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TIE-BREAKING AND EFFICIENCY IN THE LABORATORY SCHOOL CHOICE†

WONKI JO CHO, ISA E. HAFALIR, ANDWOOYOUNG LIM∗

Abstract. In school choice problems with weak priorities, the deferred acceptance (DA)
mechanism may produce inefficient stable matchings due to tie-breaking. The stable-
improvement-cycles (SIC) and choice-augmented deferred acceptance (CADA) mecha-
nisms were proposed to remedy inefficiencies but they are manipulable. In a simple en-
vironment, we theoretically and experimentally analyze students’ strategic behavior when
DA, SIC, and CADA are implemented. We show that obtaining the efficiency gain relative
to DA crucially depends on whether students report their preferences truthfully in SIC and
whether they play a particular equilibrium strategy in CADA. Our laboratory experiment
reveals that (i) non-negligible degrees of untruthful reporting are observed but they are not
a major drawback for practical efficiency improvements of the mechanisms we consider;
(ii) SIC achieves gains from trade whenever they exist, both on and off the equilibrium
paths; and (iii) the additional layer of equilibrium coordination required by CADA makes
it harder for CADA to fully produce the promised welfare advantage relative to DA. These
findings are robust to various environments.

1. Introduction

The school choice problem is a pair of a preference profile of students and a priority
profile of schools. Each student is to be matched with at most one school, and the capacity
constraint of a school determines the number of students it may admit. The school choice
mechanism is “a systematic way of selecting a matching for a given school choice prob-
lem” (Kesten, 2010). In a seminal paper, Abdulkadiroğlu and Sönmez (2003) approach
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the school choice problem from a mechanism-design perspective, noting that the mech-
anisms used in practice have shortcomings. They propose two well-known mechanisms
as alternatives: the (student-proposing) deferred acceptance (DA) mechanism based on
Gale and Shapley (1962) and the top-trading-cycles (TTC) mechanism based on Shap-
ley and Scarf (1974). Both DA and TTC have several desirable properties, most notably
achieving fairness (stability) and Pareto efficiency, respectively. Since the pioneeringwork
of Abdulkadiroğlu and Sönmez (2003), DA has taken an early lead in the recent reform
of school choice systems in several major cities in the US, including Boston, New York
City, and San Francisco, among others (Abdulkadiroğlu, Pathak and Roth, 2009; Abdulka-
diroğlu, Pathak, Roth and Sönmez, 2005). Experimental data (e.g., Chen and Sönmez,
2006) have also played a crucial role in policy-makers’ decisionmaking and provided use-
ful guidelines for transition.

There are three major reasons why DA has been so successful in real-life school choice
reform. First, DA outcomes are “stable”. That is, they respect student priorities and are
envy-free in the following sense. If a student i prefers a school s over his current assign-
ment, then no other student with a lower priority at school s than i can be assigned to
school s. Second, DA is strategy-proof, i.e., reporting true preferences is a weakly domi-
nant strategy for each student. While strategy-proofness is often promoted as an incentive
property, it also connects with fairness concerns in the context of school choice because
a non-strategy-proof mechanism creates a disparity in opportunities between those who
can skillfully game the system and those who cannot. Thus, strategy-proofness “levels
the playing field” for all (Pathak and Sönmez, 2008). Third, DA selects the best possible
outcome among all stable matches: the matching produced by DA Pareto dominates any
other stable matching (for this reason, DA is also known as the student-optimal stable
mechanism).

One critical condition that guarantees DA’s promising performance is that schools’ pri-
orities are strict, i.e., at each school, no two students are given the samepriority. In practice,
however, school priorities not only admit ties but are very coarse. For example, there are
only four priority classes in Boston. At each school, the top priority goes to the students
who have a sibling attending that school and who live in the school’s walk zone; the sec-
ond priority goes to those who only have a sibling attending that school; the third priority
goes to those who only live in the school’s walk zone. Then, students in the same priority
group are further ordered by a random lottery (Erdil and Ergin, 2008; Kesten, 2010). How-
ever, random tie-breaking makes DA inefficient. That is, DAmay produce a matching that
is Pareto-dominated (according to students’ preferences) by another type of stable match-
ing. In effect, tie-breaking constructs artificial strict priorities, and the matching obtained
by applying DA to them is not guaranteed to be efficient among the matchings that are
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stable with respect to the original priorities with ties (although it is efficient among the
matchings that are stable with respect to the constructed strict priorities). Still worse, the
efficiency loss is significant in practice. Analyzing the data from the NYC school district,
Abdulkadiroğlu et al. (2009) report that, on average, over 700 students could have been
matched with more preferred schools without hurting others.

Two approaches have been taken to correct the efficiency loss in the presence of weak
priorities (i.e., priorities admitting ties). The first approach, represented by the stable-
improvement-cycles (SIC) mechanism of Erdil and Ergin (2008), relies only on ordinal
preference rankings to pursue Pareto improvement.1 On the other hand, the second ap-
proach, encapsulated in the choice-augmented deferred acceptance (CADA) mechanism
of Abdulkadiroğlu et al. (2015), enriches students’ message space by allowing each to sub-
mit a “target school”, a school at which he wishes to be considered favorably when ties in
priorities at that school are to be broken. The latter can be viewed as a device that trans-
mits cardinal preference intensity, as the target school submission can be affected by the
cardinal utilities derived from different schools. In Section 6 on related literature, we pro-
vide details on these mechanisms and explain how they mitigate the inefficiency problem
due to random tie-breaking.

Unfortunately, both SIC and CADA lack strategy-proofness. That is, students have an
incentive to misrepresent their preferences when participating in these mechanisms.2 Be-
cause students’ truth-telling behavior comes into question, the efficiency improvement
achieved by SIC and CADA is no longer guaranteed in practice. This calls for a theoreti-
cal and experimental study that reveals students’ manipulation at work and the extent of
deviation from truth-telling.

Our objective is to experimentally investigate efficiency properties of the three
mechanisms—DA, SIC, and CADA—when they are subject to participants’ strategic be-
havior while participating in these mechanisms. The first step toward this goal lies in
designing an environment that satisfies a number of conditions. First, an ideal environ-
ment should be rich enough to demonstrate key features of the three mechanisms and
generate disparate matching outcomes for them. In particular, priorities should have ties,
and DA should result in an inefficient matching with a positive probability. Second, the
environment should be simple enough to permit experiments. Third, theoretical analysis

1Other mechanisms proposed in the literature to improve the efficiency properties of DA that belong to
the first classification include EADAM (Kesten, 2010) and SEADAM (Tang and Yu, 2014). In our environ-
ment, EADAM and SEADAM are strategically equivalent to SIC (due to the fact that there is at most one
Pareto improving cycle in our environment); thus, we do not explicitly consider them in our theoretical and
experimental investigation.

2The lack of strategy-proofness is not specific to SIC and CADA. Indeed, in an environment with strict
priorities, Kesten (2010) shows that there is no Pareto-efficient and strategy-proof mechanism that Pareto-
dominates DA. Abdulkadiroğlu et al. (2009) further prove that, in an environment with weak priorities,
there is no strategy-proof mechanism that Pareto-dominates DA.
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of the environment should yield sharp predictions such that the experimental hypotheses
are clear and easy to test. Finally, the magnitude of potential efficiency gain should be the
same for CADA and SIC so that the comparison between the two mechanisms will be fair.

The simplest environment subject to the above considerations involves three students
and three schools with one seat each. Each school gives the top priority to one (distinct)
student and the bottom priority to the other two students. As we show in Online Appen-
dix, there are only three preference profiles (up to permutations) of students for which
the three mechanisms exhibit potentially varying performances in light of efficiency and
manipulability. We test two of them in experiments; see Section 3 for a justification of our
choice.

Our laboratory experiments rely on a geographical implementation of the three-student-
three-school environment. We presented a map of an island that consists of three school
districts indicated by different colors. In each district, there is one school and one student.
Schools allocate priorities to students based onwhether a student lives in the same district
(i.e., has the same color). The cardinal preferences of a student depend on the distance
between a school and his location. This implementation is not only natural but also serves
as an easier environment for experimental subjects to comprehend and remember all the
important components of the school choice problem.

In our experiments, we consider three mechanisms, DA, CADA, and SIC, in four envi-
ronments. Our baseline (B) environment implements the first (called “Profile 1” in Sec-
tion 3) of the three preference profiles amenable to experimental analysis. The three addi-
tional environments are considered to validate our experimental findings. The replica (R)
environment takes the first preference profile with a variation that each district has two
identical students; thus, it implements a six-student-three-school environment. The cardi-
nal (C) environment also takes the same preference profile but cardinal utilities students
attach to schools are different. This cardinal environment is designed to give CADA its
best shot because CADA is meant to provide a channel through which not only ordinal
but also cardinal preferences affect tie-breaking. The new (N) environment implements a
new preference profile (called “Profile 2” in Section 3), which is more favorable to CADA
and less so to SIC in terms of the possibility of realizing efficiency gains. The replica, cardi-
nal, and new environments mainly serve the purpose of a robustness check for our results
from the baseline environment to a larger economy, a cardinal preference amendment, and
an ordinal preference change, respectively.

Our experimental data from the baseline environment presents a clear picture. First,
the data reveals that inefficiency created by random tie-breaking in DA was substantial,
withmore than 45% of thematching outcomes being inefficient. Second, targeting choices
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made by the vast majority of subjects participating in CADA are consistent with our equi-
librium analysis. As a result, CADA attained almost no efficiency gain relative to DA. In
particular, the dominated-strategy equilibrium of CADA that Pareto improves upon the
DA outcome hardly emerged in the experiment. Targeting in CADA can be viewed as a
coordination device among subjects and the device is more likely to be effective in a small-
sized environment. It is quite surprising that the coordination did not come into play even
in the three-student experiment. Third, subjects participating in SIC reported preferences
largely in line with what the Nash equilibria in undominated strategies predicted. Thus,
SIC sufficiently improved upon the DA outcome. The cardinal environment implemented
a slightly different set of cardinal utilities in order to help subjects coordinate on a Pareto-
efficient but “dominated-strategy” Nash equilibrium in CADA. However, it did not help
reduce the disparity in efficiency performances of SIC and CADA. Further, the disparity
became more pronounced in the replica environment with six students.

Our data from the new environment deepens our understanding of the main source
of the observed disparate efficiency performances of the three mechanisms and thus ad-
dresses a concern about external validity of our main findings. Even though CADA’s
unique equilibrium outcome in this environment predicts that CADA has a full efficiency
advantage relative to DA, the advantage was not fully achieved in the laboratory. Unique-
ness of the equilibrium outcome does not imply that everyone successfully uses targeting
to coordinate on a particular Pareto efficient equilibrium. The additional layer of coordi-
nation (equilibrium targeting) required by CADAmakes themechanismmore vulnerable
to strategic uncertainty. Multiplicity of equilibria embedded in the first preference profile
is a fundamental source of strategic uncertainty, but uniqueness of the Nash equilibrium
outcome embedded in the new environment does not completely get rid of the issue. In
case of SIC, the stringent equilibrium requirement of untruthful reporting for some stu-
dent indeed leads to a substantial deviation from the equilibrium reporting in the new
environment. However, the observed deviation did not undermine the efficiency advan-
tage of SIC relative to DA because stable improvement cycles are implemented not only
on the equilibrium path but also off the equilibrium path. That is, SIC achieves gains from
trade whenever they exist, both on and off the equilibrium path.

To summarize, we theoretically and experimentally investigate efficiency properties of
DA, SIC, and CADA in a simple setup where these algorithms may perform differently.
We see our paper as a first step toward understanding students’ equilibrium behavior
in the practically relevant case of weak priorities. Our results highlight that efficiency
gains based on non-strategy-proof mechanisms may or may not materialize in practice.3

3Afacan et al. (2022) is another recent experimental study that investigates stability and efficiency prop-
erties of a non-strategy-proof mechanism in the school choice environment.
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In other words, although different non-strategy-proof mechanisms could result in full ef-
ficiency with respect to “reported preferences,” they may result in different efficiency per-
formanceswith respect to “true preferences.” More broadly, we demonstrate that whether
a mechanism succeeds in practice hinges on two key aspects: (i) theoretical properties of
a mechanism under study (such as undominated strategies andmultiplicity of equilibria)
and (ii) empirical data obtained in a carefully designed laboratory experiment.

The paper is organized as follows. In Section 2, we introduce themodel. In Section 3, we
provide our theoretical results. In Section 4, we introduce our experimental design. In Sec-
tion 5, we provide our experimental results. In Section 6, we discuss the related literature.
Section 7 concludes. Appendix A provides proofs of the theoretical results. Appendix B
provides experimental instructions for one of the treatments. Appendix C provides non-
parametric tests results. Finally, Online Appendix contains additional results and omitted
proofs.

2. The Model

The school choice problem consists of students and schools that need tomatchwith each
other. Let N ≡ {1, · · · , n} be a finite set of students and A ≡ {a1, · · · , a|A|} a finite set of
schools (|N |, |A| ≥ 2). Each student i ∈ N has a linear preference relationRi over A.4 Let
Pi and Ii be the strict preference and indifference relations associatedwithRi, respectively.
Let R be the set of all linear preference relations over A. Let R ≡ (Ri)i∈N ∈ RN be a
preference profile. Each school a ∈ A has a complete and transitive priority relation ≿a

over N and a capacity of qa ∈ N seats. Say that ≿a is weak if it admits a tie (i.e., for
some distinct i, j ∈ N , i ∼a j); it is strict otherwise. When qa ≥ n, school a is effectively
unlimited in capacity and can thus be interpreted as the null school, the option of being
unassigned. Let ≿≡ (≿a)a∈A be a priority profile and q ≡ (qa)a∈A a capacity profile. The
school choice problem is then described by a list (N,A,R,≿, q), but since we keep (N,A)

fixed throughout, we treat π ≡ (R,≿, q) as a school choice problem or simply a problem.
LetΠ be the set of all problems.

