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egistrars’ offices at most universities face the daunting task of allocating course seats to students. Because

demand exceeds supply for many courses, course allocation needs to be done equitably and efficiently.
Many schools use bidding systems in which student bids are used both to infer preferences over courses and
to determine student priorities for courses. However, this dual role of bids can result in course allocations not
being market outcomes, and in unnecessary efficiency loss, which can potentially be avoided with the use of
an appropriate market mechanism. We report the result of field and laboratory studies that compare a typical
course-bidding mechanism with the alternate Gale-Shapley Pareto-dominant market mechanism. Results from
the field study (conducted at the Ross School of Business, University of Michigan) suggest that using the latter
could vastly improve efficiency of course allocation systems while facilitating market outcomes. Laboratory
experiments with greater design control confirm the superior efficiency of the Gale-Shapley mechanism. The
paper tests theory that has important practical implications because it has the potential to affect the learning
experience of very large numbers of students enrolled in educational institutions.
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1. Introduction

Allocation of course seats to students is a challenging
task for registrars’ offices in universities. Because the
learning experience of students is a direct function of
the courses they take, and demand for many courses
often exceeds supply, it is important that courses
are allocated equitably and efficiently across stu-
dents. Although some schools use preference-ranking
mechanisms (revealed ordinal preferences) to allo-
cate courses (e.g., Stanford Business School, Harvard
Business School), many others use bidding mech-
anisms (or revealed cardinal preferences) for the
same purpose (e.g., Columbia Business School, Yale
School of Management). Several schools have recently
moved from preference-ranking mechanisms to bid-
ding mechanisms (e.g., Ross School of Business at
the University of Michigan, henceforth referred to as
UMBS), considering the latter superior in terms of
efficiency. However, under the bidding mechanisms,
bids are not only used to infer student preferences,
but also to determine student priorities (if you bid
higher, you have a higher likelihood of getting the
course) for courses. This dual role of bids results

262

in the schools’ course allocations not being market
outcomes—that is, the announced “prices” for courses
and the announced “course allocation” do not actu-
ally clear the market. In other words, students can
be better off with alternate course allocations versus
their allotted course allocation, and they can afford
to “buy” these schedules at the announced course
prices. Thus, the current bidding mechanism results
in unnecessary efficiency loss (Sénmez and Unver
2005). Although theory predicts this efficiency loss,
its existence and magnitude have not yet been tested.
As such, we do not know if policy makers should
expend the effort to move away from the current bid-
ding mechanisms.

We report the results of field and laboratory stud-
ies that compare a typical course-bidding mechanism
with the alternate Gale-Shapley Pareto-dominant market
mechanism (GS mechanism). The studies are designed
to test whether typical bidding systems (in particu-
lar the UMBS mechanism) result in efficiency loss in
real-life applications, and if so, how much efficiency
improvement can be obtained through a transition
to a market mechanism such as the GS mechanism.
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The field study was carried out at UMBS immedi-
ately after the bidding period for the spring 2004
semester. It shows that the current systems in place
can be vastly improved in terms of efficiency, mak-
ing a large proportion of students (approximately 20%
in our study) better off. The laboratory experiments
confirm the results of the field study. The labora-
tory experiments allow for greater control of variables
such as students’” preferences over the courses, and
students” beliefs about other students’ course prefer-
ences. In the laboratory experiment, we also provide
students with monetary incentives consistent with
their induced preferences so that we can examine stu-
dents’ strategic behavior more directly.

The key to increasing course allocation efficiency
is separating the two roles of the bids by simply ask-
ing students to submit their preference ranking of the
courses in addition to bids for the courses. We are in
the fortunate situation in which the change is simple
to implement—yet our results have the potential to
affect the learning experience of very large numbers
of students enrolling in business schools and other
institutions that use similar bidding mechanisms for
course allocation.

Although experiments in the experimental econom-
ics tradition to test normative theory have recently
become more popular (see, e.g., Ho and Weigelt 1996,
2005; Rapaport et al. 1995; Zwick and Chen 1999;
Srivastava et al. 2000; Amaldoss et al. 2000; Haruvy
et al. 2001; Amaldoss and Jain 2002), field studies to
test theory are still rare—this is not surprising because
field studies that can test theory are seldom possi-
ble to conduct. The paper falls within the domain
of mechanism design, i.e., designing a mechanism
so that the outcome of the mechanism is consistent
with properties a manager wants the mechanisms to
have, e.g., efficiency, fairness, or profit maximization,
etc., which is also new to management science (for
some exceptions, see Katok and Roth 2004, Wang and
Krishna 2006, and Krishna and Wang 2007). Thus, the
paper contributes by adding to the very sparse liter-
ature on field studies, to the literature on mechanism
design, and by testing theory that can have important
ramifications in practice.

The rest of the paper is organized as follows. We
first elaborate on prior literature related to this paper.
We then describe currently used course-bidding
mechanisms. This is followed by a detailed descrip-
tion of course bidding at UMBS, where we did our
field study. We next describe the alternative GS mech-
anism that we test, and then describe the results from
the field study. After that, we discuss the laboratory
experiments we conducted to confirm the results of
the field study under conditions of greater control. We
end with implications and limitations of the research.

2. Literature Background and
Related Research on Matching
Market Design

This research falls into the area of market design,
more specifically, mechanism design for real-life
matching problems. A matching problem entails
resource allocation across agents, where agents have
preferences over scarce resources; in two-sided match-
ing problems, resources also have preferences over
agents. One of the most commonly used and pop-
ularly known matching models is due to Gale and
Shapley (1962), known as the marriage model or
two-sided matching model. The two-sided matching
problem consists of two sets of players—firms and
workers—that need to be matched with each other
using preferences of firms over workers and of work-
ers over firms. The central solution concept in this
domain is stability, i.e., finding matchings of firms
with workers, and the same workers with the same
firms, so that no firm-worker pair would rather be
matched with each other versus their allotted partners
(and no firm or worker would rather stay unmatched
than be with their allotted partner). Gale and Shapley
also proposed two stable matching mechanisms in
their seminal paper. Many real-life markets have
adopted mechanisms based on Gale-Shapley mecha-
nisms: Roth and Peranson’s (1999) redesign for the
American hospital-intern matching mechanism is a
variant of the Gale-Shapley (1962) intern-optimal sta-
ble mechanism. This mechanism was adopted by the
National Resident Matching Program, a centralized
clearinghouse for the entry-level labor market for new
physicians in the United States.

