10, R A K MR A 105T -

In this scenario, the extra reward you receive is equal to Han Meimei’s satisfaction with the admitted university.  For example, if her satisfaction with
SR AT RS A, AN LE i I ORI  — AR, BT, iR — R ABE ORI 4 the admitted university is 10, then you
Han Meimei didn't tell you her Gaokao score, but you know that her score is well above a certain cutoff. will receive an extra 10 Yuan.

Currently, she needs to decide which university to list as her first-choice A-tier school:

S R ank-Order List Number [525 University WEE Satisfaction Index
itk Apiiz Tier | - Choice A ? ?
-fitkBEifz Tier | - Choice B “ MK Lanzhou University 20
itz Tier | - Choice C sE Rk Ningxia Medical University 20
Ht¥kDERz Tier | - Choice D TEK¥  Ningxia University 20
She has Iearned from the admissions office that her score is well If she is not admitted to her first choice (A-tier A), then she will definitely be admitted to
ove the historical cutoff for Nlngg(la Universi one of Nlrégxm Unlversﬂy Lanzhou Unlver3|t or N|n Xia Medlcal Unlversﬂe{
‘N&Hﬁ:b?fﬁi H GRS TR T 8 KRR AR . RSA A C HE (—TLKABERE) B IBAM—E 24T B A LMk,

Tﬁliﬂk FREL. TEIXFMSBLT, MR R20, B— @ RBIR32070. IniRitikE — fﬂ:m&%ffi )ﬁf&. N EYNES '?Hﬁ. MR EE RO, Bl AR
W, In this case, her satisfaction is 20, and you will definitely receive 20 yuan. If she reaches the A-tier score cutoff but gives up enroliment, her
satisfaction will be 0, and you will not receive any reward.
Lot geRt A, AIAIIRBIU I R RE, MIERRE R 25, A S BOR R )1 KB BRI T REYE A 50% .
After researching, she believes that if admitted to Sichuan University, her satisfaction would be 25, and she has a 50% chance of meeting the cutoff for it.
ettt B ORI EGR S E TR E BRI RENE R 25% Ak, WiEAHEH X ENRZRSERE, *%“Fﬁ:‘ﬁt@ﬁi ”MI%U .
However, she is unsure how satisfied she would be with
She estimates a 25% chance of reaching the cutoff for Xiamen Universi )
S 0 SO R PRV, B SRR R 1 o S DR 4 s ke, Xiamen University and needs your help making a plan.
Han Meimei believes her risk preference is the same as yours. Therefore, please choose a school for her based on your own risk preference.
T B LA Pl R R A A X R AR -
Please answer the following questions to confirm your understanding of the scenario:
1. AR R A — MR AR ISR, IR 28R .
If Han Meimei is not admitted to I@e A-tier first choice, you will receive
A.5TC B.207% C. Toikise
5Yuan 20 Yuan Unsure
2. QR EEAAER Y )| KRR, IR AR
20 Yuan 25 Yuan Unsure
A.207C B. 257G C. Teikwe
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£ 55

B Rank-Orderl list Number
#taiz Tier | - Choice A ?
ftBEEf: Tier | - Choice B
fitxcst Tier | - Choice C

— DB

University Wi Satisfaction Index

“Hx¥ Lanzhou University -

THEERNingxia Medical University =

xia University L

n
She has learned rom the aGD |ssmns office that her score |s wew I?she is not admmed to her first choice (A-tier A), then she will definitely be admitted to one of

bove the hlsloncal Ci
M!E? ZYLhiNg TN 'ﬁz

for N xia University, Lanzhou University, or Ningxia Medical Universi
BNt o T NP ot Ll o N T DY Lty ot g

=P

THERK R, &JXW%MT. AR AE20, 5 -ERBRM2070. MIRMEF] KB ER, (HBFFENEIE . AR, AL M

Rl

Z GOR A, AR B I K, Rl A 25

In this case, her satisfaction is 20, and you will definitely receive 20 yuan.

If she reaches the A-tier score cutoff but gives up enroliment, her
satisfaction will be 0, and you will not receive any reward.