Let ∆(A) be the set of all lotteries (probability distributions) over schools. For a
given problem π ≡ (R,≿, q) ∈ Π, a (probabilistic) assignment is a profile of lotteries
x ≡ (xi)i∈N ∈ [∆(A)]N , where (i) for each i ∈ N , xi ≡ (xia)a∈A ∈ ∆(A), called stu-
dent i’s (assignment) lottery, with xia representing the probability of student i being
assigned to school a; and (ii) for each a ∈ A,

∑
i∈N xia ≤ qa. We refer to (i) and (ii) as

the feasibility conditions. Let X be the set of all feasible assignments. An assignment is
deterministic if all of its entries are 0 or 1. For deterministic assignments, we informally

4A preference relation is linear if it is complete, transitive, and anti-symmetric.
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write x =

(
1 2 3

a b c

)
for the assignment that allocates, with probability 1, schools a, b, and

c to students 1, 2, and 3, respectively; similarly, if xia = 1, we write xi = a. It is well known
that each non-deterministic assignment can be expressed as a convex combination of (i.e.,
a lottery over) deterministic assignments (Birkhoff, 1946; Von Neumann, 1953; Budish et
al., 2013). A (student assignment) mechanism is a mapping φ : Π → X that associates
with each problem π ≡ (R,≿, q) ∈ Π an assignment φ(π) ≡ (φia(π))i∈N,a∈A ∈ X .
In real-life school choice problems, the input information for schools, (≿, q), is publicly

known and assignmentmechanisms rely on students’ reports of their preferences. Further,
most mechanisms are ordinal in the sense that they determine assignments based solely
on ordinal preferences (preference rankings). In principle, however, a mechanism may
solicit additional information from students that can guide its choice of an assignment.
We capture the latter in messages. Let M be the common message space for all students
and for each i ∈ N , let mi ∈ M be student i’s message (in addition to preferences). The
message space can include cardinal utilities for schools, ormore simply, “target schools” at
which student iwishes favorable treatment over others in some prescribed circumstances.
When messages in M are allowed, a problem is a list (R,m,≿, q), where m ≡ (mi)i∈N ∈
MN is a message profile and amechanism associates an assignment with each problem.

When school priorities are weak, ties are often broken randomly and students receive
nondegenerate lotteries as assignments, which cannot be evaluated by ordinal preference
relations. We assume that students are indeed endowedwith vonNeumann-Morgenstern
(vNM) utility functions. For each student i ∈ N , let ui : ∆(A) → R be student i’s vNM
utility function over lotteries (over schools). Given an assignment x ∈ X , student i at-
taches a utility of ui(xi) to assignment x. Since ui is of expected utility form, we identify it
with a profile (ui(a))a∈A of cardinal utilities (where a is the degenerate lottery giving a for
sure). Say that Ri is consistent with ui, or alternatively, ui induces Ri if the following
holds: for all a, b ∈ A, aRi b if and only if ui(a) ≥ ui(b). Let u ≡ (ui)i∈N be a utility pro-
file. Since utilities contain finer information on preferences than preference relations do,
we write (u,≿, q) and (u,m,≿, q) (if additional messages are allowed) for the problems
where students have preference relations induced by u.

In the context of school choice and matching at large, two concepts play an important
role, as we test the desirability of an assignment or a mechanism. The first is stability. Say
that a deterministic assignment x ∈ X is stable for (R,≿, q) if (i) it is non-wasteful (i.e.,
for each i ∈ N and each a ∈ A,

∑
j∈N xja < qa implies xiRi a)5; and (ii) it does not violate

any student’s priority (i.e., there do not exist i, j ∈ N such that xj Pi xi and i ≻xj
j). A

5Non-wastefulness implies individual rationality: for each i ∈ N and each null school a ∈ A, xi Ri a.
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probabilistic assignment is stable for (R,≿, q) if it can be written as a convex combina-
tion of stable deterministic assignments.6 The second test is efficiency. Given a problem
(u,≿, q) with vNM utilities and assignments x, y ∈ X , say that x Pareto-dominates y for
(u,≿, q) if for each i ∈ N , ui(xi) ≥ ui(yi), with a strict inequality for at least one i. An
assignment is (Pareto) efficient for (u,≿, q) if it is not Pareto-dominated by any other
assignment.7

2.1. Three Mechanisms.
We focus on three mechanisms: the deferred acceptance mechanism and two variants

thereof.

The deferred acceptance mechanism. Originating in Gale and Shapley (1962), the deferred
acceptance mechanism has been widely used for two-sided matching problems, such as
marriage problems and college admission problems, when both sides have strict prefer-
ences. In school choice problemswithweak priorities, wemay first eliminate ties in priori-
ties and then apply the traditional DA. Given a ∈ A and school a’s priority relation≿a over
students, let T (≿a) be the set of strict priority relations obtained by breaking ties in ≿a;
i.e., ≿′

a∈ T (≿a) if and only if for all i, j ∈ N , i ≻a j implies i ≻′
a j. We call the priority

relations in T (≿a) the tie-breakers for ≿a. For a profile ≿≡ (≿a)a∈A of priority relations,
define T (≿) ≡

∏
a∈A T (≿a). To define the deferred acceptance (DA) mechanism, we

apply the following algorithm to each problem (R,≿, q).

Step 1: Choose a tie-breaker profile ≿′∈ T (≿) uniformly at random and consider the
problem (R,≿′, q)with strict priorities.

Step 2: Each student i ∈ N applies to his most preferred school according to Ri. For
each a ∈ A, among those students who apply to school a, school a tentatively accepts up
to qa students with the highest ≿′

a-priority and rejects the rest.
Step t (t ≥ 3): Each student i ∈ N who was rejected in Step t − 1 applies to his next

most preferred school according to Ri. For each a ∈ A, among those students who were
tentatively accepted to school a in Step t− 1 or who apply to school a in this step, school a
tentatively accepts up to qa students with the highest ≿′

a-priority and rejects the rest.

The algorithm terminates after a step in which no additional student is rejected, and
the tentative assignment from the last step is finalized. Since the ties in ≿ are broken
randomly in Step 1, the finalized assignment is random, and DA selects that assignment.
Let us denote it by DA(R,≿, q).

6Kesten and Ünver (2015) propose three notions of stability that extend the traditional notion taking
into account ties in school priorities and the probabilistic nature of assignments. The stability notion we
adopt here is ex post stability in Kesten and Ünver (2015).

7A similar concept can be defined for problems (R,≿, q) that have only ordinal information on prefer-
ences.



TIE-BREAKING IN THE LAB 9

The stable-improvement-cycles mechanism. An important drawback of DA is that ties may
sometimes be broken in a manner that causes inefficiency of the resulting assignment.
Erdil and Ergin (2008) show that whenever a stable assignment, including the DA assign-
ment, is Pareto-dominated, we can allow a subset of students to swap assigned schools
among themselves, which Pareto-improves upon the welfare of those students. We next
define a mechanism exploiting this idea.

Fix a problem (R,≿, q) and a deterministic assignment x. For each (i, a) ∈ N × A, say
that student i desires school a at x if aPi xi. Let D(a) be the set of highest ≿a-priority
students among those who desire school a at x. A sequence of distinct students i1, · · · , ik
constitutes a stable improvement cycle (with respect to (R,≿, q) and x) if for each h ∈
{1, · · · , k}, (i) xih is not the null school; (ii) student ih desires school xih+1

(modulo k);
and (iii) ih ∈ D(xih+1

). If students i1, · · · , ik form a stable improvement cycle, there is a
simpleway of Pareto-improving the given assignment x: for each h ∈ {1, · · · , k}, student ih
is now assigned to school xih+1

(modulo k), while the other students’ assignments are
not affected. We refer to the latter process as trading within the cycle. To define the
stable-improvement-cycles (SIC) mechanism, we apply the following algorithm to each
problem (R,≿, q).

Step 1: Choose a tie-breaker profile ≿′∈ T (≿) uniformly at random and apply DA to
the problem (R,≿′, q)with strict priorities. Let x1 ≡ DA(R,≿′, q).

Step t (t ≥ 2): Using assignment xt−1 from Step t−1, check if there is a stable improve-
ment cycle with respect to (R,≿′, q) and xt−1. If there is, choose any one cycle uniformly
at random and allow the students forming the cycle to trade within the cycle. Otherwise,
stop.

The algorithm terminates after a step in which no stable improvement cycle exists.
Whenever there is a multiplicity of stable improvement cycles or tie-breakers, we choose
one of them with equal probabilities and independently across such instances. There-
fore, the final assignment is random. SIC selects the latter assignment. Denote it by
SIC(R,≿, q).

The choice-augmented deferred acceptance mechanism. The choice-augmented deferred accep-
tance (CADA) mechanism allows students to transmit an additional message as well as
preference rankings. The additional message is one’s “target school” and serves as an av-
enue through which students indicate their preference intensities. Let A be the common
message space (i.e., M = A). For each i ∈ N , denote student i’s target school by ti ∈ A.
Letting t ≡ (ti)i∈N ∈ AN , and the problem is a list (R, t,≿, q).
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Given a ∈ A, school a’s priority relation ≿a over students, and a target profile t ∈ AN ,

let T (≿a, t) be the set of strict priority relations obtained by breaking ties in ≿a as fol-
lows: ≿′

a∈ T (≿a, t) if and only if for all i, j ∈ N , (i) i ≻a j implies i ≻′
a j; and (ii)

i ∼a j and ti = a ̸= tj imply i ≻′
a j. We call the priority relations in T (≿a, t) the

target-respecting tie-breakers for ≿a. For a profile ≿≡ (≿a)a∈A of priority relations, de-
fine T (≿, t) ≡

∏
a∈A T (≿a, t). 8

For each problem (R, t,≿, q), we apply the following algorithm to obtain CADA(R, t,≿

, q).

Step 1: Choose a target-respecting tie-breaker profile ≿′∈ T (≿, t) uniformly at random
and consider the problem (R,≿′, q)with strict priorities.
Step 2: Apply DA to problem (R,≿′, q).

Since the choice of a target-respecting tie-breaker profile in Step 1 is random, so is the
assignment obtained after Step 2. CADA selects the latter assignment. Let us denote it by
CADA(R, t,≿, q).

2.2. Revelation Games.
Amechanism relies on the information submitted by students and students may strate-

gically choose what to communicate to the mechanism. Suppose that a mechanism φ

permits preference relations in R and messages in M to be reported. Given a problem
(u,≿, q), φ induces a (revelation) game (u,≿, q,R×M,φ), defined as follows:
(i) for each i ∈ N , student i chooses a strategy (Ri,mi) ∈ R × M (Ri need not be

consistent with ui, nor ismi required to be the top school for Ri);
(ii) the outcome of the game is an assignment φ(R,m,≿, q); and
(iii) the payoff to each student i ∈ N is ui (φi(R,m,≿, q)).

We refer to (u,≿, q,R × M,φ) as the φ (revelation) game (e.g., DA game and CADA
game).

3. An Experimental Environment and Theoretical Analysis

Our main objective is to experimentally investigate performances of the three mecha-
nisms in Section 2.1 in terms of efficiency and manipulability. Therefore, a suitable en-
vironment should allow the three mechanisms to potentially diverge in behavior and be
tractable enough to be tested in experiments.

For the reasons discussed in Section 1, we are led to a simple case involving three stu-
dents and three schools. Tominimize the effect of different priority standings on students’
strategic behavior, we construct a symmetric environment in which each student has the

8We assume “single tie-breaking” in our analysis. See Abdulkadiroğlu et al. (2015) for a discussion of
single versus multiple tie-breaking rules.
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top priority at one school and the bottom priority at the other two schools. Given these
school priorities, we can show that there exist only three preference profiles (up to per-
mutations) of students for which DA produces an inefficient matching with a positive
probability; see Online Appendix for details. For each student i ∈ {1, 2, 3}, denoting i’s
preferences over schools a, b, and c by Ri and assuming that students 1, 2, and 3, respec-
tively, have the top priority at schools a, b, and c, the three preference profiles are (below
boldfaced symbols indicate schools at which students have the top priority):

Profile 1
R1 R2 R3

b c b

a b c

c a a

Profile 2
R1 R2 R3

c c b

b a c

a b a

Profile 3
R1 R2 R3

c c b

b b c

a a a

Our design of an experimental environment is guided by theoretical analysis of these
profiles. For the three profiles, we characterize the set of Nash equilibria in undominated
strategies for the preference revelation game when each of DA, SIC, and CADA is in place.
These results, which we summarize now, substantiate our choice of experimental setups.

First, consider the environment induced by Profile 1.9 For DA, the unique Nash equi-
librium in undominated strategies is that all students report their preferences truthfully,
yielding an inefficient stable matching 50% of the time. For CADA, there is a Nash equi-
librium that results in an efficient stable matching with probability one. However, this
equilibrium involves a dominated targeting choice by student 1. The prediction from the
unique Nash equilibrium in undominated strategies in CADA, in fact, entails all students
reporting their true preferences and targeting their respective top schools. For SIC, (at
least) two students report preference truthfully in all Nash equilibria in undominated
strategies, and an efficient stable matching obtains with probability one. These results10

suggest that Profile 1 can serve as a good environment where we can compare efficiency
performances of the three mechanisms. The DA matching lies quite far away from the
Pareto frontier, which gives SIC and CADAmuch room in which to diverge from DA. The
efficiency gain that SIC and CADA achieve relative to DA depends crucially on whether
students choose undominated strategies in preference reporting and targeting, which can
be tested in experiments. Finally, Profile 1 is also compelling from the perspective of strate-
gic calculation in the lab. When preferences are given by Profile 1, equilibrium strategies
are neither trivial nor prohibitively complicated for experiment subjects.

Next, when students’ preferences are given by Profile 2, theoretical prediction is quite
different. For DA, the unique Nash equilibrium in undominated strategies produces an

9Profile 1 is also the main example Erdil and Ergin (2008) considered to illustrate the inefficiency of DA.
10These results are given in Propositions 1, 2, 3, and 4 in Section 3.
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inefficient assignment with probability 1
4
. CADA replaces this inefficient assignment by

an efficient one. Efficiency ofCADA in equilibrium follows regardless ofwhether students’
targeting choices are dominated or not. On the other hand, SIC also chooses an efficient
matching for sure but it requires student 2 tomisrepresent his preferences in equilibrium.11

Therefore, relative to Profile 1, Profile 2 provides an environment that is more favorable to
CADA and less so to SIC in order for the efficiency improvement (over DA) tomaterialize.
This means that we can use Profile 2 to check robustness of our experimental results from
Profile 1.

Finally, in Profile 3, school a is unanimously bottom-ranked, whichmakes the associated
school choice problem a rather trivial one of allocating only two schools (b and c) to three
students. Our theoretical analysis of Profile 3, which is relegated to Online Appendix,
shows that the matching outcome for DA is inefficient with probability 3

4
. CADA Pareto

improves upon DA but remains inefficient, with probability 1
2
. SIC uniquely yields an

efficient assignment, further improving upon CADA. In terms of efficiency, CADA can
perform just as well as SIC only if a student’s equilibrium targeting choice is dominated.
Overall, these results indicate that the environment induced by Profile 3 is very similar to
that induced by Profile 1 and we do not conduct experiments on Profile 3.