Our problem, allocation of course seats to students,
substantially differs from a two-sided matching prob-
lem. Our problem is a variant of the house allocation
problem, in which indivisible objects (houses) need to
be assigned to agents, each of whom has preferences
over these objects—agents are the only players in this
model, objects are not players. Random serial dicta-
torship is one of the most used mechanisms for this
problem, in which agents are randomly ordered in a
linear order and agents choose their favorite object
among the available ones, one at a time, according
to this order. In many North American college cam-
puses, variants of this mechanism are used to allo-
cate dormitory rooms to students (Abdulkadiroglu
and Sénmez 1999, and a subsequent experimental
test by Chen and Sénmez 2002). Course allocations
in Stanford Graduate School of Business School and
Harvard Business School are done using systems that
are variants of this approach.

Starting with Balinski and Sénmez (1999), many
studies have shown similarities between plausible
mechanisms for the house allocation problem and
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plausible mechanisms for the two-sided matching
problem. If there is additional structure to the house
allocation problem, such as priorities of agents over
the houses, then mechanisms that are created for two-
sided matching can be used for these problems as
well. The underlying idea is to convert the object allo-
cation problem into an induced two-sided matching
problem by treating the priorities of the agents as “the
preferences of the objects over agents.” Balinski and
Sénmez showed that the Turkish college admissions
mechanism used for placing high school students in
colleges in Turkey (based on exam scores determined
by a centralized college admissions test) is equivalent
to the Gale-Shapley college-optimal stable mechanism
for the induced two-sided matching problem. Sim-
ilarly, Abdulkadiroglu and Sénmez (2003) proposed
the Gale-Shapley student-optimal stable mechanism
for student admissions to K-12 schools in U.S. pub-
lic schools, where students have priorities for schools
in their neighborhoods, constituted by the U.S. con-
stitution (based on where they live, sibling policy,
etc.). These priorities can be used to induce prefer-
ences of schools over students to create an induced
two-sided matching market; then the Gale-Shapley
student-optimal stable mechanism can be used in this
induced two-sided matching market to find a stable
matching.

When bidding is used as a tool in the course alloca-
tion problem with the intent of reaching market out-
comes (as done in many business schools), we can
induce a two-sided matching market using student
bids for each course as induced preferences of the
courses, i.e., the courses are assumed to prefer stu-
dents who bid a higher amount for them (S6nmez
and Unver 2005). Sonmez and Unver proposed the
Gale-Shapley student-optimal stable mechanism as an
alternative to the current bidding mechanisms used in
many business schools. They showed that this mech-
anism is not only a market mechanism, but also the
Pareto-dominant one among all market mechanisms.
In this paper, we test this extension of the Gale-
Shapley student-optimal stable mechanism (that will
be referred to as the Gale-Shapley Pareto-dominant
market mechanism, or GS mechanism hereafter, and
will be explained in §5) in a controlled field study.'

The prior papers mentioned earlier are theoretical
papers. Separate papers have then tested the predic-
tions of the theoretical designs by emulating markets
before and after the design, and have then shown to
be useful in practice. In several cases, the mechanisms
have subsequently been adopted in the real world.

! Marketing papers that have examined bidding behavior include
Dholakia and Simonson (2005) and Fay (2004); those more focused
on mechanism design include Shugan (2005) and Wang and
Krishna (2006).

As described earlier, Abdulkadiroglu and Sénmez
(2003) propose a matching mechanism for the U.S.
public school students that they showed was more
efficient than the mechanism in place in Boston. Their
theory was tested by Chen and Sénmez (2006). The
mechanism was then adopted by New York City high
schools in 2004 and by Boston public schools in 2005.

We hope that our study, which tests the Sénmez
and Unver (2005) theory in the field, will also influ-
ence policy makers to consider a new market design.
Moreover, our experiment is the first (controlled) field
study in the matching literature.

Next, we discuss currently used bidding mecha-
nisms.

3. Currently Used Course Bidding

Mechanisms

Most business schools have historically used either
bid-based or preference-based mechanisms for allo-
cating courses. For example, Ross School of Busi-
ness at the University of Michigan (UMBS), Kellogg
Graduate School of Management at Northwestern,
Johnson Graduate School of Management at Cornell,
Columbia Business School, Haas School of Busi-
ness at UC Berkeley, Yale School of Management,
and INSEAD rely on versions of a bidding mech-
anism that we refer to as the UMBS mechanism.
Some law schools also rely on bidding systems for
course allocation, e.g., the School of Law at the Uni-
versity of Colorado at Boulder. Harvard Business
School and Stanford Graduate School of Business rely
on preference-based course allocations mechanisms.
Recently, there appears to be a shift from preference-
based to bid-based mechanisms, UMBS being an
example. In this paper, we focus on bid-based mech-
anisms. However, some details of the preference-
based allocation systems are provided in Appendix A.
Appendix A also describes some variants of the bid-
based course allocation mechanisms.

Under the UMBS bid-based mechanism, each stu-
dent is given a bid endowment B > 0 at the beginning
of each semester. To keep the notation at a minimum,
we assume that the bid endowment is the same for
each student. This is the case at UMBS, where we
conducted our field study. Each student is asked to
allocate her bid endowment among the courses, and
once all bids are submitted, course seats are assigned
to students as follows:

1. All bids for all courses and all students are
ordered in a single list from highest to smallest. A tie-
breaking lottery is used to determine the relative
ordering of two bids of the same size. Thus, if each
student i places k; bids of exactly x points, the tie-
breaking lottery determines the order of these ) ;k;
bids. For instance, a tie-breaking lottery may add
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a random number from the uniform distribution (0, 1)
for each student course, which is then added to the
student bid to obtain a modified bid. Thus, if two stu-
dents each submit two bids of 50 points each, their
modified bids will lie between 50 and 51.