FI CH M BOR 21| K 27X R BT BERE Dy 50% .

After researchlng, she believes that if admitted to Sichuan Unlver5|ty, her satisfaction would be 25, and she has a 50% chance of meeting the cutoff for it.

Mt E C M EOREE TR BRI T AR 25% o AT,
She estimates a 25% chance of reaching the cutoff for Xiamen University.
AL A ) DS R P T O AR, 1 SRR O 1 o BXARG: P i 4 e Bk Bt «

MG AHE H R E T Jk#mﬁﬁ'ﬁtg o B — 22 R
However, she is unsure how satisfied she would be with
Xiamen University and needs your help making a plan.

Han Meimei believes her risk preference is the same as yours. Therefore, please choose a school for her based on your own risk preference.
WEEVIM, fEFAEMITOLT, M BGFFmE BT KA AR . 16T RBTE/NEP, FERAPAEH. B, EHAKRMEAER, KRB
B2 BRI . B, PSR, EL R _;kméy\iﬁrﬂ,\mﬁﬁﬁrﬂnommn A offers a constant reward, while Option B's reward increases

Ll
Please tell her, in the following seven scenarios, which university she should choose as her A-
tier first-choice school. In each of the following questions, there are two options.

AXHUNR PR B 25, LERBER250% .
Sichuan University: Satisfaction index is 25,
probability of meeting cutoff is 50%.
*1(2): ARHUNIR SIS R R2S, ELiREs0% .
Sichuan University: Satisfaction index is 25,
probability of meeting cutoff is 50%.
AR FIRRE BER2S, ERBERESO% .
Sichuan University: Satisfaction index is 25,
probability of meeting cutoff is 50%.

Y 14) AN K2R RE BEL2S,  RREALS0% .
Sichuan University: Satisfaction index is 25,
probability of meeting cutoff is 50%.

AU R ERTERE BER2S, LERERZES0%.
Sichuan University: Satisfaction index is 25,
probability of meeting cutoff is 50%.

AT K AF R RE B AE25,  RERRERE50% .
Sichuan University: Satisfaction index is 25,
probability of meeting cutoff is 50%.
() AU KR RS, LARIERES0% .
Sichuan University: Satisfaction index is 25,
probability of meeting cutoff is 50%.

* D)

*103):

*1(5)

¥ 1(6)

with the question number. Therefore, as the question number
increases, you may switch from Option A to Option B at most once.
B AR MR 30, EERBEH25% .
Xiamen University: Satisfaction index is 30,
probability of meeting cutoff is 25%.
B IR MRS, LR % .
Xiamen University: Satisfaction index is 35,
probability of meeting cutoff is 25%.
BT AP R0, ERBEF2S% .
Xiamen University: Satisfaction index is 40,
probability of meeting cutoff is 25%.
B IR MRS, RRBEHE2S% .
Xiamen University: Satisfaction index is 45,
probability of meeting cutoff is 25%.
BT JRFH RS0, EABE2S%.
Xiamen University: Satisfaction index is 50,
probability of meeting cutoff is 25%.
BB AR I RSS, RARER25% .
Xiamen University: Satisfaction index is 55,
probability of meeting cutoff is 25%.
BIE I RFR MR R60, EEBEI5% .
Xiamen University: Satisfaction index is 60,
orobabilitv of meetin® cutoff is 25%
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Risk Preference Game

XS Al e D 3 AR

FET BN BRI AT JL I A R AL ARSI EITUB I 1 R AT g ke B, BRSO, (RES N YL S Ak
TiAYI:E| 7B IN each of the questions below, there are two options. The payment for Option A remains constant
across questions, while the payment for Option B increases as you progress down the list.
B3 /AT R BT R e, AR LI-"éZ S ScF B4 A 2B TOUH A Dy 52 PR Iu BRI R, Iﬂﬂtﬁﬂlﬁ%m‘ﬁﬂ\ﬁmﬁ‘iﬁh E‘r‘ﬂ
herefore, as you move through the questions sequentially, you would switch from Option A to

10): © ASO%MBUKIRM 2575, S0%MROKIEA0T  B.2S%MADKIEM 30 7T, 75%‘8&3&5&1 most once.