On these grounds, we take Profile 1 as themain experimental environment and Profile 2
as an external validity test for our results from Profile 1.

Now to state theoretical results more formally, let N = {1, 2, 3} and A = {a, b, c}, with
qa = qb = qc = 1. Denote Profiles 1 and 2 above by R∗ and R∗∗, respectively. Consider a
problem (u,≿, q), where u is any utility profile consistent with R∗ or R∗∗12 and the school
priorities ≿ are as follows:

≿a ≿b ≿c

1 2 3

2, 3 1, 3 1, 2

For each φ ∈ {DA,CADA, SIC}, we analyze the revelation game (u,≿, q,R×M,φ). As
a solution concept, we adopt the Nash equilibrium in undominated strategies, where the
dominance notion is weak. We apply weak dominance to refine the Nash equilibria (but
we do not iteratively eliminate weakly dominated strategies). To simplify the notation, we
write, e.g., bac for a preference relation Ri ∈ Rwith b Pi aPi c.

3.1. Analysis of Profile 1.
Throughout this subsection, we assume that students have a profile u of vNM utility

functions consistent with Profile 1, R∗. For each of the three mechanisms we consider,
11These results are given in Propositions 5, 6, 7, and 8 in Section 3.
12Our theoretical results in this section are based only on ordinal preferences. Specific values of vNM

indices required for experiments will be introduced in the next section.
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assignments are affected by how ties in priorities are broken. In light of this, it is useful
to note that when true preferences are reported, augmenting DA with a deterministic tie-
breaking rule results in one of only two assignments(

1 2 3

a b c

)
and

(
1 2 3

a c b

)
,

with the second Pareto-dominating the first. The first obtains if the tie 1 ∼b 3 at school b
is broken in favor of student 1; the second obtains otherwise.

It is well known that truth-telling is a weakly dominant strategy for the DA game with
strict priorities. The DA game with weak priorities is a convex combination of DA games
with strict priorities, whose strict priorities are consistent with the given weak priorities.
Thus, truth-telling is a weakly dominant strategy for the DA game with weak priorities.

Proposition 1. Let u be a utility profile consistent with R∗. The DA game (u,≿, q,R, DA)

has a unique Nash equilibrium in undominated strategies, which is truth-telling and yields

1
2

(
1 2 3

a b c

)
+ 1

2

(
1 2 3

a c b

)
as an assignment.

This result is very well-known, so that proof of Proposition 1 is skipped.
Next, we turn to the CADA game. While a typical strategy in the CADA game has two

dimensions, targeting affects only how ties are broken. Therefore, as far as preference
reports are concerned, it is a weakly dominant strategy for each student to submit his true
preference rankings. Moreover, each student should target his top school. For instance,
consider student 1. He has the highest priority at school a and least prefers school c. Thus,
targeting b weakly dominates targeting every other school. A similar argument shows
that students 2 and 3 should target c and b, respectively. In sum, we have the following
Proposition (where the proof is skipped since it is straightforward).

Proposition 2. Let u be a utility profile consistent with R∗. The CADA game (u,≿, q,R ×
A,CADA) has a unique Nash equilibrium in undominated strategies, where each student reports

his preferences truthfully and targets his top school, yielding 1
2

(
1 2 3

a b c

)
+ 1

2

(
1 2 3

a c b

)
as an

assignment.

Relative to DA, CADA has the advantage of eliciting preference intensities through tar-
get choices. However, in our experimental environment, it can implement welfare im-
provements over the DA assignment only when student 1 plays a weakly dominated strat-
egy of targeting his “safety school” (school a, which already gives him the highest pri-
ority) or bottom-ranked school. In stating this observation, we restrict attention to Nash
equilibria that involve truthful preference reporting since the latter is a weakly dominant
strategy in both the DA and CADA games.
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Proposition 3. Let u be a utility profile consistent with R∗ and consider the CADA game (u,≿
, q,R × A,CADA). In each Nash equilibrium with truthful preference reporting, the associated
targeting profile is (t1, t2, b), where t1, t2 ∈ {a, b, c}. Thus, the resulting equilibrium assignment

is 1
2

(
1 2 3

a b c

)
+ 1

2

(
1 2 3

a c b

)
if t1 = b and

(
1 2 3

a c b

)
if t1 ∈ {a, c}.

The proof of Proposition 3 is relegated to Appendix A.
The above equilibrium analysis for the DA and CADA games is simple because the two

games can be viewed as convex combinations of DA games, each of which has strict priori-
ties. This is not true for the SIC game and the truthful reporting of preferences is no longer
a weakly dominant strategy. In fact, a weakly dominant strategy does not exist, and weak
dominance allows us to rule out only some of the strategies. Nevertheless, the Nash equi-
libria in undominated strategies all produce the same outcome, as our next result shows.

Proposition 4. Let u be a utility profile consistent with R∗. For the SIC game (u,≿, q,R, SIC),
each Nash equilibrium in undominated strategies has students 2 and 3 reporting their preferences

truthfully and yields

(
1 2 3

a c b

)
as an assignment.13

The proof of Proposition 4 is relegated to Appendix A.
To summarize equilibrium outcomes from the three revelation games, in the DA and

CADAgames, Nash equilibria in undominated strategies yield 1
2

(
1 2 3

a b c

)
+1

2

(
1 2 3

a c b

)
.

That
(
1 2 3

a b c

)
is chosenwith a positive probability is an efficiency loss forDA andCADA

and CADA can circumvent it only if student 1 plays a weakly dominated strategy. On the

other hand, the SIC game produces
(
1 2 3

a c b

)
, an efficient assignment with probability 1.

3.2. Analysis of Profile 2.
In this subsection, we consider revelation games where students’ ordinal preferences

are given by Profile 2,R∗∗. First, analysis of the DA game is similar to that in Section 3 and
truth-telling is a unique Nash equilibrium in undominated strategies (hence the proof of
the following proposition is skipped).

Proposition 5. Let u be a utility profile consistent with R∗∗. The DA game (u,≿, q,R, DA)

has a unique Nash equilibrium in undominated strategies, which is truth-telling and yields

1
2

(
1 2 3

c a b

)
+ 1

4

(
1 2 3

b a c

)
+ 1

4

(
1 2 3

a c b

)
as an assignment.

13In the equilibrium, student 1 may or may not report truthfully.
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Of the the three deterministic assignments DA chooses with a positive probability in

equilibrium,
(
1 2 3

b a c

)
is inefficient. That is, DA produces an inefficient assignment with

probability 1
4
.

Next is the CADA game. When students have preferences in Profile 2, the equilibrium
targeting behavior is less obvious than in the case of Profile 1. Student 1, for instance,
has the highest priority at his bottom-ranked school and undominatedness only requires
targeting one of his top two schools. Nevertheless, the Nash equilibrium in undominated
strategies is unique, as shown below.

Proposition 6. Let u be a utility profile consistent with R∗∗. The CADA game (R,≿, q,R ×
A,CADA) has a unique Nash equilibrium in undominated strategies, where each student reports

his preferences truthfully and targets his top school, yielding 1
2

(
1 2 3

c a b

)
+ 1

2

(
1 2 3

a c b

)
.

The proof of Proposition 6 is relegated to Appendix A.
The two deterministic assignments that arise in the CADA game are both efficient. Fur-

ther, in relation to the DA outcome, CADA shifts probability 1
4
from an inefficient assign-

ment
(
1 2 3

b a c

)
to an efficient assignment

(
1 2 3

a c b

)
. However, the CADAoutcome does

not Pareto improve upon the DA outcome; student 1 is worse off in the CADA game than
in the DA game.

In our analysis of Profile 1, dropping the requirement of strategies being undominated
in targeting expanded the set of Nash equilibrium outcomes and if student 1 targets his
safety school or bottom-ranked school, CADA yields a Pareto improvement upon the DA
assignment. This, however, is no longer true for Profile 2. In fact, the equilibrium targeting
choices remain the same as in Proposition 6. The proof of Proposition 7 is relegated to
Appendix A.

Proposition 7. Let u be a utility profile consistent with R∗∗ and consider the CADA game (u,≿
, q,R × A,CADA). In each Nash equilibrium with truthful preference reporting, each student

targets his top school, yielding 1
2

(
1 2 3

c a b

)
+ 1

2

(
1 2 3

a c b

)
.

Finally, we turn to the SIC game. The SIC game too has a unique matching outcome but
unlike the DA and CADA games, it choose one deterministic assignment with probabil-
ity 1. Further, the latter assignment is Pareto efficient.

Proposition 8. Let u be a utility profile consistent with R∗∗. For the SIC game (u,≿, q,R, SIC),
each Nash equilibrium in undominated strategies has student 2 misrepresenting his preferences
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(i.e., reporting cba) and student 3 reporting his preferences truthfully and yields

(
1 2 3

a c b

)
as an

assignment.14

The proof of Proposition 8 is relegated to Appendix A.
Let us now compare equilibrium outcomes from the three revelation games. The DA

game produces 1
2

(
1 2 3

c a b

)
+ 1

4

(
1 2 3

b a c

)
+ 1

4

(
1 2 3

a c b

)
. Of the three deterministic as-

signments constituting the latter,
(
1 2 3

b a c

)
is inefficient and CADA restores efficiency by

selecting the other two. SIC produces an efficient assignment
(
1 2 3

a c b

)
for sure. Never-

theless, equilibrium outcomes from the three mechanisms cannot be ranked in the Pareto
sense.

4. Experimental Design

4.1. Experimental Design and Procedure.
Our experimental design is presented in Table 1, which involves 12 treatments in total.

The experimental game is adopted from the environment with three students and three
schools described in Section 3.

Environment
Mechanism

DA CADA SIC

Baseline DA-B CADA-B SIC-B

Robustness
Replica DA-R CADA-R SIC-R
Cardinal DA-C CADA-C SIC-C
New DA-N CADA-N SIC-N

Table 1. Experimental Treatments

We consider three mechanisms, DA, CADA, and SIC, in four environments. Our base-
line (B) environment implements Profile 1 using the utility values in the left panel of Table
2 below.15 The three additional environments are considered to validate our experimental
findings. The replica (R) environment also takes the same Profile 1 but involves six stu-
dents, with two copies of each preference type. The cardinal (C) environment takes Pro-
file 1 but with amended cardinal utility values, as in the middle panel of Table 2. The only

14In the equilibrium, student 1 may or may not report truthfully.
15One utility value is multiplied by HKD 40 (≈ USD 5) in the laboratory.
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difference from the baseline environment is that the utility value that student 1 receives
from her safe/priority school is increased to 3. This cardinal value adjustment is meant
to give CADA its best shot because CADA is meant to provide a channel (via targeting)
through which something other than ordinal preferences affects tie-breaking.16 The new

Baseline and Replica
u1(·) u2(·) u3(·)

a 1 0 0
b 4 2 4
c 0 3 1

Cardinal
u1(·) u2(·) u3(·)

a 3 0 0
b 4 2 4
c 0 3 1

New
u1(·) u2(·) u3(·)

a 1 2 0
b 2 1 4
c 3 3 2

Table 2. Utility Values

(N) environment implements Profile 2 using the utility values in the right panel of Table 2.
In this environment, theory predicts that CADA, without the multiple-equilibrium issue,
has a unique equilibrium outcome always yielding an efficient matching while SIC’s effi-
ciency improvement relative to DA comes from the equilibrium requirement that student
2 submits her preference ranking as c-b-a untruthfully. Thus, the new environment pro-
vides us with an experimental setting that is more favorable to CADA and less favorable
to SIC to materialize the efficiency gain (relative to DA) that theory promises. The replica,
cardinal, and new environments mainly serve the purpose of a robustness check for our
results from the baseline environment to a larger economy, cardinal preference amend-
ment, and ordinal preference change, respectively. In what follows, we take Treatment
CADA-B to illustrate the experimental procedure. All other treatments share a similar
general procedure. The full version of the experimental instructions for CADA-B can be
found in Appendix B. Two sample instructions for DA and SIC are also available in Online
Appendix.

Throughout the experiments, we used Students B, R, and G to refer to students 1, 2, and
3 and Schools BLUE, RED, and GREEN to refer to schools a, b, and c, respectively. The
names of the schools and students are chosen to help experimental subjects comprehend
the experimental environment including the school priority profile. When describing our
experimental environment, procedure, and results, we will use the notation consistent
with the experimental instructions.

General Environment andProcedure. Weconsidered three studentswho live on an island
for which a map is presented in Figure 1 below. The island consisted of three administra-
tive districts: the BLUE zone, RED zone, and GREEN zone. One student lived in each

16In particular, it is necessary for student 1 to target her safe school to achieve any efficiency improvement
in CADA relative to DA. Thus, we presume that increasing the cardinal utility value student 1 receives from
her safe school would help achieve efficiency improvement in CADA.
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zone. There were three schools on the island: one in the BLUE zone, one in the RED zone,
and one in the GREEN zone. Each school had only one seat. We called the student and
school in the BLUE / RED / GREEN zone Student B / R / G and School BLUE / RED /
GREEN, respectively. In each round, the three participants in each group were randomly
assigned to the role of Student B / R / G. The role assigned to each subject was revealed
at the beginning of each round.

B

R

G

R

G

B
BLUE 
ZONE

RED
ZONE

GREEN 
ZONE

Figure 1. Island Map

At the beginning of each round, each subject needed to submit 1) the list of his prefer-
ence rankings and 2) the target school to the central admission office. To make admission
decisions, the admission office used

a. the submitted preference rankings and target schools from all students in each
group and

b. each school’s priority information.
Each school gave a same-district priority to the student who lived in the same district. For
those who did not live in the same district, each school gave a target priority to any stu-
dent who targeted the school. The same-district priority was more important than and
preceded the target priority. The admission procedure was as follows:

(1) Each student’s application was sent to the school of his top choice.
(2) If a school received only one application, it tentatively kept the student.
(3) If a school received more than one application, then it determined which student

to retain based on the student’s priority. Among the students who applied to the
school, it chose the student with the highest priority (if there were several highest-
priority students, it randomly chose one of them).

(4) Whenever a student’s application was rejected at a school, his application was sent
to the next highest school on his submitted list.