2. Each bid is considered, one at a time, following
the order in the list. When it is the turn of bid b,
of student i for course ¢ to be considered, the bid is
successful if (a) course c still has unfilled seats, (b) stu-
dent i still has unfilled slots in her schedule, and
(c) course c does not conflict with any of the courses
that are assigned to student 7 so far. If the bid is suc-
cessful, then student i is assigned a seat at course c
(i.e., the bid is honored), and the process proceeds
with the next bid in the list. Otherwise, student i is
declined a seat at course ¢, and the process continues
with the next bid in the list.

3. When all bids are handled, a schedule is obtained
for each student and a course allocation is hence
obtained.

Example 2, given later, and instructions to subjects
in the laboratory experiment described in Appendix C
provide examples of how the UMBS mechanism is
used.

The market-clearing bid or price for each course is the
lowest successful bid if all course seats are allocated,
and zero otherwise.

Bids have two roles under the UMBS mechanism:

1. Bids are used to infer student preferences over
the courses. Consider the following statement from
the guidelines for “Allocation of Places in Oversub-
scribed Courses and Sections” at the School of Law,
University of Colorado at Boulder:

Each student has 100 bidding points for each semester.
You can put all your points in one course, section
or seminar, or you can allocate points among sev-
eral. By this means, you express the strength of your
preferences.

2. Bids are also used to determine who has a bigger
claim on each course seat, and therefore choice of a
bid-vector is an important strategic tool.

The following statement from the bidding instruc-
tions of both Columbia Business School and Haas
School of Business at UC Berkeley shows that these
two roles may easily conflict.

If you do not think a course will fill up, you may bid
a token point or two, saving the rest for courses you
think will be harder to get into.

Thus, the schools themselves suggest to students
that they game the system and that student’s bids
need not be aligned with their preferences. Therefore,
what happens when bids are used for both purposes
(to infer preferences and to determine seat claims) is
that students may bid a high number of points on

more popular courses, and bid few points on less pop-
ular courses, even if they prefer the latter courses.
However, it is easy to see that this conflict may result
in efficiency loss because a student may be denied a
seat in one or more of her preferred courses, despite
“clearing the market” (i.e., although her bid is high
enough), simply because she clears the market in too
many other less-preferred courses for which she has
submitted higher bids.

Sonmez and Unver (2005) show that efficiency may
be lost even if the students are expected utility maxi-
mizers, and therefore there is no reason to expect that
such efficiency loss is a rare event, or a mistake. The
example below demonstrates this point. Sonmez and
Unver (2005) also describe how the abovementioned
efficiency loss can be avoided. The key is separating
the two roles of the bids by simply asking students
to submit their preference ranking of the courses in
addition to bidding for the courses. In this way, the
registrar’s office no longer needs to guess what stu-
dent preferences are. Once the bids and preference
ranks are obtained, the GS mechanism may be used
for improved efficiency, which we describe in §5.

ExampLE 1. Consider a student who will register
for up to three courses, and suppose there are four
courses ¢y, C,, ¢, ¢4 that she likes. Her utility for each
individual course is given as follows:

Courses G o) 3 Cy
Utility u(c) 60 50 50 50

and her utility for a schedule s, consisting of no more
than three courses, is additively separable. That is, the
utility of the student from s is the total of the utilities
she gets from each course in s, > ., u(c).

Suppose that the student has a total of B = 601
points to bid over all courses and the minimum
acceptable bid is one. Based on previous years’ bid
data, the student has formed beliefs about the market-
clearing bids of the relevant courses for her:

¢ The market-clearing bid for course c; will be zero
with probability one.

* The market-clearing bids for the courses c,, c;,
and c, have independent identical cumulative distri-
bution functions, and for any of these courses c, the
cdf E is strictly concave with E,(200) = 0.6, F.(300) =
0.75, and F,(601) =1 (see Figure 1). That is, for each
of the courses c,, c;, and ¢,, the student believes that
the market-clearing bid will be no more than 200
with 60% probability and no more than 300 with
75% probability.?

2We could have allowed some correlation among course-clearing
prices in this example; we chose not to do so for the sake of clarity.
Also note that having independent price distributions across courses
is not an unrealistic assumption if the number of the students and
courses are large, and therefore the effect of one course’s market-
clearing bid on the others’ is small.
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Figure 1 A Student’s Beliefs on the Market-Clearing Prices for Courses
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Assuming that she is an expected utility maximizer,
we next find the optimal bid-vector for the student:
By first-order necessary conditions and symmetry, the
student will bid

* one point for course ¢,

¢ the same value for each course ¢ € {c,, ¢;, ¢,} for
which she devotes a positive bid, and

* no points on any other course.

Therefore, the optimal bid-vector is in the form:
b, =1, b, =600/k for any k of courses c,, ¢;, and c;.
We find the optimal value of k as follows:

¢ By bidding 600 points for k =1 course among
¢, ¢3, and ¢y, her expected utility is EU; < 110.3

¢ By bidding 300 points for k =2 courses among
¢, ¢, and ¢,, her expected utility is EU, = 135.*

¢ By bidding 200 points for all k =3 courses c,,
¢, and ¢,, her expected utility is EU; = 137.04.°

3 Suppose that the student bids 600 points on ¢,. The student can
be placed in ¢, with probability F, (600). Because she clears ¢; with
probability one, she is always placed in c;, and her expected utility
is EU; = E, (600) X_cc(c,, o,y #(c) + (1 — E,, (600))u(c;) < 110.

*Suppose that the student bids 300 points on each of ¢, and c;. She
clears both courses with probability F, (300)? (because F,(300) =
F,(300)), and she clears only one of them with probability 2(1 —
F,,(300))E,, (300). Because she clears course ¢; with probability 1,
she is always placed in it, and her expected utility is EU, =
E,(800)* X ociey, ey, cp #(€) + 2, (300)(1 — E,(300)) Xeciey, ey #(€) +
(1-E,(300))*u(c,) = 135.