1(3):

1(4):

1(5):

*1(6):

*1(7):

Get 25 Yuan with 50% of chance
Get 20 Yuan with 50% of chance

AS0% MR 2570, 50% MHERINMR207E @ §

Get 25 Yuan with 50% of chance
Get 20 Yuan with 50% of chance

AS0% BRI 257, 50% MEERIEH20T @
Get 25 Yuan with 50% of chance
Get 20 Yuan with 50% of chance

AS0% KRR 257, 50% MIERITG20E @
get 25 Yuan with 50% of chance
et 20 Yuan with 50% of chance

AS0% IIBERIKTH 257T, 50% MHERHEH20T g
%et 25 Yuan with 50% of chance
et 20 Yuan with 50% of chance

AS0% BRI 2578, 50% MBERITG20E @
Get 25 Yuan with 50% of chance
Get 20 Yuan with 50% of chance

A. %o%mﬁii}éﬁ 231{., 50% E!‘IWE?‘}F{%ZW:
&84 53 Yuah with 80 of ehanée

Get 30 Yuan with 25% of chance
Get 20 Yuan with 75% of chance

B.25% W BER IR 35 90, 75% ik
Get 35 Yuan with 25% of chance
Get 20 Yuan with 75% of chance
B.25% [ HES IS 40 7T, 75% (HEXIRH205T

Get 40 Yuan with 25% of chance
Get 20 Yuan with 756% of chance

B.25% W HERARTT 45 70, 75% WRERIRIF2050
t 45 Yuan W|th 25°/ of chance
(Q:et 20 Yuan with 759 /: of chance

B.25 % [ HES 118 50 3¢, 75 i3
get 50 Yuan with 25% of chance
et 20 Yuan with 75% of chance

B.25 % HBEIRAS 55 7T,

5205

75 % WY REREAR19 2070
Get 55 Yuan with 25% of chance
Get 20 Yuan with 75% of chance

I HERK RS 60 5

, 75% W HERE IR 2000

9 get 60 Yuan with 50% of chance

et 20 Yuan with 75% of chance
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FETRTHSMILE, ShHRIB.C.DPB B W L T
After learning more information, Hai Meimei’s satisfaction with the lower-ranked universities decreases.

5% Application # b University L Satistaction Index

kAl First-Tier Choice A ? ?
—zepztz First-Tier Choice B )y k2 Lanzhou University 5
—itzcritz First-Tier Choice C TEER ¥ Ningxia Medical University 5
—fitzppi: First-Tier Choice D sEk%  Ningxia University 5

After researching, she believes that if admitted to Sichuan University, her satisfaction would be 25, and she has a 50% chance of meeting the cutoff for it.
BT, SR IR ISIRALEN 2 .. HTOROsN Elllk?%ﬁ&mjﬁg%ﬂfgﬁhe is unsure how satisfied she would be with Xiamen
She estimates a 25% chance of reaching the cutoff for Xiamen University.
M E R ARG DR A BRA T RENE d 25% . R, REAHE R SRR, FareliieRY. a6 geds vour hel making a plan
Please tell her, in the following seven scenarios, which university she should choose as her A-tier first-choice school. In each of the following questions, there are two options.
Y TiTh] %y — — g N j
RS RG, ETHERERT, MR — i R — R ABTRE . A5 T Bt ﬁgﬁﬁﬁﬂgﬁ% = coﬁﬁslanIﬁA&ﬁ%m%m% norﬁ%ﬁs it