(5) Whenever a school received new applications, these applications were considered
together with the retained application for that school. Among the retained and
new applications, each school chose one based on priority. Again, it chose the
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student with the highest priority or randomly chose one of the highest-priority
students if there were several such students.

(6) The allocation was finalized when no more applications could be rejected. Each
student was admitted by the school that held his application at the end of the pro-
cess.

The payoff of each student in HKD was 200 − 10 × the distance in kilometers between
the student and the school that admitted him,where the distancewas presented as follows:

16km

20km

4kmB

R

G

R

G

B

20km

8km

12km

B

R

G

R

G

B

16km

20km

B

R

G

R

G

B

4km

Student B Student R Stu-
dent G

We conducted four sessions for each treatment and thus had 48 sessions in total. Each
session had 12-18 participants. The random-matching protocol and a between-subjects de-
sign were used. Our experiment was conducted in English using the z-Tree (Fischbacher,
2007) and oTree (Chen et al., 2016a) at the Hong Kong University of Science and Tech-
nology (HKUST). A total of 639 subjects who had no prior experience in our experiment
were recruited from the graduate and undergraduate populations of the university.17

After all three subjects in each group submitted their preference rankings and target
schools, the submitted rankings and the target schools were revealed to everyone in the
group. At the end of each round, the computer provided each subject with the following
end-of-each-round feedback: 1) which school a subject was finally admitted to, 2) payoff,

17We conducted 4 sessions (72 subjects for 2 DA-B, 1 CADA-B, and 1 SIC-B sessions) via the face-to-face
laboratory mode with z-Tree in November 2019 and 20 sessions (255 subjects for 2 DA-B, 3 CADA-B, 3 SIC-
B, and all 12 sessions with the replica environment) via the real-time online mode with oTree in February
2021. 24 more sessions (312 subjects for the cardinal and new environments) were conducted via the real-
time online mode with oTree in October and November 2021. The real-time online mode was based on
Zoom, where the instructions were provided and all questions were handled by the experimenter via Zoom.
Turning on their videos during the entire course of the experimentwas strictly required for subjects (i.e., any
subject who did not agree to turn on their video could be dismissed at the beginning of the experiment, and
one such case occurred). The aggregate-level data from these two types of experiments share all qualitative
features, which made us feel comfortable merging the data. Comparing the data from these two forms of
experiments, albeit interesting, goes beyond the main research questions of the paper, and thus, we did not
pursue it. Online Appendix presents the data from the lab experiments only.
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3) the submitted preference rankings and target schools from all students in each group,
4) which school other students were admitted to, and 5) their payoffs. All treatments
shared the same end-of-each-round feedback.18

The computer randomly selected 1 round out of the 10 rounds to calculate the payment.
The total payment inHKDwas the payoff each subject earned in the selected round plus an
HKD 40 show-up fee. Subjects on average earnedHKD 140 (≈USD 18) by participating in
a session that lasted 65 minutes. The final earnings were paid in cash for all experiments
we conducted in the laboratory, and for all sessions we conducted using Zoom and oTree
(the real-time onlinemode), theywere paid electronically via theHKUSTAutopay System
to the bank account each participant provided to the Student Information System (SIS).

2/4/2021 Result page [Round 0]

https://school-choice-trial.herokuapp.com/p/u9i17zqn/school_choice_CADA/Results/7/ 1/1

Result page [Round 0]

Here are the reported preference rankings (You are Student B)

Student R Student G Student B (You)

First choice BLUE BLUE RED

Second choice RED GREEN BLUE

Third choice GREEN RED GREEN

Target School GREEN BLUE RED

Please click the PROCEED button to start the admission process

PROCEED

Figure 2. CADA-B: Submitted Preference Rankings and Target Schools

Feedback Procedure. The admission process was presented with full transparency such
that every subject was able to see which school tentatively kept or rejected his application.
The step-by-step feedback procedure we adopted is to ensure that experimental subjects
fully understand the school choice environment and how the mechanism works without
having a potential concern of the experimental demand effect, a typical concern attached to
excessively long experimental instructions with multiple quiz questions. Given the large
stake size of the school choice problem in reality, students and parents have strong incen-
tives to spend time to understand the underlying mechanism and carefully choose their
preferences. In contrast, the stake size is relatively small and the decision time is short in
the lab. Thus it is crucial to create an environment in the lab inwhich experimental subjects
have no doubt about how the mechanism works. For more details, consider the example
in Figure 2 above. The submitted rankings and target schools are (RED-BLUE-GREEN,

18More feedback about how the admission process occurredwas provided after all subjects in each group
submitted their preference rankings (and target schools); we will further elaborate on this feedback later.
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RED), (BLUE-RED-GREEN, GREEN), and (BLUE-GREEN-RED, BLUE) for students B,
R, and G, respectively.

When the admission process began, the students’ applications were sent to their top
choices. As a result, Students R and G applied to School BLUE, and Student B applied
to School RED, while no one applied to School GREEN. Given that neither Student R nor
G had the same-district priority at School BLUE while Student G targeted School BLUE,
Student G was tentatively admitted by School BLUE. Student B was, without any com-
petitor, tentatively admitted by School RED. This outcome is illustrated by the screenshot
in the top-left panel of Figure 3, where the school names highlighted in boldface or de-
highlighted by grey imply tentative acceptance and rejection, respectively.

2/4/2021 Result page [Round 0]

https://school-choice-trial.herokuapp.com/p/u9i17zqn/school_choice_CADA/Results/7/ 1/1

Result page [Round 0]

Proceed to step 2

Submitted Preference Rankings. (You are Student B)

Student R Student G Student B (You)

First choice BLUE RED

Second choice GREEN BLUE

Third choice

BLUE 

RED 

GREEN RED GREEN

Target School GREEN BLUE RED

Below is the result from STEP 1 :

Step 1 School RED School GREEN School BLUE

Student(s) Applied B, None R, G,

Student Tentatively Accepted B, None G,

(a) Step 1

2/4/2021 Result page [Round 0]

https://school-choice-trial.herokuapp.com/p/u9i17zqn/school_choice_CADA/Results/7/ 1/1

Result page [Round 0]

Proceed to step 3

Submitted Preference Rankings. (You are Student B)

Student R Student G Student B (You)

First choice BLUE

Second choice GREEN

Third choice

BLUE 

RED 

GREEN RED

RED 

BLUE 

GREEN

Target School GREEN BLUE RED

Below is the result from STEP 2 :

Step 2 School RED School GREEN School BLUE

Student(s) Applied R, B, None G,

Student Tentatively Accepted R, None G,

(b) Step 2
2/4/2021 Result page [Round 0]

https://school-choice-trial.herokuapp.com/p/u9i17zqn/school_choice_CADA/Results/7/ 1/1

Result page [Round 0]

Proceed to step 4

Submitted Preference Rankings. (You are Student B)

Student R Student G Student B (You)

First choice

Second choice

Third choice

BLUE 

RED 

GREEN

BLUE 

GREEN 

RED

RED 

BLUE 

GREEN

Target School GREEN BLUE RED

Below is the result from STEP 3 :

Step 3 School RED School GREEN School BLUE

Student(s) Applied R, None B, G,

Student Tentatively Accepted R, None B,

(c) Step 3

2/4/2021 Result page [Round 0]

https://school-choice-trial.herokuapp.com/p/u9i17zqn/school_choice_CADA/Results/7/ 1/1

Result page [Round 0]

Submitted Preference Rankings. (You are Student B)

Student R Student G Student B (You)

First choice

Second choice

Third choice

BLUE 

RED 

GREEN

BLUE 

GREEN 

RED

RED 

BLUE 

GREEN

Target School GREEN BLUE RED

Below is the result from STEP 4 :

All students are placed in one of the schools.

Step 4 School RED School GREEN School BLUE

Student(s) Applied R, G, B,

Student Tentatively Accepted R, G, B,

CONFIRM

(d) Final Step

Figure 3. CADA-B: Feedback about the Admission Process

Student R, who was rejected in the previous step, then applied to School RED, which
was his second choice, and competed with Student B. Due to the same-district priority
that Student R had with School RED, Student R was tentatively accepted, while Student B
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was rejected by School RED. This outcome is illustrated in the screenshot in the top-right
panel of Figure 3.

Student B, who was rejected in the previous step, then applied to School BLUE, which
was his second choice, and competedwith StudentG.Due to the same-district priority that
Student B hadwith School BLUE, Student Bwas tentatively accepted, while Student Gwas
rejected by School BLUE. This outcome is illustrated in the screenshot in the bottom-left
panel of Figure 3.

Student G, whowas rejected in the previous step, then applied to School GREEN,which
was his second choice. Given that he was the only applicant, Student G was tentatively
accepted by School GREEN. No more applications could be rejected, and thus, the alloca-
tion was finalized. This outcome is illustrated in the screenshot in the bottom-right panel
of Figure 3.

4.2. Experimental Hypotheses.
In this subsection, we present three sets of testable hypotheses driven by the theoret-

ical predictions in Section 3. The first set of hypotheses concerns manipulability of the
three mechanisms. They thus focus on comparing reporting strategies (including target-
ing). The second set of hypotheses further compares the three mechanisms in terms of as-
signment outcomes. Our last set of hypotheses discusses efficiency properties of the three
mechanisms.19 For each set of hypotheses, we first present a hypothesis that jointly applies
to the first three (baseline, replica, and cardinal) environments, given that they share the
same ordinal preferences profile. We then present a hypothesis that applies to the new
environment with theoretical predictions that are qualitatively different from those for
the first three environments. All statements that belong to each hypothesis applies to the
environment(s) specified at the top of the hypothesis.

The undominated-strategy Nash equilibria for Profile 1 characterized in Propositions 1,
2, and 4 predict that Students R andG always report their preferences truthfully regardless
of the underlyingmechanisms. In the case of Student B, truthful reporting is also predicted
in DA and CADA. However, Student B may not report truthfully in SIC. Regarding the
choice of target schools in CADA, the undominated-strategy Nash equilibria predict that
every student targets his top choice. Summarizing these results, our first hypothesis is as
follows:

Hypothesis 1 (Reporting and Targeting Strategies in the B, R, and C Environments).

(a) In every treatment, Students R and G truthfully report their preferences.

19In spite of the tight theoretical connections among the assignment outcome, efficiency properties, and
payoffs, it is still meaningful to scrutinize the experimental data in different aspects because observed be-
havior in the lab may deviate substantially from the theoretical predictions.
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(b) The rate of truthful reporting for Student B is significantly lower in Treatment SIC
than in Treatment DA and in Treatment CADA.

(c) In Treatment CADA, all students choose their top choice as their target school.

The undominated-strategy Nash equilibria for Profile 2 are provided by Propositions 5,
6, and 8. In this environment, Student G always reports her preference truthfully regard-
less of the underlying mechanisms. In the case of Students B and R, truthful reporting is
also predicted in DA and CADA. In SIC, however, it is predicted that Student R reports un-
truthfullywhile Student B may or may not report truthfully. Regarding the choice of target
schools in CADA, the undominated-strategy Nash equilibria predict that every student
targets his top choice. The following hypothesis summarizes them:

Hypothesis N1 (Reporting and Targeting Strategies in the N Environment).

(a) In every treatment, Student G truthfully report their preferences.
(b) The rate of truthful reporting for Student R is significantly lower in Treatment SIC

than in Treatment DA and in Treatment CADA.
(c) In Treatment CADA, all students choose their top choice as their target school.

For notational simplicity, let (a, a′, a′′) denote the assignment outcome
(
B R G

a a′ a′′

)
for

a, a′, a′′ ∈ {BLUE, RED, GREEN}. Observe that the predictions from the undominated-
strategy Nash equilibria for Profile 1 result in outcome equivalence of DA and CADA.
However, the assignment outcome predicted in SIC is distinct from DA and CADA in that
the outcome (BLUE, GREEN, RED) is predicted with certainty. We thus have our second
hypothesis as follows:

Hypothesis 2 (Matching Outcomes in the B, R, and C Environments).

(a) The proportion of (BLUE, GREEN, RED) in Treatment SIC is significantly larger
than that in Treatment DA and in Treatment CADA.

(b) The proportions of (BLUE, RED, GREEN) in Treatments DA and CADA are not
different from each other. Similarly, the proportions of (BLUE, GREEN, RED) in
the two treatments are not different from each other.

In the case of Profile 2, the undominated-strategy Nash equilibria predict that the three
mechanisms produce all distinct outcomes. The assignment outcome predicted in DA
leads to the inefficient matching (RED, BLUE, GREEN) 25% of the time, while none of
CADA and SIC leads to an inefficient matching. CADA is predicted to result in two effi-
cient matchings (BLUE, GREEN, RED) and (GREEN, BLUE, RED) with equal probabil-
ities while in SIC (BLUE, GREEN, RED) is predicted with certainty. We thus have the
following hypothesis:
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Hypothesis N2 (Matching Outcomes in the N Environment).

(a) The proportion of (RED, BLUE, GREEN) in Treatment DA is significantly larger
than that in Treatment CADA and in Treatment SIC.

(b) The proportions of (BLUE, GREEN, RED) in Treatment SIC is significantly larger
than that in Treatment DA and in Treatment CADA.

Our final set of hypothesis is about welfare properties of the three mechanisms. We
start from the three environments induced by Profile 1. On one hand, the distinct out-
come predicted by the undominated-strategy Nash equilibria in SIC implies that SIC ex-
hibits a welfare advantage over DA. On the other hand, the outcome equivalence of DA and
CADA implies that CADA achieves no such advantage over DA. These two observations
are highlighted in the following hypothesis.

Hypothesis 3 (Welfare in the B, R, and C Environments).

(a) There is no difference in the average earnings of each student between Treatments
DA and CADA.

(b) The average earnings of Student R and Student G are higher in Treatment SIC than
in Treatment DA.

In the new environment, the welfare ranking is not straightforward due to the fact that
there are two efficient stable matchings in this environment. Only DA leads to the inef-
ficient matching with a positive probability, but that inefficient matching is Pareto domi-
nated by one of the two efficient matchings. Both CADA and SIC increase the likelihood
of the efficient matching that does not Pareto dominate the inefficient matching but not
the likelihood of the other efficient matching relative to DA. As a result, the average earn-
ings of Students R and G are predicted to be higher in CADA and SIC than in DA, but the
ranking is reversed for Student B.

Hypothesis N3 (Welfare in the N Environment).

(a) The average earning of Student B is higher in Treatment DA than in each of Treat-
ments CADA and SIC.