®In this case, she is placed in ¢,, ¢;, and ¢, (but not in ¢,, because
her quota is three courses) with probability I, (200)%, because
F,(200) = E, (200) = E,, (200). She is placed in two of these courses
(and also in ¢;, because she always clears it) with probability
2(1 — E,(200))E, (200)?, and she is placed in only one of these
courses (and also in ¢;) with probability 2(1 — E, (200))21-"C2 (200).
She is only placed in ¢, if she cannot clear any of ¢, c;, and
¢y, which happens with probability (1 — E, (200))°. The expected

Therefore, the optimal bids of the student are one
point for ¢; and 200 points for each of ¢,, c;, and c,,
and zero points for the other courses.

When her beliefs are correct, with probability one
the market-clearing bid of course c¢; will be zero
(meaning that course c; is undersubscribed) and with
probability 0.6 = 0.216 the market-clearing bids of
courses ¢,, ¢;, and ¢, will be less than or equal to 200.
In this case, under the UMBS mechanism, because her
highest bid is 200 for each of the courses c,, c;, and c,,
the student will be placed in these three courses; and
because her quota is only three courses, she will not
be enrolled in her favorite course ¢;, although her bid
of one point is higher than the market-clearing bid of
zero points for ¢;. This is a clear source of inefficiency
under a market approach: She would be better off by
enrolling in ¢; instead of one of the other courses and
she has the right to do so because her bid clears the
market for c;. Moreover, there would be an extra seat
in one of the courses c,, c;, or ¢, with the potential
of making at least one other student better off (more
students can be better off through ripple effects).

Therefore, the outcome of the UMBS course-
bidding mechanism cannot be supported as a market
outcome,® and this weakness is a direct source of effi-
ciency loss. To summarize:

1. How much a student bids for a course under the
UMBS course-bidding mechanism is not necessarily a
good indication of how much a student wants that
course;

2. as an implication, the outcome of the UMBS
course-bidding mechanism cannot always be sup-
ported as a market outcome; and

3. the UMBS course-bidding mechanism may result
in unnecessary efficiency loss due to not seeking
direct information on student preferences.

We next describe in detail the bidding environment
at the Ross School of Business at the University of
Michigan, where we conducted our field study, and
give details of the field study.

4. Course Bidding at UMBS:

Field Study

The field study addresses whether the potential effi-
ciency loss under the UMBS mechanism occurs in
practice, and how prevalent it is. At UMBS, prior
to and during the bidding period, students review
course descriptions and time schedules on the UMBS
intranet. Professors may also make available syllabi
or additional information on the course. Once the
bidding period begins, students can visit a Webpage

utility of the student is EU; = . (200)° Y., ¢, o) #(C) + 3F,, (200)* -
(1 - Fcz (200)) Zrelcl ,¢,03) M(C) +3F:2 (200)(1 - Fcz (200))2 Zce(q sl M(C) +
(1—F, (200))u(c;) = 137.04.

®We define a market outcome formally in §5.
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within the UMBS intranet that lists all courses avail-
able to them. The Webpage also contains information
on the bidding system, timetables, “Tips & Tricks,”
rules and regulations, etc. In addition, it has infor-
mation on previous market-clearing prices for all the
courses.

Each student is allocated 1,000 bid points for the
semester. On the Webpage, each course has a place
to enter a bid value. As a student bids on a course
from her allocated 1,000 bid points, the bid amount
is deducted from the 1,000 allocated points and the
balance is shown. Once 1,000 points have been allo-
cated, the student is prevented from entering any
more bids. Students can adjust these bids as they
wish (by deducting from one course, then adding to
another), until the bidding period closes.

We got permission from UMBS to collect rank data
from students in addition to the bid data. So as not to
contaminate the bidding process in place, we collected
rank data after bidding was over but before course allo-
cations were made. This was a (very short) one-week
window of time.

4.1. Students and Courses

We have a sample of n; = 535 students who bid
for nc =135 classes scheduled for the spring 2004
semester. Let I = {i;,i,,...,155} be the set of stu-
dents and C = {c;, ¢,, ..., ¢135} be the set of classes.
Each class is either the sole section of a course or
one of the multiple sections of a course. Therefore,
we will refer to each class as a section. At UMBS,
there are two minisemesters in each semester. Each
minisemester lasts about 7 weeks, and the semester
lasts about 14 weeks. Sections can be scheduled for
the whole semester, for the first minisemester, or for
the second minisemester. Our section sample con-
sists of 57 first minisemester sections, 47 second mini-
semester sections, and 31 full-semester sections. Each
minisemester-long section is worth 1.5 credits and
each full-semester long section is worth 3 credits.

4.2. Feasibility Conditions
In the context of course bidding, there are feasibility
conditions on individual schedules as well as feasi-
bility conditions on the course allocation. Although a
student can bid for as many sections as she wishes,
she can be registered in

1. no more than 9 credits (or an equivalent of 6
minisemester-long sections) for the first minisemester,

2. no more than 9 credits (or an equivalent of 6
minisemester-long sections) for the second minise-
mester, and

3. no more than 16.5 credits (or an equivalent of 11
minisemester-long sections) for the whole semester.”

7”When a student registers for a full-semester section, she consumes
1.5 credits from the first minisemester and 1.5 credits from the sec-
ond minisemester.

An additional feasibility constraint on individual
schedules rules out any conflict within a schedule.
Two sections conflict if they are either both sections of
the same course or their weekly meeting times over-
lap. Although a student can bid for two conflicting
sections, she cannot be registered in both of them. In
our sample, 497 pairs of sections conflict out of 9,045
section pairs. We refer to any set of sections that sat-
isfy these feasibility constraints as a schedule.

The last feasibility condition pertains not to individ-
ual schedules, but concerns the course allocation. Each
section has a capacity, which is a limit on the num-
ber of students who can be registered in the section.
Let g = (4.).cc denote the capacity vector of the sec-
tions. In our sample, the smallest capacity is 5 and the
largest capacity is 430. The most common capacities
are 65 and 30, applying to 58 sections and 20 sections,
respectively. In our sample, 35 courses received more
bids than their capacities.