. . t rewar
B ORI LTt A, BRI M, 55 2 U WA TATRBIEIB. o estion number. Thorafors, as

the question number increases, you may switch from

*1(1): AR RR B BR2S, B RS0% . BT R R30, LEER25% . Option Ato Option B at most once.
Sichuan University: Satisfaction index is Xiamen University: Satisfaction I_ndexnls
25, probability of meeting cutoff is 50%. 30, probability of meeting cutoff is 25%.
*1(2): AT R F R RS RS, LERMERIE50% - BXTE T RFHIR R R3S, LERhE25% .
Sichuan University: Satisfaction index is Xiamen University: Satisfaction index is
25, probability of meeting cutoff is 50%. 35, probability of meeting cutoff is 25%.
“1(3): AR R 25, R RS0% . Bt BRI ER40, FEEi25% .
Sichuan University: Satisfaction index is Xiamen University: Satisfaction index is
25, probability of meeting cutoff is 50%. 40, probability of meeting cutoff is 25%.
*1(4): AT K FHTER RS, EHERES0% - BRI IRFRAR R4S, LRF25%.
Sichuan University: Satisfaction index is Xiamen Universily: Satisfaction index s
25, probability of meeting cutoff is 50%. 45, probability of meeting cutoff is 25%.
*1(5): AR 25, b RS0% . BB TR RS0, F2Ri25% .
. L . - . Xiamen Universky: Satisfaction index is
Sichuan University: Satisfaction index is . . o
25, probability of meeting cutoff is 50%. 50, probability of meeling culoff is 25%.
*1(6): AT KRR RS, FEHRES0% . BETREHEEERSS, ¥ 25% .

*1(N:

Sichuan University: Satisfaction index is
25, probability of meeting cutoff is 50%.
ASTPUN R MR IR 2S, 2R RERIES0% .
Sichuan University: Satisfaction index is
25, probability of meeting cutoff is 50%.

Xiamen University: Satisfaction index is
55, probability of meeting cutoff is 25%.

BT RFAEEER60, EERREHR25% .
Xiamen University: Satisfaction index is
60, probability of meeting cutoff is 25%.
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Scenario: Help Li Hua with his college application

T W BRI E R
Suppose Li Hua’s score is the same as yours.
Emaaw%Mﬁ&mw T AT T T Lo A B R B

The table below listed the schools he is considering and his satisfaction on a scale of 0~100 if he would be
admitted by them

MR R AT E MR K
Shanghai Jiaotong University Beihang University
HT K

5B R(BEBe)
Zhejiang University

Fudan University (Medical School)
HEKRE B RS
Fudan University University of Science and Technology of China
Rk FIFFREE
Tianjin University Tongji University
Now, Li Hua needs your help with his application. In this question, the reward is the same as satisfaction
ZAEPTE TR AT M A BREIE . AERRETr, Sl S W R A R -

i, ﬁﬂﬁi*‘f“ﬂi LA R R, B A L 5 S0 JUIR . ARZEAERBAEAT A, B L R AN E A PR AG AE A 1R
For example, if Li Hua is admitted by Shanghai Jiaotong University, you will get 50 Yuan. If Li Hua is not admitted
FEAF NP AT RGP [ A -

by any first-tier university you will get 0 Yuan.
Please answer the questions:

1. SR LR AR AR, B A IR v Ji
If Li Hua is admitted by Beihang University, then you will get

2. RS BN AR, A4 B TR

If Li Hua is not admitted by any first-tier university, then you will get
A.0 C.10
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TSR A RT AR B2 b IR SER I

B, SIS yould you choose?

—ARRER RFHE) First-Tier Application

£ [ 5L .
HES T2

First Tier - Choice A
itk A BEHE LiBZEAY Shanghai Jiaotong University
First Tier - Choice B
-HEXk B BEE SBAS(EFE) Fudan University (Medical School)

First Tier - Choice C
-HEXK C Btk EB8x% Fudan University

First Tier - Choice D = o
HE% D ek Fix Tianjin University
If Li Hua is willing to select only two universities as his choice for first-tier universities, with the other two spots (choice

C, D) left blank, which two universities would ou choose for choice A and B?
TSR A U BB R KGRI, CDBERMALE S F, AT

—AEIER (AF—iit) First-Tier Application

T A

First Tier - Choice A
K A BERE

If you could hel ia to lect four universities from what is listed above as his first-tier rank-order lists, what
AR R