(b) The average earnings of Students R and G are lower in Treatment DA than in each
of Treatments CADA and SIC.

It is worth mentioning that all hypotheses above are established based on the
undominated-strategy Nash equilibrium predictions. This fact has a crucial implication
for evaluating the performance of CADA, particularly in terms of manipulability and ef-
ficiency properties because there is a Nash equilibrium in weakly dominated strategies in
CADA that achieves a welfare advantage over DA.
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5. Experimental Results

We report our experimental findings in this section. We first report results from the
first three (B, R, and C) environments in Section 5.1 that share the same ordinal pref-
erences profile and next present results from the new (N) environment in Section 5.2.
Only very mild learning was observed among subjects, but when reporting the results we
use the last 5 rounds of data for statistical tests (unless stated otherwise) to focus on the
behavior after convergence.20 Tables 5, 6, 7, and 8 in Appendix C report the results (p-
values) from all non-parametric tests in this section.21 For robustness checks of the results
from the non-parametric tests, we also conduct regression analyses using the last 5 rounds
individual-level observations and the results are reported in Appendix D. Tables 9-12 re-
port regression results on matching outcomes, Tables 13-16 report regression results on
preference reporting, Tables 17-20 report regression results on targeting, and Table 21-24
report regression results on earnings.22 All results are qualitatively consistent with those
obtained by the non-parametric tests regardless of the regression models used.

5.1. Baseline, Replica, and Cardinal Environments.

5.1.1. Outcomes. Figure 4 compares the matching outcomes obtained in the three treat-
ments with the baseline environment (the top-left panel), the cardinal environment (the
top-right panel) and the replica environment (the bottom panel), aggregated over the last
5 rounds for each treatment. There are two stable matchings in this environment, (BLUE,
RED, GREEN) and (BLUE, GREEN, RED) and only the second matching is Pareto effi-
cient.

We begin with the baseline environment. Two observations are apparent. First, the
outcomes achieved in both Treatments DA-B and CADA-B are qualitatively consistent
with the prediction of the half-half mixture between (BLUE, RED, GREEN) and (BLUE,
GREEN, RED). As a result, the proportions of (BLUE, RED, GREEN) across Treatments
DA-B and CADA-B are only marginally different from each other (36% vs. 45%) and the
proportions of (BLUE, GREEN, RED) are not significantly different from each other (56%
vs. 51%). Second, the vast majority (90%) of the outcomes achieved in Treatment SIC-
B are (BLUE, GREEN, RED), significantly and substantially larger than the proportions
achieved in the other two treatments (90% vs. 56% or 51%).

20All nonparametric tests conducted in the paper are based on the session-level data aggregated over the
last 5 rounds. The qualitative features of the data do not depend on whether we use the first or last 5 rounds
of data or all 10 rounds of data. Online Appendix reports time trend data.

21When we describe the results in this section, “marginal”, “significant”, and “insignificant” refer to the
case in which the p-value from the non-parametric test is between 0.05 and 0.1, strictly below 0.05, and
strictly above 0.1, respectively.

22In each of Tables 9-20, we report results from six types of regressions: linear, logit, and probit regres-
sions, each with and without session-level clustering.
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Figure 4. Matching Outcome

The matching outcome obtained in the cardinal environment is essentially the same
as that in the baseline environment. The outcomes achieved in both Treatments DA-C
and CADA-C are qualitatively consistent with the prediction of the half-half mixture be-
tween (BLUE, RED,GREEN) and (BLUE, GREEN, RED). The proportions of (BLUE, RED,
GREEN) across Treatments DA-C and CADA-C are not significantly different from each
other (49% vs. 48%) and the same is true for the proportions of (BLUE, GREEN, RED)
(49% vs. 47%). The vast majority (84%) of the outcomes achieved in Treatment SIC-C are
(BLUE, GREEN, RED) and this proportion is significantly and substantially larger than
the proportions achieved in the other two treatments (84% vs. 49% or 47%).

Now we move on to the replica environment. The first “ELSE” column of the bot-
tom panel in Figure 4 reports the proportion of matching outcomes in which at least
one Student B is allocated to a school other than BLUE.23 The second and fourth columns
present the proportions of groups with two (BLUE, RED, GREEN) matchings and with
two (BLUE, GREEN, RED) matchings, respectively. Thus, they correspond to the sec-
ond and third columns of the other panels in Figure 4, respectively. The third column re-
ports the proportion of groups with one (BLUE, RED, GREEN) and one (BLUE, GREEN,

23In the experiments with the replica environment, there are six students in each group, and thus, the
matching outcome must be a sixtuple. When reporting the matching outcomes in the bottom panel of Fig-
ure 4, however, we divide a group of six students into two subgroups of (B,R,G) whenever there is an
objective way for us to do the division. By doing so, we can straightforwardly compare the matching out-
comes from different environments. The first column of the bottom panel in Figure 4 presents the cases in
which there is no objective way for us to report the outcome separately.
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RED)matching. Two results are worth highlighting. First, the proportion of the outcomes
with one (BLUE, RED, GREEN) and one (BLUE, GREEN, RED) is substantially higher in
CADA-R than in DA-R (37.5% vs. 17%), although the difference is only marginally signif-
icant (one-sided test), while those of two (BLUE, RED, GREEN) outcomes across CADA-
R and DA-R are not different from each other (37.5% vs. 45%). This result indicates that
CADAmay perform slightly better thanDA in obtaining an efficient stablematching in the
replica environment. Second, the proportion of two (BLUE, GREEN, RED) outcomes is
significantly and substantially higher in Treatment SIC-R than in the other two treatments
(85% vs. 13% or 15%). Confirming Hypotheses 2(a) and 2(b), we thus have the following
result.

Observation 1 (Matching Outcomes in the B, R, and C Environments). In the B and C en-
vironments, the proportions of (BLUE, RED, GREEN) across Treatments DA and CADA
are onlymarginally or insignificantly different, and those of (BLUE, GREEN, RED) are not
significantly different from each other. In the R environment, the proportion of (BLUE,
GREEN, RED) in Treatment CADA is higher than that in Treatment DA. In all three envi-
ronments, the vast majority of the matching outcomes in Treatment SIC are the efficient
matching (BLUE, GREEN, RED).

This result implies that the efficiency advantage of SIC relative to DA is materilzed in
the lab which is robust to the larger economy with six students and the cardinal pref-
erence change. The efficiency advantage of CADA predicted by the dominated-strategy
(targeting) Nash equilibrium was not realized in the lab regardless of whether the cardi-
nal preferences are modified to help subjects to coordinate on the particular Nash equi-
librium. CADA improved efficiency of DA incrementally in the larger economy although
the efficiency gain is not as prominent as that provided by SIC.

5.1.2. Strategies and manipulability. To understand the main source of the observed differ-
ences in the matching outcomes across treatments, we now analyze strategy-level data.

Table 3 shows the rate of truthful reporting for each student type in each treatment
of the baseline, cardinal, and replica environments. Again, we begin with the baseline
environment. A few observations emerge immediately. First, the rate of truthful reporting
does not substantially vary across treatments for Student R (89% vs. 84% vs. 94%) and
for Student G (89% vs. 97% vs. 96%). Moreover, they are reasonably close to 100%, even
though the difference from 100% is marginally significant for a few cases. Similarly, the
rate of truthful reporting for Student B does not vary across treatments (55% vs. 74% vs.
64%), either. However, it deviates significantly and substantially from 100% regardless of
the treatment.
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Environment Baseline Cardinal Replica

Student B
DA 55% 84% 84%

CADA 74% 79% 80%
SIC 64% 79% 60%

Student R
DA 89% 90% 91%

CADA 84% 92% 93%
SIC 94% 87% 94%

Student G
DA 89% 94% 91%

CADA 97% 94% 95%
SIC 96% 92% 99%

Table 3. Truthful Report-
ing (%)

Environment Baseline Cardinal Replica

Student B
Round 1-5 91% 92% 96%
Round 6-10 92% 94% 95%

All 91% 93% 96%

Student R
Round 1-5 91% 94% 96%
Round 6-10 93% 99% 95%

All 92% 97% 96%

Student G
Round 1-5 97% 96% 96%
Round 6-10 98% 98% 99%

All 97% 97% 97%

Table 4. Undominated Targeting (%)

The cardinal environment again leads to the behavior qualitatively consistent withwhat
we observed from the baseline environment with only one exception of the higher rates
of truthful reporting from Student B in all three treatments. The rate of truthful reporting
does not substantially vary across treatments for Student R (90% vs. 92% vs. 87%) and for
Student G (94% vs. 94% vs. 92%). They are reasonably close to 100%. The rate of truthful
reporting for Student B does not vary across treatments (84% vs. 79% vs. 79%), either.
It still deviates significantly and substantially from 100% regardless of the treatment, but
the difference is not as substantial as the baseline.

One noticeable difference of the replica environment from the other two environments
is that the rate of truthful reporting for Student B is significantly higher in DA-R than in
SIC-R (84% vs. 60%). A similar observation holds for CADA-R and SIC-R although the
difference is insignificant (80% vs. 60%). For Student R, the rate of truthful reporting
is lowest in DA-R and highest in SIC-R, but the differences are neither substantial nor
significant (91% vs. 93% vs. 94%). The same observation is true for Students G, with
more substantial and significant differences (91% vs. 95% vs. 99%).

These observations are qualitatively consistent with Hypothesis 1(a), but we have to
partially reject Hypothesis 1(b).

Observation 2 (Preference Reporting in the B, R, and C Environments). In all treatments
across all environments for all students types, truthful reporting is a modal behavior. In
the B and C environments, for a given student type, the truth-telling rates have no differ-
ence across treatments. The truth-telling rate for Student B is lower than 100% with mar-
ginal statistical significance in all treatments. In the R environment, the rates of truthful
reporting for Students R and G have no or marginal differences across treatments. How-
ever, the rates of truthful reporting for Student B are substantially lower in Treatment
SIC-R than in the other two treatments.



TIE-BREAKING IN THE LAB 29

We now move our attention to the targeting choices in Treatments CADA. Table 4
presents the rate of undominated targeting for each student type in Treatment CADA for
the three environments. Clearly, the undominated strategy provides a strong behavioral
guideline to people in the lab. The rates of undominated targetingwere observed to be 90%
even in the first 5 rounds and it became slightly higher in later rounds. This reveals that
learning did not help our experimental subjects to coordinate on the “dominated-strategy”
Nash equilibrium that produces a Pareto efficient matching. Neither the changes in util-
ity values induced by the cardinal environment nor the larger economy provided by the
replica environment helped. Thus, confirming our Hypothesis 1(c), our next result is as
follows.

Observation 3 (Targeting Behavior in the B, R, and C Environments). In all three environ-
ments, a vast majority of students in Treatment CADA target their top schools regardless
of the student types.

The results above reveal that the outcomes from Treatments CADA can be easily ra-
tionalized by simply combining truthful reporting and undominated targeting strategies.
This observation speaks to the multiplicity of equilibrium outcomes for the CADA game,
as noted in Proposition 3. Our data vividly demonstrate that thewinning prediction comes
from the combination of truthful reporting and undominated targeting, not from the com-
bination of truthful reporting and dominated targeting.

5.1.3. Efficiency and welfare. Where does the apparent efficiency gain SIC achieved over
DA come from? To address this question, we look at the transition matrices—the top-left
panel for the baseline environment, the top-right panel for the cardinal environment, and
the bottom panel for the replica environment—presented in Figure 5 and see how swaps
took place in the last 5 rounds of Treatments SIC.

Given the similarity between the transition matrices for the baseline and cardinal envi-
ronments, we describe the results for these two environments together. Before swapping,
the average matching outcome was approximately the 55-45 (baseline) or 40-60 (cardi-
nal) mixture between (BLUE, RED, GREEN) and (BLUE, GREEN, RED). However, the
vast majority of (BLUE, RED, GREEN) outcomes were transformed into (BLUE, GREEN,
RED) via implementation of stable improvement cycles. The social cost of misreporting
individual preferences in SIC is captured by the 7 and 9 cases (the mid-sized bubble at
the center of each of the two top panels of Figure 5) in which no stable improvement cycle
was found and 2 and 5 cases (the small bubbles at the bottom-left corner) in which the
pre-swap outcome is unstable. They are absolutely non-negligible but not substantial in
their magnitudes, either.
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Figure 5. Transition of Matching Outcomes in Treatments SIC

The result from the replica environment is not different. First, 90% (32 out of 36) of the
pre-swapping matching with two (BLUE, RED, GREEN) outcomes became two (BLUE,
GREEN, RED)matching outcomes, and the rest (10%) became one (BLUE, RED, GREEN)
and one (BLUE, GREEN, RED) after swapping. Second, 100% of the pre-swappingmatch-
ing with outcomes of one (BLUE, RED, GREEN) and one (BLUE, GREEN, RED) turned
into two (BLUE, GREEN, RED)matching outcomes after swapping. The social cost ofmis-
reporting individual preferences in SIC-R is captured by the 4 cases (the smallest bubble
in the bottom panel of Figure 10) in which only a partial improvement was implemented
and 8 cases (the bubble at the bottom-left corner in the bottompanel of Figure 10) inwhich
the pre-swap outcome was unstable.

The theoretical efficiency gain of SIC is translated into actual gains in welfare. As is
clear in Figure 6 and consistent with the theoretical prediction, there is no payoff gain
for Student B in Treatment SIC or CADA relative to Treatment DA in all environments.
However, the average earnings for Students R and G are significantly and substantially
higher in Treatment SIC than in TreatmentDA in any environment. In contrast, the average
earnings for Students R and G in Treatment CADA are not different at all from those in
Treatment DA. Confirming Hypotheses 3(a) and 3(b), we thus have our next result as
follows.
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Figure 6. Earnings

Observation 4 (Earnings in the B, R, and C Environments). There is no difference in the
earnings of Student B across treatments. However, for the earnings of Students R and G,
the following rankings are observed:

Earnings (SIC) > Earnings (DA) ≈ Earnings (CADA).