4.3. Bids

As we already indicated, each student is endowed
with 1,000 bid points that she can use to bid across
desired sections. Bid points cannot be transferred
between semesters, and bids should be integer val-
ues. A student should bid at least one point to be
registered in a section. Students can bid for as many
sections as they wish, including conflicting sections.
Let B = [b;];c; cec denote the bid matrix. Here, b,
is the submitted bid of student i for section ¢, and
b;. = 0 if student i did not bid for section c. There
are 5,665 positive bids in our sample. Many students
submitted the same magnitude of bid for multiple
sections. Similarly, many sections received the same
magnitude of bid from multiple students. We find the
most repeated bid to be “1,” followed by “100,” “2,”
“50,” “150,” “200,” “5,” “10,” “13,” and “20.” The top
10 bids are used a total of 2,135 times. A strict bid
ordering is needed to implement the UMBS mech-
anism, and the administrators at UMBS rely on a
tie-breaking lottery for this purpose. A random real
number ¢;. € (0,1) is drawn from the uniform distri-
bution for each student-section pair (i, c), and each
positive bid b,. > 0 is modified as bj, = b, + ¢;. to
break ties. Let bj, = b;,, whenever b;,, =0 and let B’ =
[b.)ic1 ccc be the modified bid matrix. The adminis-
trators at UMBS provided us with their tie-breaking
lottery draw for spring 2004.

4.4. Preferences over Sections

We surveyed students to learn their preferences over
sections. Within a few hours of the official closure of
bidding, we sent each of the 535 students who had
submitted bids a customized e-mail asking each stu-
dent to rank the sections on which she bid. Each e-mail
contained an explanation of our study and a list of all
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the sections on which the student had bid. The sec-
tions were listed in descending order of bid points,
but the actual bid points were left off.® A permis-
sion from the associate dean was obtained to use his
name as the sender of this e-mail to lend credibility
and urgency to the survey. Two reminder e-mails were
sent to students within the same week (see the Tech-
nical Appendix at http://mktsci;journal.informs.org
for the original and subsequent e-mail messages). We
received 489 responses out of a total of 535 students.
In addition to 46 missing responses, 32 students sub-
mitted preferences with indifferences (although they
were specifically asked not to). To measure the effi-
ciency loss of the UMBS mechanism, we need strict
preferences for all students (if students are indifferent
between two or more courses, it does not matter which
of these they get allocated). Using the 489 responses,
we constructed a strict preference ranking P = (P));;
for all 535 students in a manner that favored the UMBS
mechanism:

1. For each of the 32 students who indicated indif-
ferences, we broke indifferences in favor of sections
for which the student had a higher bid based on the
modified bid matrix B'.

2. For each of the 46 students with missing pref-
erences, we assumed that sections with higher bids
were preferred to sections with lower bids.

Formally, for any student i with missing prefer-
ences and for any two sections ¢, d where student i
submitted positive bids, we assumed that

cP;d ifand onlyif b} >1b;,.

This preference construction results in the lower
bound of the efficiency loss under the UMBS mecha-
nism. That is the case because any efficiency loss here
is an implication of students possibly preferring sec-
tions for which they have lower bids to sections for
which they have higher bids. We say that a student i
has bid-monotonic preferences if for any two sections
c,deC,

cP;d if and only if b, >b},.

As we have already emphasized, we assumed that
each of the 46 students with missing preferences has
bid-monotonic preferences. In addition, among the
489 students who responded to the survey, 82 submit-
ted bid-monotonic preferences. A vast majority of the
students, 375 of them, submitted preferences that are
not bid monotonic, indicating the role of the strate-
gic aspect of bidding in the UMBS process. In other
words, 375 of 489, or approximately 77% of students,

8 This practice is in favor of the UMBS mechanism, because non-
motivated students may just give ranks 1, 2, 3. Bids lining up with
ranks, i.e., bid-monotonic preferences, favor the UMBS mechanism.

were gaming the system, and their bids did not reflect
their stated preferences. This suggests that the effi-
ciency loss can be quite significant under the UMBS
mechanism.

4.5. Preferences over Schedules

We need a way to compare alternative course sched-
ules for a student and determine which will be prefer-
able to her. We take a conservative approach here,
making the safest assumption.

Given her preferences over courses P, a student i
unambiguously prefers a schedule S to another sched-
ule S’ if and only if

1. schedule S has at least as many credits as sched-
ule S’ does, and

2. each section in S5\S' is strictly preferred to each
section in S'\S based on the preference ranking P,.

Therefore, we will only conclude that a student
has an improvement in her schedule if she receives
at least as many credits, and also if any replacement
in her schedule is a favorable one. Clearly, we will not
be able to compare many pairs of schedules, and in
such cases we call the welfare comparison ambiguous.

Next, we describe the GS mechanism, the best mar-
ket mechanism for the course-bidding problem.

5. The Gale-Shapley Pareto-Dominant
Market Mechanism

The efficiency of course bidding can be improved by
adopting the GS mechanism. In this mechanism, stu-
dents both bid on and rank order sections. Note that
students only need to bid and rank courses that they
want to get into. Note also that students can real-
ize that they may not get every course in their best
schedule; therefore, they may bid for more courses
that they are allowed to take. Further, both under GS
and UMBS, students may not fill their schedules. If
so, they can add classes in the aftermarket (i.e., after
course allocation is over). The following notation is
useful to ease the description of this mechanism:
Given a preference ranking P; and a subset of
sections D C C, construct the best schedule %5(D) as
follows: Start by including the best section among
sections in D based on the preference ranking P,.
Next, add the second-best section under P, pro-
vided that neither the credit requirements are vio-
lated, nor is there any conflict with the section that
is already included. Next, add the third-best section
under P, provided that neither the credit require-
ments are violated nor are there any conflicts with
one or more of the sections that are already included
in (D). Proceed in a similar way until either the
credit requirements do not allow for any addition or
there are no sections left with a positive bid. Define
B(2) = @. The best schedule is preferred to any
other schedule. Under the Pareto-dominant market
mechanism, students are asked not only to submit
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their bids, but also their preference ranking over the
courses for which they submit positive bids. Based on
the student preferences P = (P));.;, the modified bid
matrix B, and the capacity vector g = (4.).cc, the out-
come of the Pareto-dominant market mechanism can
be obtained via the following version of the deferred
acceptance algorithm (Gale and Shapley 1962, Kelso and
Crawford 1982):

Step 1. Each student proposes to (i.e., requests a
place in) all sections in her best schedule from the set
of all sections C. Best schedule implies the most pre-
ferred (or highest ranked) sections totaling the max-
imum credit that a students is allowed to take. Each
course c rejects all but the highest bidding g, students
among those who have proposed. Those who are not
rejected are kept on hold.