First Tier - Choice B, .
itk B BERE
Lz A% Shanghai Jiaotong University
L shlias i % k¢ Beihang Universit
M R 9 y
it WZhejiang University
% 0z 7)) Fudan University (Medical School)
L w114+ Fudan University
EREEALE University of Science and Technology of China

First Tier - Choice A N o
Hiek A BEE FAe# Tianjin University
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HES Bt

rs| R%pﬁaté Ilt])n

LK B Bt B ERF(EFR)

First Tier - Choice C
-k C Bt = Bx% Fudan University
First Tier - Choice D
MKDBER Ry Tanjin University
If Li Hua is willing to select only two universities as his choice for first-tier universities, with the other two spots (choice

C, D) left blank, which two universities would you choose for choice A and B?
A PR B BT A — GG IS, CDBRmtBa %, & Jh\éﬁuh’:&é°

Ak (4R -#it) First-Tier Application

EEE Bz

First Tier - Choice A
—HtK A Bel EigzimA%  Shanghai Jiaotong University

First Tier - Choice B

—ittk B Bilk FiEAR% Tianjin University

If Li Hua is willing to select only one universities as his choice for first-tier universities, with the other three spots
(choice B, C, Déieft blank, which two universities would you choose for choice A?
IR R — ﬁﬁ‘%’ﬂﬁz, B.C.DBR M 0 e 3, L afikdR?

HME#& (ARt First-Tier Application

ST Bk

First Tier - Choice A k
—HtiK A Betk Please select a university
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STHUHE TR FE Satisfaction
Please answer: if ingou were admitted to the listed school below, how satisfied Eou would be on a scale of 0 to 100?
b Y iR B e | S £ A i e N TR p Y o e
Please move the slider to indicate the degree of satisfaction
A B Yok KW DL T AR i R R .

LiEN B2 A RENHERE: 9 %
Shanghai Jiaotong University

0 10 20 30 40 50 60 70
(G 7 A8 Bh— i Hfe T % £ 0 1 2272 ) Please move the slider to indicate the degree of satisfaction

2 HEN B MIR O SRR AR 80 %
Beihang University

80

0 10 20 30 40 50 60 70
GEZE B dirdok I # EM I EREE)  Please move the slider to indicate the degree of satisfaction

3CHEN WL BRI : 60 %
Zhejiang University

0 10 20 30 40 50 60 70

(i 2 /DR 2l — I B I B 5 I T2 1Y) Please move the slider to indicate the degree of satisfaction

4. EN H IR FT) MR ERE: 0%
Fudan University (Medical School)

O &

0 10 20 30 40 50 60 70

G /DRl — I BRI R M A2 ) Please move the slider to indicate the degree of satisfaction

90

80

80

80

90

90

90

100

100

100

100



BULET & 1B LU T PR BUE I 7T At
Please evaluate the chance that your score meets the admission cutoff of the schools listed below
LI BT RET It A Rl ek 69% (nTRERERER)
The chance that your score is higher than or equal to the admission cutoff of Peking University: 69% (probably)

0% 10% 209

20% 30% 40% 50% 60% 70% 80%

GHFE AT IO S TR ) (Please move the slider to adjust the entry)

2. IS BOR T ST bntail R R BRI ABYE: 50% (AHI4 AR
The chance that your score is higher than or equal to the admission cutoff of Beijing Jiaotong University: 50% (likely)

0% 10% 20% 30% 40% 50% 60% T0% 80% 90%

(i 2l ek i 8 T 1) ) (Please move the slider to adjust the entry)

3 I BT RET AR SRR T RRRE: 0% (S22 TTHE)

The chance that your score is higher than or equal to the admission cutoff of Beijing University of Posts and Telecommunications: 0% (impossible)

O

0% 10% 20% 30% Jﬁg 50% 60% 70% 80% 90%

(S ok e S (Please move the slider to adjust the entry)

4. B BT RET EnMEERY S BRM T it 0% (2R
The chance that your score is higher than or equal to the admission cutoff of Beijing Foreign Studies University: 0% (impossible)

O

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%
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