5.2. New Environment.
This section presents the data from the new (N) environment. As detailed in Subsec-

tion 3.2, the theory predicts that CADAhas a unique equilibrium outcome always yielding
an efficient matching while SIC’s efficiency improvement relative to DA comes from the
equilibrium requirement that student 2 untruthfully reports GREEN-RED-BLUE. By in-
vestigating the data from this environment, we aim at understanding the following: (i)
what prevents CADA from achieving its theoretical efficiency advantage, and (ii) what
enables SIC to successfully translate its theoretical efficiency advantage into empirical ad-
vantage, and eventually address a potential concern of external validity of our findings in
the previous subsection.
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Figure 7. Matching Outcomes: Theory (Left) and Data (Right)

5.2.1. Outcomes. Figure 7 presents the matching outcomes predicted by theory (left) and
those obtained by the data (right) from the three treatments aggregated across the last 5
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rounds of all sessions for the new environment. It demonstrates a substantial discrepancy,
especially for the SIC treatment. In this environment, there are three stable matchings.
Among them, both (BLUE, GREEN, RED) and (GREEN, BLUE, RED) are efficient while
(RED, BLUE, GREEN) is Pareto dominated by (GREEN, BLUE, RED). There is no Pareto
ranking between (BLUE, GREEN, RED) and (RED, BLUE, GREEN).

Three results are worth highlighting. First, consistent with theory, the proportion of
(RED, BLUE, GREEN) is substantially higher in DA than in CADA and in SIC (31% vs.
18%/8%) although the difference is significant only in the case of SIC. Second, consistent
with theory, the proportion of (BLUE, GREEN, RED) is substantially higher in CADA than
in DA (43% vs. 21%) with a marginal statistical significance, providing evidence for the
efficiency advantage of CADA relative to DA. The same observation holds for SIC (39%
vs. 21%) but the difference is insignificant. Inconsistent with theory, however, CADA
still results in 18% of the outcome with the inefficient matching outcome of (RED, BLUE,
GREEN). Third, inconsistent with theory, the proportion of (BLUE, GREEN, RED) is not
statistically different between Treatment SIC and Treatment CADA (39% vs. 43%). Unex-
pectedly, SIC leads to another efficient matching (GREEN, BLUE, RED) 46% of the time.
Partially confirming Hypotheses N2(a) but rejecting N2(b), we have the following result.

Observation 5 (MatchingOutcome in theNEnvironment). Theproportion of the inefficient
matching (RED, BLUE, GREEN) is lower in Treatments CADA and SIC than in Treatment
DA. The proportion of efficient matching (BLUE, GREEN, RED) is higher in Treatments
CADA and SIC than in Treatment DA. In Treatment SIC, the vast majority of outcomes
obtained is one of the two efficientmatchings, (BLUE, GREEN, RED) and (GREEN, BLUE,
RED).
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5.2.2. Strategies and manipulability. The matching outcomes discussed above reveal two
substantial discrepancies between the theoretical prediction and the experimental data.
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First, CADA still leaves room for further efficiency improvement despite the fact that the-
ory promises to achieve the full efficiency gain. Second, SIC leads to a 50-50 mixture be-
tween two efficientmatchings, instead of generating (BLUE, GREEN, RED)with certainty.
Where do these discrepancies come from? To answer the question, first let us look at the
rate of truthful reporting in Figure 8. Observe that the truth-telling rate in CADA is only
65% for Student B and 80% for Student R. Furthermore, as Figure 9 shows, the rate of un-
dominated targeting for Student B in CADA is only around 70%. As a result, we have to
rejectHypothesisN1(c). Combining these two observations, it is evident that a substantial
proportion of subjects in CADA failed to coordinate on the unique undominated-strategy
Nash equilibrium, which explains why CADA was not able to fully achieve the predicted
efficiency advantage relative to DA.

Regarding the outcomes obtained in SIC that deviated largely from the unique equilib-
rium prediction, recall that the Nash equilibrium in Proposition 8 requires that Student R
untruthfully reports GREEN-RED-BLUE. In contrast, Figure 8 shows that still 68% of Stu-
dent R truthfully reported. This value is not statistically different from the rates of truthful
reporting in the other two treatments and thus we reject Hypothesis N1(b). It turns out
that only 21% of the time, Student R submits the particular untruthful rankings required
by theory which explains the observed discrepancy. However, it is still puzzling how SIC
resulted in the other efficient matching equally frequently and we shall address this issue
in the next subsection.

Observation 6 (Truthful Reporting and Targeting Behavior in theN Environment). Truth-
ful preference reporting is a modal behavior although the rate of truthful reporting for
Students B and R are substantially below 100% in all treatments. In CADA, undominated
targeting is a modal behavior for all students, but a non-negligible proportion of Student
B made a dominated targeting.

This result highlights the fact that the additional layer of coordination (equilibrium tar-
geting) required byCADAmakes themechanismmore vulnerable to strategic uncertainty.
Multiplicity of equilibrium embedded in Profile 1 is a fundamental source of strategic un-
certainty as we have seen in the previous section, but the uniqueness of Nash equilibrium
outcome embedded in the current N environment (from Profile 2) does not completely
get rid of the issue.

5.2.3. Efficiency and welfare. Figure 10 presents the transition matrix for the matching out-
comes aggregated across the last 5 rounds of all sessions of Treatment SIC-N. There are
two occasions that implementing stable improvement cycles provides an efficiency gain.
First, there are 15 cases in which the (unstable) matching (BLUE, RED, GREEN) was ob-
tained before swapping but 67% of them were transformed into the efficient matching
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Figure 10. Transition of Matching Outcomes

(BLUE, GREEN, RED). And this is exactly what theory predicts to happen on the equilib-
rium path. Second, there are another 15 cases in which inefficient stable matching (RED,
BLUE, GREEN) was obtained before swapping but 60% of them were transformed into
the efficient matching (GREEN, BLUE, RED). The latter case of efficiency improvement
is not predicted by theory and it explains why SIC frequently produces (GREEN, BLUE,
RED). When non-negligible proportions of Students B and R deviated from the equilib-
rium play in SIC, the stable improvement cycles were still implemented nomatter whether
it was on or off the equilibrium path, resulting in efficient matchings for the majority of
the observations in SIC.

In spite of the fact that the behavior observed in Treatment SIC-N deviated substantially
from the theoretical predictions, implementation of stable improvement cycles on and off
the equilibrium path allows SIC to achieve the efficiency gain relative to DA. Figure 11
shows that this efficiency gain is translated into welfare gain for Students R and G, albeit
with a smallmagnitude. Consistentwith theory, the average earning of Student B is higher
in Treatment DA than in CADA and SIC although the difference is statistically significant
only for CADA. For both Student R and G, the average earnings in Treatments CADA
and SIC are higher than in Treatment DA. The difference are either insignificant or only
marginally significant, with one exception that Student G’s average earning in Treatment
SIC is significantly higher than that in Treatment DA. Given that the differences are not
statistically significant, we cannot confirm Hypotheses N3(a) and N3(b).

Observation 7 (Earnings in theNEnvironment). The average earning of Student B is higher
in Treatment DA than in SIC. The average earning of Student G is higher in Treatment SIC
than in Treatment DA.
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6. Literature Review

In this section, we discuss the relevant theoretical and experimental studies in the
matching literature.

Erdil and Ergin (2008) is a seminal paper that focuses on the efficiency loss due to ran-
dom tie-breaking when priorities are not strict. They show that if DA (combined with
some tie-breaking) selects an inefficient stable matching, then a cyclic trade of assign-
ments among a group of students can Pareto-improve DA matching without sacrificing
stability. They call such cycles that enable trades “stable improvement cycles.” Students
in a stable improvement cycle are chosen in a way that when a student “desires” another
student’s school (in the sense that he prefers that school to his own assignment), no other
student has a higher priority at that school and desires it. The stable-improvement-cycles
(SIC)mechanism by Erdil and Ergin (2008) first applies DA to a given school choice prob-
lem and corrects for inefficiency due to tie-breaking by implementing stable improvement
cycles.

Abdulkadiroğlu et al. (2015)’s study is also motivated mainly by the prevalence of
coarse priorities. They propose the choice-augmented DA (CADA) mechanism, which
allows one more message, namely, one’s target school, to break ties. When a school has
weak priorities, they reorder students within a priority class by favoring those who target
that school. CADA applies DA to a modified school choice problem where school pri-
orities are broken in this manner. Targeting can be viewed as a medium through which
to communicate cardinal preference intensities, and CADA outperforms DA in terms of
efficiency.

In a seminal paper, Kesten (2010) introduces the “Efficiency Adjusted Deferred Accep-
tance Mechanism” (EADAM), which was revisited via the notion of “underdemanded
schools” in “Simplified EADAM” (SEADAM) by Tang and Yu (2014). More recently,
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Dur et al. (2019) consider all “consent-proof mechanisms” (i.e. mechanisms where a con-
senting student is never hurt by her decision), and show that EADAM is the unique con-
strained efficient mechanism that is consent-proof.

The main focus of earlier experimental studies on the school choice problem has been
to compare three theoretically and practically influential school choice mechanisms—the
Boston, the DA, and the top-trading-cycles (TTC) mechanisms—from the perspectives of
efficiency and manipulability. Chen and Sönmez (2006) are the first to consider the three
mechanisms in the laboratory environment. They find that a significant degree of pref-
erence manipulation occurs among participants in the Boston mechanism, leading to an
efficiency loss. In their environment, DA outperforms both TTC and the Boston mecha-
nism.24 On the other hand, in the experiments by Pais and Pintér (2008), TTC emerges as
the most desirable among the above three mechanisms in terms of efficiency and truth-
telling rates (in particular, manipulation is more pervasive under the Boston mechanism
than under the other two mechanisms). Pais and Pintér (2008) also study the interplay
between students’ strategic behavior and the amount of information assumed on the part
of students. Students tend to report their preferencesmore truthfullywhen they have little
information on the game they are playing.

More recently, researchers have paid more attention to the stability of mechanisms.
Chen and Kesten (2017, 2019) theoretically and experimentally compared the Boston
mechanism, its Chinese parallel, and DA and show that moving from one extreme to the
other resulted in systematic changes in manipulability, stability, and efficiency properties.
In the laboratory, participants are more likely to report their preferences truthfully in DA
than in the Chinese parallel mechanism while they are least likely to do so in the Boston
mechanism. Furthermore, although DA is significantly more stable than the Chinese par-
allel mechanism (which is more stable than the Boston mechanism), efficiency compar-
isons vary across environments. Chen et al. (2016b) revisit the experimental environment
of Chen and Sönmez (2006) and show that TTC outperforms DA and the Boston mecha-
nism, whereas DA is more stable than the others. Providing more information on others’
payoffs to participants improves the efficiency performance of the Boston mechanism and
TTC but not that of DA. Calsamiglia et al. (2010) consider the case in which students are
only allowed to submit a list containing a limited number of schools, and show that intro-
ducing the constraint has large negative effects not only on the manipulability but also on
efficiency and stability of the mechanisms.

Chen et al. (2018) experimentally compare the large-market performance of DA and
the Boston mechanism. They show that as the market size grows from 4 to 40, participant

24However, Calsamiglia et al. (2011) show that the efficiency performances of DA and TTC in Chen and
Sönmez (2006) are comparable when the number of recombinations in the recombinant estimation tech-
nique is sufficiently increased.
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truth-telling increases under DA but decreases under the Boston mechanism. However,
the inefficiency of matching outcomes for both mechanisms worsens. In a very recent pa-
per, in a strict priorities environment, Cerrone et al. (2021) experimentally compare DA
with two variants of EADAM. Their main result is that efficiency and truthtelling rates are
substantially higher under EADAM than under DA, with more efficiency gains obtained
when priority waiver is enforced. Since the literature on experimental school choice is
vast, wewould like to refer the readers to Pan (Section 3.3, 2020) andHakimov andKübler
(Section 3, 2020) for comprehensive surveys of the recent experimental school choice lit-
erature.

Some studies indicate the possibility of non-strategy-proof mechanisms outperforming
strategy-proof mechanisms. They are relevant to our paper since we also consider non-
strategy-proof mechanisms. Klijn et al. (2019) and Bó and Hakimov (2020a) establish
theoretical and experimental findings in the context of dynamic implementation of DA
algorithms, favoring dynamic implementations to the static ones. In a similar vein, Bó
and Hakimov (2020b) study “pick-an-object” (PAO) mechanisms that can dynamically
implement DA and TTC. Their experimental results establish better performance of PAO
mechanisms and obviously strategy-proofmechanisms as compared to their direct (static)
counterparts.

To our knowledge, only two papers investigate experimental, empirical, or simulation
aspects of random tie-breaking accompanying DA. However, their focus differs from ours
and is to compare two common tie-breaking rules: one in which all schools break ties ac-
cording to a single lottery (single-tie-breaking) and the other in which each school uses a
separate independent lottery (multiple-tie-breaking). More specifically, Schmelzer (2016)
compares the two tie-breaking rules in a laboratory environment and show that a signifi-
cant fraction of individuals prefer multiple- to single-tie-breaking because of fairness con-
cerns. Ashlagi and Nikzad (2020) conduct a simulation exercise with the NYC school
choice data and show that in a market with a surplus of seats, single-tie-breaking is less
equitable but more efficient.

7. Conclusion

In a simple school choice environment, we theoretically and experimentally investigated
efficiency properties of three important mechanisms in the literature. To our knowledge,
our paper is the first to attempt an equilibrium analysis in the practically relevant case
of weak priorities and random tie-breaking. We provided several valuable insights into
whether and how one can achieve efficiency gains in practice by employing non-strategy-
proof mechanisms. First, our laboratory data vividly demonstrated that the efficiency loss
due to random tie-breakingwas substantial. Indeed, our results confirmed that “the extent
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of the inefficiencies that can arise in the student-optimal stable matching is a matter of real
practical importance” (Reny, 2021). On the one hand, SIC showed a significant welfare
advantage relative to DA, and preference reporting under SIC observed in the lab was
largely consistent with the predictions of our equilibrium analysis. On the other hand,
CADA attained no or marginal efficiency gain. In the other three environments involving
more students, amended cardinal utility values, or different ordinal preferences, the gap in
efficiency persisted (evenwidened in some case) and brought strategic issues surrounding
SIC and CADA to light.

If a contribution of experimental studies lies in providing data that “speak to theorists”
(Roth, 1995), then our paper delivers this contribution. We obtained clear (empirical) effi-
ciency rankings over DA, SIC, and CADA. Participants’ strategic behavior we documented
in the lab was in line with the implications we established theoretically. More importantly,
we provided experimental data from a simple environment that is easily understandable
to various parties in real-world school choice programs, including school board officials,
city councilors, state legislators, and parents. Our setup and results are useful to 1) ex-
plain the workings of different mechanisms, 2) demonstrate inefficiencies caused by weak
priorities and tie-breaking, and 3) convince policy-makers and stakeholders to reconsider
the existing assignment mechanisms based on DA. In this vein, our paper “whispers into
the ears of princes” (Roth, 1995).