In general, at

Step t. Each student proposes to all sections in her
best schedule from the set of sections which have not
rejected her in earlier steps. Each course ¢ rejects all
but the highest-bidding 4. students among those who
have proposed. Those who are not rejected are kept on
hold.

The procedure terminates when no proposal is
rejected, and at this stage the course assignments are
finalized by assigning each student the courses which
keeps her on hold. The market-clearing bid or price of
each course is the lowest successful bid, if all course
seats are filled, and zero, otherwise.

Note that this mechanism is a direct revelation
mechanism, i.e., students submit their preferences and
bids for the courses, and the intermediate steps of the
algorithm are implemented by a computer program
on behalf of the students according to the submitted
preferences and bids.

Example 2 below and instructions to subjects in the
laboratory experiment described in Appendix B pro-
vide examples of how the GS mechanism is used.

The course-bidding market we consider consists of
preferences of students over schedules and a bid
matrix of students. A course allocation and a price
vector pair is a market equilibrium of this course-
bidding market if (i) each student can “afford” to
buy the courses in her assigned schedule under the
announced price vector and (ii) for each student there
is no other schedule such that she can “afford” it and
she prefers it to her assigned schedule. The course
allocation at a market equilibrium is called a market
outcome. Sonmez and Unver (2005) prove that the GS
mechanism is a market mechanism whose outcome
Pareto-dominates any other market outcome.

In the following example, we explain the execution
of the GS mechanism and contrast its outcome with
the UMBS mechanism:

ExampLE 2. Let {i, i,, i3, i, i5, is} be the set of stu-
dents and {c;, ¢,, c3, ¢;, ¢5} be the set of sections. Each

student can enroll in up to two sections and the capac-
ity of sections c;, ¢,, ¢, is two, whereas the capacity
of sections ¢; and c5 is three. Each student is given a
bid endowment of B=1,000 points. Suppose that the
preferences of the students and their bids are given
as follows:

I I I3 Iy I5 Ig

P. b P b P. b, P. b P. b P b

I I ) ] I3 I3 Iy Iy I5 I5 Ig lg

c; 202 ¢, 207 c¢3 259 ¢, 238 3 350 5 225
¢, 260 c3 121 ¢, 180 ¢, 206 «c, 226 ¢, 245
c3 257 ¢4 205 ¢z 250 5 208 5 23 ¢, 150
¢y 243 c5 258 ¢, 100 c¢; 144 ¢ 201 ¢ 244
s 38 ¢ 209 ¢ 211 ¢ 204 ¢, 200 ¢, 136

There is a time conflict between sections ¢, and c;;
therefore, students cannot register in both sections
together.

The deferred-acceptance algorithm, which finds the
outcome of the GS mechanism, works as follows:

Step 1. Student i, proposes to sections {c;,c,};
i, proposes to {c,, ¢,} (instead of {c,, c;} because these
two sections have a conflict); i; proposes to {c;, cs}
(instead of {c;, c,} because these two sections have a
conflict); i, proposes to {c,, ¢,}, i5 proposes to {c3, c,};
and iy proposes to {cs, c;}. Sections c;, ¢;, and c5 each
receive two offers that do not exceed their capacity,
and sections ¢, and ¢, each receive three offers, which
do exceed their capacity. Section c, has offers from
iy, i,, and i,, who have bid 260, 207, and 206, respec-
tively. It rejects i,’s offer. Section c, has offers from i,,
i,, and i5, who have bid 205, 238, and 226, respectively.
It rejects i,’s offer.

Step 2. Student i, updates her proposals as {c,, cs}
and student i, updates her proposals as {c,, cs},
whereas other students” proposals do not change. Sec-
tion ¢5’s offers exceed its capacity of three in this step.
Section c5 has offers from i,, i, iy, and i;, who have
bid 258, 250, 208, and 225, respectively. Section c;
rejects i,’s offer.

Step 3. Student i, now proposes to {c,, c;}, whereas
other students” proposals do not change. No section’s
offers exceed its capacity; therefore, the algorithm ter-
minates. The current proposals are realized as final
allocation:

/.LGS—< i i iy iy is iy )
{cr, 6 {ey, 058 {es,c5) {eq, ca) {es,eu) {os, 64}

The prices of the sections are found as pCG]S =202,
pgs =207, pgs =144, pccf =226, and pgs =225.

On the other hand, if the students had submit-
ted the same bids to the UMBS course-bidding
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mechanism, the allocation would have been realized
as follows. First we order all bids in order:

No: 1 2 3 4 5 6 7 8 9 10

Bid: 350 260 259 258 257 250 245 244 243 238
Student: is i, iy i, iy Iy Qg g Iy iy
Section: ¢; ¢, 3 ¢ €3 €5 € € €4 G

No: 11 12 13 14 15 16 17 18 19 20

Bid: 226 225 211 209 208 207 206 205 204 202
Student: i iy iy i, iy I, iy i, Iy 0
Section: ¢4 ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢ ¢

No: 21 22 23 24 25 26 27 28 29 30

Bid: 201 200 180 150 144 136 122 100 38 23
Student: i is iy iy iy iy Iy iy I s
Section: ¢, ¢, ¢ ¢ ¢ ¢ € € C5 Cs