An essential remaining task is to externally validate our findings more broadly. In this
paper, we chose a simple setup with three schools and three (or six) students to exploit its
analytical tractability. Our results do not indicate that efficiency gains of SIC (with respect
toDA)will be always greater than that of CADA in all environments; rather it theoretically
and experimentally establishes that different non-strategy-proofmechanisms that result in
full efficiency with respect to “reported preferences” may demonstrate different efficiency
performances with respect to “true preferences.” Therefore, the next step, we believe, is
not to carry our results directly to the field. Instead, additional experiments of a similar
kind should be conducted. They may shift the focus to other competing issues, e.g., when
and how students’ preference misrepresentation serves to affect actual workings of SIC
and CADA in a positive or negative manner. Experiments of a larger scale will render
findings more solid. Such further work will not only dispel concerns about external valid-
ity of our study but also reduce the social cost of implementing inefficient school choice
programs.
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Hakimov, Rustamdjan and Dorothea Kübler, “Experiments on centralized school choice
and college admissions: a survey,” Experimental Economics, 2020, pp. 1–55.

Kesten, Onur, “School choice with consent,” The Quarterly Journal of Economics, 2010, 125
(3), 1297–1348.
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Appendix A. Proofs of Theoretical Results

Proof of Proposition 3. Consider a strategy profile in which students’ preferences are
truthful. Targeting choices affect only how the relevant tie, 1 ∼b 3, is broken. With
true preferences reported, each case of tie-breaking yields the following assignments:(
1 2 3

a b c

)
if 1 ≻b 3; and

(
1 2 3

a c b

)
if 3 ≻b 1. This can be used to find each student’s

best response in targeting.
For each i ∈ N , let ti be student i’s targeting choice and BRi : A2 → A be i’s

best response in targeting. Note that student 2’s targeting does not affect how the tie
1 ∼b 3 is broken and that student 1 gets a for sure regardless of how 1 ∼b 3 is bro-
ken and of what school he targets. Thus, for each (t2, t3) ∈ A2, BR1(t2, t3) = {a, b, c}.
Also, for each (t1, t3) ∈ A2, BR2(t1, t3) = {a, b, c}. Finally, for each (t1, t2) ∈ A2,
BR3(t1, t2) = {b}. With these best responses, it is simple to see that (combined with true
preferences) {(t1, t2, b) : t1, t2 ∈ {a, b, c}} constitutes equilibria, yielding assignments given
in the proposition. □

Proof of Proposition 4. First, we show that in the SIC game (u,≿, q,R, SIC), abc, acb,
and cab are weakly dominated for student 1. To show that bac weakly dominates each
s1 ∈ {abc, acb}, note that if student 1 plays s1, then since he is top-ranking his safety
school a, he is never involved in a stable improvement cycle and he always obtains awith
probability 1. By contrast, if student 1 plays bac, then he always obtains a mixture of b
and a and sometimes obtains b (if his opponents play appropriately). Thus, bac weakly
dominates s1. Next, to show that bacweakly dominates cab, observe that bac always gives
student 1 a mixture of b and a. If student 1 plays cab, then he always obtains a mixture of a
and c, and sometimes c (if his opponents play appropriately). Thus, bacweakly dominates
cab.

A similar argument shows that for student 2, bac, bca, and abc are weakly dominated
(by cba); and that for student 3, cab, cba, and acb are weakly dominated (by bca).
Now we prove the proposition. Let s ≡ (s1, s2, s3) be an undominated Nash equilib-

rium. By the claim proved above, s1 ∈ {bac, bca, cba}, s2 ∈ {acb, cab, cba}, and s3 ∈
{abc, bac, bca}. When students’ choices are confined to these strategies, one can use an
oTree simulation to obtain SIC assignments (the SIC game is reduced to a 3 × 3 × 3

game now).25 It is then simple to show that Nash equilibria of the reduced game are
{(s′1, cba, bca) : s′1 ∈ {bac, bca, cba}} (as long as the utility profile u is consistent with R∗).

25See Online Appendix for details.
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Since s belongs to the latter set and since the strategy profiles in the set all produce the

same assignment
(
1 2 3

a c b

)
, the proposition follows. □

Proof of Proposition 6. Since targeting only affects how ties in priorities are broken in
DA, reporting true preferences is still part of a weakly dominant strategy in the CADA
game. Concerning targeting, let t ≡ (t1, t2, t3) be a targeting profile. Clearly, for stu-
dent 3, t3 = b is uniquely undominated. For students 1 and 2, undominatedness re-
quires t1 ∈ {b, c} and t2 ∈ {a, c}. It is simple to find CADA outcomes when stu-
dents report R∗∗ and one of these targeting choices. If t = (b, a, b), then CADA(R, t,≿

, q) = 1
2

(
1 2 3

c a b

)
+ 1

4

(
1 2 3

b a c

)
+ 1

4

(
1 2 3

a c b

)
; if t = (b, c, b), then CADA(R, t,≿, q) =

1
2

(
1 2 3

b a c

)
+ 1

2

(
1 2 3

a c b

)
; if t = (c, a, b), then CADA(R, t,≿, q) =

(
1 2 3

c a b

)
; and if

t = (c, c, b), then CADA(R, t,≿, q) = 1
2

(
1 2 3

c a b

)
+ 1

2

(
1 2 3

a c b

)
. Now it follows that a

unique Nash equilibrium in undominated strategies should have t = (c, c, b). □

Proof of Proposition 7. Consider a strategy profile in which students’ preferences are
truthful. Targeting choices affect only how the relevant ties, 1 ∼c 2 and 1 ∼b 3, are
broken. With true preferences reported, each case of tie-breaking yields the following

assignments: (∗)
(
1 2 3

c a b

)
if 1 ≻c 2;

(
1 2 3

b a c

)
if 2 ≻c 1 and 1 ≻b 3; and

(
1 2 3

a c b

)
if

2 ≻c 1 and 3 ≻b 1. This can be used to find each student’s best response in targeting.
For each i ∈ N , let ti be student i’s targeting choice and BRi : A2 → A be i’s best

response in targeting. First, for student 1, for each (t2, t3) ∈ A2, BR1(t2, t3) is given by the
following table (each cell contains the value of BR1(t2, t3)).26

t3

a b c

t2

a {c} {c} {c}
b {c} {c} {c}
c subset of {b, c} {c} subset of {b, c}

Next, student 2’s best response BR2(t1, t3) in targeting is given by the following table.

26The exact value of BR1(c, a) depends on student 1’s vNM utilities but however they are specified, the
targeting part of an equilibrium with truthful preference reporting remains the same as in Proposition 7. A
similar comment applies to the value of BR1(c, c).
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t3

a b c

t1

a {c} {c} {c}
b {a, b, c} {c} {a, b, c}
c {c} {c} {c}

Also, student 3’s best response BR3(t1, t2) in targeting is given by the following table.

t2

a b c

t1

a {b} {b} {b}
b {b} {b} {b}
c {a, b, c} {a, b, c} {b}

With these best responses, we now show that (combined with true preferences) only
(c, c, b) constitutes an equilibrium. Let (t1, t2, t3) be the targeting part of an equilibrium
with truthful preference reporting.

First, to show that t1 = c, suppose not. Since BR1 never contains a in its values, t1 ̸= c

implies t1 = b. By BR3, regardless of the value of t2, BR3(t1, t2) = {b}, i.e., t3 = b. By
BR2, BR2(t1, t3) = {c}, so that t2 = c. However, BR1(t2, t3) = {c}, which does not contain
t1 = b, a contradiction.

Next, to show that t2 = c, suppose not. Since t2 ̸= c, for each t3 ∈ A, BR1(t2, t3) = {c},
so that t1 = c. By BR2 then, BR2(t1, t3) = {c}, so that t2 = c, a contradiction.
Now given that t1 = t2 = c, BR3(t1, t2) = {b}, so that t2 = b. In sum, (t1, t2, t3) = (c, c, b).

Finally, it is simple to see that (c, c, b) is indeed the targeting part of an equilibrium with
truthful preference reporting. □

Proof of Proposition 8. First, by an argument similar to that in the proof of Proposition 4,
we can show the following: for student 1, cbaweakly dominates abc and acb; for student 2,
cab weakly dominates bac and bca; and for student 3, bca weakly dominates cab, cba, and
acb.

Let s ≡ (s1, s2, s3) be an undominated Nash equilibrium. Then s1 ∈ {bac, bca, cab, cba},
s2 ∈ {abc, acb, cab, cba}, and s3 ∈ {abc, bac, bca}. When students’ choices are confined to
these strategies, one can use an oTree simulation to obtain SIC assignments (the SIC game
is reduced to a 4 × 4 × 3 game now).27 It is then simple to show that Nash equilibria of
the reduced game are {(s′1, cba, bca) : s′1 ∈ {bac, bca, cab, cba}} (as long as the utility profile

27See Online Appendix for details.
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u is consistent with R∗∗). Since s belongs to the latter set and since the strategy profiles in

the set all produce the same assignment
(
1 2 3

a c b

)
, the proposition follows. □

Appendix B. Experimental Instructions: Treatment CADA-B

Welcome to this experiment. Please read these instructions carefully. This experiment studies
the interaction of decisions made by three individuals. In the following one and a half hours or so,
you will participate in 10 rounds of decision making. The payment you will receive from this ex-
periment will depend on the decisions youmake. The amount you earn will be paid electronically
via the HKUST Autopay System to the bank account you provide to the Student Information
System (SIS). The auto-payment will be arranged by the Finance Office of HKUST, which takes
about two weeks or more.

In each round, you will be randomly matched with two other participants to form a group of
three. Your group will be formed randomly and independently in each round. You will not be
told the identity of the participants you are matched with, nor will those participants be told your
identity even after the end of the experiment.
Overview. The experiment is about three students who are trying to enter a school. The three
participants in the same group represent students competing for school seats.

B

R

G

R

G

B
BLUE 
ZONE

RED
ZONE

GREEN 
ZONE

Figure 12. Island - BLUE / RED / GREEN Zones

The three students live in an island whose map is presented in Figure 12 above. The island
consists of three administrative districts – BLUE zone, RED zone, and GREEN zone. There is one
student who lives in each zone. There are three schools in the island, one in the BLUE zone, one
in the RED zone, and one in the GREEN zone. Each school has only one seat. For the rest of the
instruction, we shall call the student and the school in BLUE / RED / GREEN zone Student B / R
/ G and School BLUE / RED / GREEN.

In each round, the three participants in your group will be randomly assigned to the role of
Student B / R / G. You will be informed about your role at the beginning of each round.
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Your payoff depends on to which school you are admitted. In order to get an admission to any
school, you have to participate in the centralized allocation mechanism described below.

Admission Process via Central Admission Office

At the beginning of each round, you will be informed whether you are Student B / R / G. You
will then submit 1) the list of your preference rankings and 2) your target school to the central
admission office. To make admission decisions, the admission office will use

a. the submitted preference rankings and target schools from all students in your group, and
b. each school’s priority information.

Each school gives a same-district priority to the student who lives in the same district. For those
who do not live in the same district, each school gives a target priority to any student who targets
the school. The same-district priority is more important than and precedes the target priority.
For example, School BLUE gives Student B the same-district priority (first priority). School BLUE
gives Student R the target priority (second priority) if he is the only one among Students R and G
to target School BLUE. School BLUE treats Students R and G equally (as if they are without any
priority) if none or both of them target School BLUE. The admission procedure is as follows:

(1) Each student’s application is sent to the school of his/her top choice.
(2) If a school receives only one application, it tentatively keeps the student.
(3) If a school receives more than one application, then it determines which student to retain

based on the priority. Among the students who applied to the school, it chooses the stu-
dent with the highest priority. If there are several highest-priority students, it randomly
chooses one of them.

(4) Whenever an application is rejected at a school, his/her application is sent to the next
highest school on his/her submitted list.

(5) Whenever a school receives new applications, these applications are considered together
with the retained application for that school. Among the retained and new applications,
each school chooses one based on the priority.

(6) The allocation is finalized when no more applications can be rejected. Each student is
admitted by the school that holds his/her application at the end of the process.

Note that the only thing each student needs to do is to submit his/her preference rankings and
the target school. (If you do not submit your preference ranking within 2 minutes, a randomly
generated preference ranking will be automatically submitted.) All the steps described above take
place in the admission system automatically, without any further inputs from the students. The
entire admission process (i.e., who applies to andwho targetswhich school andwho are tentatively
accepted or rejected by each school) in each round will be presented to you via your computer
screen in a transparent way.

Payoffs

Your payoff depends on the distance (km) between your location and the school you are admit-
ted to. Your payoff will be higher if you are admitted by the school that is closer to your location.
Precisely,
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Your Payoff (in HKD) = 200 − 10 × [The distance (in km) between you
and the school that admits you]

where the distance is presented as follows:

16km

20km

4kmB

R

G

R

G

B

20km

8km

12km

B

R

G

R

G

B

16km

20km

B

R

G

R

G

B

4km

Student B Student R Student G
For example,

• Student B receives the payoff of (200− 160) = 40 if he is admitted by School BLUE.
• Student R receives the payoff of (200− 80) = 120 if she is admitted by School GREEN.
• Student G receives the payoff of (200− 40) = 160 if he is admitted by School RED.

Information Feedback

After you and two other subjects in your group submit their preference rankings and target
schools, the submitted rankings and the target schools will be revealed to everyone in your group.
The admission process will be presentedwith full transparency such that you can see which school
tentatively keeps or rejects your application. At the end of each round, the computer will provide
you with some feedback, including 1) which school you are finally admitted to, 2) your payoff, 3)
the submitted preference rankings and target schools from all students in your group, 4) which
school other students are admitted to, and 5) their payoffs.

Your Payment

The computer will randomly select 1 round out of the 10 rounds to calculate your payment. So
it is in your best interest to take each round equally seriously. Your total payment in HKD will be
the payoff you earned in the selected round plus a HKD 40 show-up fee.

Example and Practice

To ensure your understanding of the instructions, wewill provide youwith an example through
the computer screen. After the example, you will participate in a practice round. The practice
round is part of the instructions and is not relevant to your payment. Its objective is to get you
familiar with the computer interface and the flow of the decisions in each round. Once the practice
round is over, the computer will tell you “The official rounds begin now!”

Completion of the Experiment

After the 10th round, the experiment will be over. You will be instructed to fill in the receipt for
your payment. The amount you earn will be paid electronically via the HKUST Autopay System
to the bank account you provide to the Student Information System (SIS). The auto-payment will
be arranged by the Finance Office of HKUST.
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Appendix D. Regression Results

Table 9. Regression results on matching outcomes: Baseline Environment

Efficient Outcome
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA −0.0547 −0.0547 −0.2201 −0.2201 −0.1378 −0.1378
(0.0641) (0.0389) (0.2876) (0.1551) (0.1799) (0.0972)

SIC 0.3400∗∗∗ 0.3400∗∗∗ 1.9560∗∗∗ 1.9560∗∗∗ 1.1310∗∗∗ 1.1310∗∗∗
(0.0650) (0.0438) (0.4050) (0.4828) (0.2198) (0.2477)

Constant 0.5600∗∗∗ 0.5600∗∗∗ 0.2412 0.2412∗∗∗ 0.1510 0.1510∗∗∗
(0.0448) (0.0042) (0.2015) (0.0170) (0.1259) (0.0106)

Cluster: None Session None Session None Session
Observations 285 285 285 285 285 285
R2 0.1298 0.1298
Log Likelihood −163.7000 −163.7000 −163.7000 −163.7000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 10. Regression results on matching outcomes: Replica Environment

Efficient Outcome
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA 0.0250 0.0250 0.2113 0.2113 0.1139 0.1139
(0.0789) (0.0510) (0.6517) (0.4457) (0.3509) (0.2383)

SIC 0.7250∗∗∗ 0.7250∗∗∗ 3.6800∗∗∗ 3.6800∗∗∗ 2.1870∗∗∗ 2.1870∗∗∗
(0.0789) (0.0631) (0.6517) (0.5316) (0.3509) (0.2861)

Constant 0.1250∗∗ 0.1250∗∗∗ −1.9460∗∗∗ −1.9460∗∗∗ −1.1500∗∗∗ −1.1500∗∗∗
(0.0558) (0.0437) (0.4781) (0.3959) (0.2540) (0.2103)

Cluster: None Session None Session None Session
Observations 120 120 120 120 120 120
R2 0.4818 0.4818
Log Likelihood −48.8900 −48.8900 −48.8900 −48.8900

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 11. Regression results on matching outcomes: Cardinal Environment

Efficient Outcome
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA −0.0190 −0.0190 −0.0764 −0.0764 −0.0478 −0.0478
(0.0736) (0.0925) (0.3191) (0.3692) (0.1999) (0.2313)

SIC 0.3496∗∗∗ 0.3496∗∗∗ 1.6810∗∗∗ 1.6810∗∗∗ 1.0110∗∗∗ 1.0110∗∗∗
(0.0745) (0.0839) (0.3778) (0.3402) (0.2209) (0.2120)

Constant 0.4857∗∗∗ 0.4857∗∗∗ −0.0572 −0.0572 −0.0358 −0.0358
(0.0552) (0.0833) (0.2391) (0.3320) (0.1498) (0.2080)

Cluster: None Session None Session None Session
Observations 245 245 245 245 245 245
R2 0.1228 0.1228
Log Likelihood −148.7000 −148.7000 −148.7000 −148.7000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 12. Regression results on matching outcomes: New Environment

Efficient Outcome
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA 0.0944 0.0944 0.4551 0.4551 0.2741 0.2741
(0.0660) (0.0693) (0.3404) (0.3384) (0.2042) (0.2029)

SIC 0.1944∗∗∗ 0.1944∗∗∗ 1.0910∗∗∗ 1.0910∗∗∗ 0.6361∗∗∗ 0.6361∗∗∗
(0.0660) (0.0524) (0.3837) (0.2600) (0.2187) (0.1543)

Constant 0.6556∗∗∗ 0.6556∗∗∗ 0.6436∗∗∗ 0.6436∗∗∗ 0.4004∗∗∗ 0.4004∗∗∗
(0.0453) (0.0490) (0.2218) (0.2160) (0.1360) (0.1324)

Cluster: None Session None Session None Session
Observations 250 250 250 250 250 250
R2 0.0340 0.0340
Log Likelihood −136.8000 −136.8000 −136.8000 −136.8000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01



TIE-BREAKING IN THE LAB 53

Table 13. Regression results on preference reporting: Baseline Environment

Truthful Reporting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA 0.0153 0.0153 0.1664 0.1664 0.0856 0.0856
(0.0362) (0.0509) (0.3353) (0.5675) (0.1724) (0.2906)

SIC 0.0600 0.0600 0.8537∗∗ 0.8537 0.4183∗∗ 0.4183
(0.0367) (0.0370) (0.4099) (0.5494) (0.1966) (0.2636)

StudentB −0.3400∗∗∗ −0.3400∗∗∗ −1.8900∗∗∗ −1.8900∗∗∗ −1.1010∗∗∗ −1.1010∗∗∗
(0.0437) (0.0720) (0.3025) (0.4587) (0.1722) (0.2568)

CADA*StudentB 0.1716∗∗∗ 0.1716∗ 0.6626 0.6626 0.4224∗ 0.4224
(0.0626) (0.0946) (0.4551) (0.6139) (0.2543) (0.3373)

SIC*StudentB 0.0344 0.0344 −0.4597 −0.4597 −0.1736 −0.1736
(0.0635) (0.0918) (0.5069) (0.7504) (0.2698) (0.3920)

Constant 0.8900∗∗∗ 0.8900∗∗∗ 2.0910∗∗∗ 2.0910∗∗∗ 1.2260∗∗∗ 1.2260∗∗∗
(0.0252) (0.0299) (0.2260) (0.3048) (0.1177) (0.1587)

Cluster: None Session None Session None Session
Observations 855 855 855 855 855 855
R2 0.1296 0.1296
Log Likelihood −346.7000 −346.7000 −346.7000 −346.7000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 14. Regression results on preference reporting: Replica Environment

Truthful Reporting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA 0.0250 0.0250 0.3635 0.3635 0.1778 0.1778
(0.0352) (0.0334) (0.4301) (0.4747) (0.2096) (0.2324)

SIC 0.0500 0.0500∗ 0.9006∗ 0.9006∗ 0.4242∗ 0.4242∗
(0.0352) (0.0293) (0.5013) (0.4602) (0.2312) (0.2186)

StudentB −0.0750∗ −0.0750 −0.7048∗ −0.7048 −0.3721∗ −0.3721
(0.0431) (0.0516) (0.4125) (0.4963) (0.2188) (0.2595)

CADA*StudentB −0.0625 −0.0625 −0.6169 −0.6169 −0.3204 −0.3204
(0.0610) (0.1030) (0.5957) (0.8621) (0.3124) (0.4589)

SIC*StudentB −0.2875∗∗∗ −0.2875∗∗∗ −2.1350∗∗∗ −2.1350∗∗∗ −1.1550∗∗∗ −1.1550∗∗∗
(0.0610) (0.0852) (0.6287) (0.6492) (0.3190) (0.3408)

Constant 0.9125∗∗∗ 0.9125∗∗∗ 2.3450∗∗∗ 2.3450∗∗∗ 1.3560∗∗∗ 1.3560∗∗∗
(0.0249) (0.0270) (0.2798) (0.3371) (0.1405) (0.1693)

Cluster: None Session None Session None Session
Observations 720 720 720 720 720 720
R2 0.1093 0.1093
Log Likelihood −239.8000 −239.8000 −239.8000 −239.8000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 15. Regression results on preference reporting: Cardinal Environ-
ment

Truthful Reporting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA 0.0119 0.0119 0.1771 0.1771 0.0863 0.0863
(0.0364) (0.0389) (0.4335) (0.5390) (0.2115) (0.2657)

SIC −0.0273 −0.0273 −0.3284 −0.3284 −0.1660 −0.1660
(0.0368) (0.0412) (0.4010) (0.5488) (0.2017) (0.2722)

StudentB −0.0786∗ −0.0786 −0.7823∗ −0.7823 −0.4085∗ −0.4085
(0.0472) (0.0644) (0.4544) (0.6546) (0.2383) (0.3370)

CADA*StudentB −0.0659 −0.0659 −0.5385 −0.5385 −0.2900 −0.2900
(0.0630) (0.0851) (0.6021) (0.7507) (0.3156) (0.3948)

SIC*StudentB −0.0273 −0.0273 −0.0369 −0.0369 −0.0399 −0.0399
(0.0638) (0.0771) (0.5824) (0.7070) (0.3112) (0.3693)

Constant 0.9214∗∗∗ 0.9214∗∗∗ 2.4620∗∗∗ 2.4620∗∗∗ 1.4150∗∗∗ 1.4150∗∗∗
(0.0273) (0.0380) (0.3141) (0.5227) (0.1551) (0.2580)

Cluster: None Session None Session None Session
Observations 735 735 735 735 735 735
R2 0.0300 0.0300
Log Likelihood −260.8000 −260.8000 −260.8000 −260.8000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 16. Regression results on preference reporting: New Environment

Truthful Reporting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

CADA −0.0646 −0.0646 −0.7491∗∗ −0.7491∗ −0.3806∗∗ −0.3806∗
(0.0403) (0.0423) (0.3796) (0.3998) (0.1908) (0.2098)

SIC −0.1208∗∗∗ −0.1208∗∗∗ −1.1730∗∗∗ −1.1730∗∗∗ −0.6139∗∗∗ −0.6139∗∗∗
(0.0403) (0.0293) (0.3610) (0.2531) (0.1839) (0.1327)

StudentB −0.1778∗∗∗ −0.1778∗∗∗ −1.5110∗∗∗ −1.5110∗∗∗ −0.8090∗∗∗ −0.8090∗∗∗
(0.0479) (0.0647) (0.3866) (0.4353) (0.2037) (0.2411)

CADA*StudentB −0.0410 −0.0410 0.2397 0.2397 0.0738 0.0738
(0.0699) (0.1165) (0.5091) (0.7349) (0.2792) (0.4142)

SIC*StudentB 0.1403∗∗ 0.1403∗ 1.2810∗∗ 1.2810∗∗∗ 0.6773∗∗ 0.6773∗∗
(0.0699) (0.0748) (0.5120) (0.4955) (0.2808) (0.2764)

Constant 0.9333∗∗∗ 0.9333∗∗∗ 2.6390∗∗∗ 2.6390∗∗∗ 1.5010∗∗∗ 1.5010∗∗∗
(0.0277) (0.0113) (0.2988) (0.1813) (0.1438) (0.0872)

Cluster: None Session None Session None Session
Observations 750 750 750 750 750 750
R2 0.0511 0.0511
Log Likelihood −328.0000 −328.0000 −328.0000 −328.0000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 17. Regression results on targeting: Baseline Environment

Top School Targeting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

StudentR 0.0105 0.0105 0.1450 0.1450 0.0716 0.0716
(0.0343) (0.0321) (0.5392) (0.4599) (0.2661) (0.2253)

StudentG 0.0632∗ 0.0632∗ 1.4530∗ 1.4530∗ 0.6552∗ 0.6552∗
(0.0343) (0.0380) (0.8045) (0.7712) (0.3447) (0.3435)

Constant 0.9158∗∗∗ 0.9158∗∗∗ 2.3860∗∗∗ 2.3860∗∗∗ 1.3770∗∗∗ 1.3770∗∗∗
(0.0243) (0.0344) (0.3695) (0.4447) (0.1844) (0.2219)

Cluster: None Session None Session None Session
Observations 285 285 285 285 285 285
R2 0.0136 0.0136
Log Likelihood −62.1400 −62.1400 −62.1400 −62.1400

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 18. Regression results on targeting: Replica Environment

Top School Targeting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

StudentR 0.0000 0.0000 −0.0000 −0.0000 0.0000 0.0000
(0.0301) (0.0615) (0.7255) (1.2890) (0.3341) (0.5938)

StudentG 0.0375 0.0375 1.4250 1.4250 0.5965 0.5965
(0.0301) (0.0557) (1.1290) (1.6870) (0.4507) (0.7135)

Constant 0.9500∗∗∗ 0.9500∗∗∗ 2.9440∗∗∗ 2.9440∗∗∗ 1.6450∗∗∗ 1.6450∗∗∗
(0.0213) (0.0502) (0.5130) (1.0530) (0.2363) (0.4848)

Cluster: None Session None Session None Session
Observations 240 240 240 240 240 240
R2 0.0087 0.0087
Log Likelihood −37.1400 −37.1400 −37.1400 −37.1400

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 19. Regression results on targeting: Cardinal Environment

Top School Targeting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

StudentR 0.0444∗ 0.0444 1.6550 1.6550 0.6933 0.6933
(0.0253) (0.0368) (1.1060) (1.4200) (0.4351) (0.5938)

StudentG 0.0333 0.0333 0.9510 0.9510∗∗ 0.4167 0.4167
(0.0253) (0.0210) (0.8504) (0.4443) (0.3641) (0.7135)

Constant 0.9444∗∗∗ 0.9444∗∗∗ 2.8330∗∗∗ 2.8330∗∗∗ 1.5930∗∗∗ 1.5930∗∗∗
(0.0179) (0.0295) (0.4602) (0.5608) (0.2153) (0.4848)

Cluster: None Session None Session None Session
Observations 270 270 270 270 270 270
R2 0.0124 0.0124
Log Likelihood −34.4000 −34.4000 −34.4000 −34.4000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 20. Regression results on targeting: New Environment

Top School Targeting
Linear Linear Logit Logit Probit Probit
(1) (2) (3) (4) (5) (6)

StudentR 0.2125∗∗∗ 0.2125∗∗ 1.4970∗∗∗ 1.4970 0.8319∗∗∗ 0.8319
(0.0524) (0.1033) (0.4648) (0.9889) (0.2474) (0.5938)

StudentG 0.2625∗∗∗ 0.2625∗∗∗ 2.3980∗∗∗ 2.3980∗∗∗ 1.2560∗∗∗ 1.2560∗
(0.0524) (0.0829) (0.6371) (0.8995) (0.2987) (0.7135)

Constant 0.7000∗∗∗ 0.7000∗∗∗ 0.8473∗∗∗ 0.8473∗∗∗ 0.5244∗∗∗ 0.5244
(0.0371) (0.0648) (0.2440) (0.3074) (0.1474) (0.4848)

Cluster: None Session None Session None Session
Observations 240 240 240 240 240 240
R2 0.1065 0.1065
Log Likelihood −85.4000 −85.4000 −85.4000 −85.4000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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