The outcome of the UMBS mechanism is found as

MBS _ < h o) i3 b I )
{ca, e} {es, 1} {es, es) {eq, o5} {3} (e, c5)

The prices are found as p?™™ =209, p M =0,
pUMBS — 244, pUMBS — 238, and pUMSS — 208,

Student i; is assigned the same schedule under both
mechanisms. Students i;, 7,, i5, and i, prefer the GS
allocation to the UMBS allocation. Student i, prefers
the UMBS allocation to the GS allocation. Under the
UMBS allocation, although i, can afford to register
in section c; (whose price is 208, whereas her bid is
225), and she prefers ¢; to ¢;, UMBS did not have her
registered in section c;, because she cleared courses
¢; and c; with higher bids before her bid for c; was
processed. This shows that the UMBS mechanism did
not create a market equilibrium. This situation benefit-
ted student i,, who registered in ¢; under the UMBS
system instead of the less-preferred course c;, which
was assigned by the GS mechanism. In a sense, she
got “lucky” under the UMBS mechanism.

As Examples 1 and 2 show, the UMBS mechanism
is not a market mechanism, although it is promoted as
one by many business schools. That it is promoted as
a market mechanism can be inferred from the follow-
ing question and its answer borrowed from UMBS,
Course-Bidding Tips and Tricks:

Q. How do I get into a course?

A. If you bid enough points to make market clear, a seat
will be reserved for you in that section of the course, up to
class capacity.

However, this is not the case, as we find in the field
study.

We now discuss the results from the field study and
see how large the loss in efficiency can be from using
the UMBS versus the GS mechanism.

6. Results from the Field Study

We provide two sets of results. In both sets of results,
we compare the efficiency of the two mechanisms
for the spring 2004 course allocation—UMBS versus
GS. The UMBS results are obtained from the UMBS
administration, i.e., from the actual course allocation,
and also it was regenerated through our own imple-
mentation of the UMBS mechanism. The GS results
are the ones we constructed. In set 1, we use the
UMBS tie-breaker lottery draw to break ties and the
modified bid matrix B'. In the second set of results,
we provide a robustness check with Monte Carlo
simulation.

6.1. Analysis Using the UMBS Tie-Breaker Draw
Our analysis reveals that a potential transition to the
GS mechanism is likely to result in significant effi-
ciency improvement.

We observe that 10 first-quarter sections, 12 second-
quarter sections, and 5 full-semester sections filled
their capacities under the GS mechanism, whereas
9 first-quarter sections, 11 second-quarter sections,
and 5 full-semester sections filled their capacities
under the UMBS mechanism.

Out of the 489 students who responded to the
survey, 456 receive the same credit load under both
mechanisms (see Table 1). Among them:

¢ each of 366 students is assigned the same sched-
ule under both mechanisms;

* each of 83 students unambiguously prefers her
schedule under the GS mechanism to her schedule
under the UMBS mechanism;

* no student unambiguously prefers her schedule
under the UMBS mechanism to her schedule under
the GS mechanism; and

¢ the welfare comparison is ambiguous for 7 of
these students.

Out of the 489 students who responded, 21 students
receive more credits under the GS mechanism and

¢ each of 18 of them unambiguously prefers her
schedule under the GS mechanism to her schedule
under the UMBS mechanism, whereas

¢ the welfare comparison is ambiguous for the
remaining 3.

Table 1 Among Students Who Have Responded, Comparison of
Student Preferences over the UMBS and GS Allocations
Using the UMBS Tie-Breaker Lottery Draw
Valid Prefers  Prefers
responses Indifferent GS UMBS  Ambiguous  Total
Same credit load 366 83 0 7 456
More credits 0 18 0 3 21
under GS
More credits 0 0 2 10 12
under UMBS
Total 366 101 2 20 489
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Out of the 489 students who responded, 12 students
receive more credits under the UMBS mechanism and

* each of two of them unambiguously prefers her
schedule under the UMBS mechanism to her schedule
under the GS mechanism, whereas

¢ the welfare comparison is ambiguous for the
remaining 10.

So, altogether, 366 of the 489 students who re-
sponded are indifferent between the two mechanisms,
101 of them unambiguously prefer the GS mecha-
nism, 2 of them unambiguously prefer the UMBS
mechanism, and a conclusion cannot be drawn for
20 students.

One last point deserves clarification: It is clear why
many students prefer the GS mechanism to the UMBS
mechanism. This is because they get the courses they
really want and do not end up with a situation where
they get more-popular courses that they strategically
bid more on, but like less (and get closed out of
courses they like more, but bid less on). What may be
less clear is why 2 students prefer the UMBS mech-
anism to the GS mechanism and 20 students have
ambiguous preferences between UMBS and GS mech-
anism. The reason is quite simple. These 22 students
got lucky under the UMBS mechanism—they were
assigned one or more sections despite their relatively
low bids because some other students with higher
bids were denied seats and were instead assigned
seats in their less-preferred sections (where they bid
even higher) (like student i, in Example 2). Because
the GS mechanism corrects all market failures, these
sections would have filled up with the students who
really deserve them, and these 22 students would
not have been assigned these seats under the GS
market allocation. However, 20 of these 22 students
also ended up losing seats in some desirable courses
due to clearing too many less-preferred courses for
which they bid higher under the UMBS mechanism,
and that is why there is ambiguity in their prefer-
ence between the two allocations. The other 2 stu-
dents did not lose any desirable courses under the
UMBS mechanism with respect to the GS mechanism,
and that is why they prefer the UMBS mechanism
outcome.

6.2. Robustness Check: Simulation for the
Tie-Breaker Lottery

As we have reported earlier, the indifferences are bro-
ken with a tie-breaking lottery at UMBS, and we have
already reported the results for the spring 2004 lot-
tery draw. In the following table, we report the results
of a robustness test where we draw random lotteries
to break ties, and repeat this 1,000 times. The results
are virtually the same as the UMBS lottery draw (see
Table 2).

Table 2 Among Students Who Have Responded, Comparison of
Student Preferences over the UMBS and GS Allocations
Using the Monte Carlo Simulation
Valid Prefers  Prefers
responses Indifferent GS UMBS  Ambiguous Total
Same credit 367.853 82590  0.247 7.642 458.332
load (3.221)  (3.265) (0.431) (1.247) (2.225)
More credits NA 16.953 NA 1.366 18.319
under GS (1.674) (0.527) (1.632)
More credits NA NA 2.217 10.132 12.349
under UMBS (1.018) (1.217) (1.631)
Total 367.853 99543  2.464 19.14 489
(3.221) (3.189) (1.082) (1.804)

Note. Averages and standard errors (in parentheses below the averages) are
reported for the sample. Situations that did not arise for any student are
marked not applicable (NA).

6.3. Improvement in Ranks
We also computed the improvement in mean ranks
among all courses allocated by the UMBS versus GS
mechanisms for the modified bid matrix B'. To do this
across both full-semester and minisemester courses,
all full-semester courses were treated as a package of
two minisemester courses, with the same rank apply-
ing to both. We explain this with a simple example:
ExaMPLE 3. Suppose a student bids for 13 sections,
and only 4 of these are full-semester sections, which
are the 2nd, 3rd, 10th, and 11th choices in her pref-
erence ranking. After we convert her preferences to
their minisemester equivalent, her preferences include
17 minisections. Each of the two minisemester equiv-
alents for the full-semester section is given the same
preference ranking. Thus, the two minisections of the
full-semester sections are ranked as the 2nd, 4th, 12th,
and 14th choices, amongst the 17 choices. Now, sup-
pose under one of the mechanisms, she gets enrolled
in 9 minisections, although she could have registered
in up to 11 minisections due to her credit limit—
these 9 are her 1st, 2nd, 2nd, 8th, 9th, 12th, 12th, 14th,
and 14th ranked minisections. The two unregistered
slots in her maximal possible schedule are counted as
if she were registered in her 18th choice, remaining
unmatched. Note that not accounting for unregistered
slots, i.e., slots below credit limit, would needlessly
favor a system where slots were left vacant. Thus, the
mean rank of this schedule is calculated as

(142+248+9+12+12+14+ 14418 +18)/11 = 10.

Across all 489 students submitting a preference
ranking, the average rank improvement by using GS
versus UMBS is 1.1053. Across the 123 students who
submitted a submitted-preference ranking and were
assigned different schedules under GS versus UMBS,
the average rank improvement is 4.3943.
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An alternative method is to compare only the stu-
dents who have the same credit load in the two sched-
ules (GS and UMBS) and not to take into account
unmatched slots in students” schedules. Using the
method we discussed in Example 3, we calculated the
average rank improvement of the 456 students who
have the same credit load (and submitted preferences)
under the two schedules. Across these students, the
average rank improvement by using GS versus UMBS
is 1.0647. Across the 90 students who submitted a
preference ranking and were assigned different sched-
ules under GS versus UMBS with the same credit
load, the average rank improvement is 5.3944.

Thus, in all our tests, in the number of students
better off as well as mean improvement in ranks, GS
outperforms UMBS to a substantial extent. Next, we
describe the laboratory experiment we conducted to
confirm the results of the field study in a more con-
trolled environment.

7. The Laboratory Experiment

In the field study, we could not control or mea-
sure three important factors. We could not measure
whether the students truthfully reported their pref-
erences, we did not know whether the two bidding
mechanisms resulted in similar bid distributions from
students if they were run separately, and we did not
have any control over students’ beliefs about other
students’ course preferences. In the laboratory exper-
iment, we can control or measure these three factors
and then inspect the differences between the two
mechanisms in this more controlled environment.

7.1. Design
In the experimental design, we use nine students
to represent a cohort of students (akin to a very
small MBA class). Each student in the cohort wants
to enroll in three courses, and there are six courses
offered in total. Courses ¢y, ¢,, and c; are less-popular
courses, and courses c,, ¢5, and ¢, are more-popular
courses. Courses c;, ¢,, and c; each has a quota of 4,
and courses ¢, ¢5, and ¢, each has a quota of 7.
Each student belongs to one of the three student
types. The types represent different preferences for
the six courses. In accordance with these preferences,
each student receives monetary payment for each
course that she is finally allocated. Thus, for a higher-
preference course, she gets more money. The mone-
tary payoffs (or value profiles) over the courses are
given in Table 3 in terms of value tokens (the experi-
mental currency). The payment to a student is linked
to the sum of the value points she receives based on
her course allocation (details of payment to follow).
Each student is endowed with 303 points to dis-
tribute among the courses (note that value tokens are
different from bid points).

Table 3 The Value Profiles of Subject Types

¢ Cy Cy Cy Cs Co
Type 1 85 2 2 80 80 80
Type 2 2 85 2 80 80 80
Type 3 2 2 85 80 80 80

We use the same value profile for each of our treat-
ments. We change the bidding mechanism and the
information provided to the subjects about others’
preferences across treatments. In the Little-Information
treatments, we only tell the subjects that courses c;,
¢,, and c; are less-popular courses, and courses c,,
cs, and ¢ are more-popular courses. In the Bid His-
tory treatments, we provide the students with a prob-
ability distribution between the bids and successfully
enrolling in the course. We run both treatments under
GS and UMBS mechanisms. In all treatments, we tell
the students the capacities of courses. In the instruc-
tions about the bid history, we provide the subjects
with the following passage:

“...in recent years students were able to enroll with
100% probability in each of the courses 1, 2, and 3 if
they bid just 1 point for each of these courses.

On the other hand, courses 4, 5, and 6 had the fol-
lowing success rate of enrollment for different bids:

Bid points  Success chance (%)
1 0
50 40
100 75 L7
150 82
200 88
250 94
300 100

The little-information treatment is our main treat-
ment. The information that we provide about the
popularity of the courses with respect to their val-
ues is a realistic emulation of the real life. Using the
little-information treatments, we would like to test the
hypothesis that the GS mechanism is likely to gener-
ate more-efficient outcomes than the UMBS system.

The bid history treatment is only a robustness check
for the two mechanisms. The bid histories we provide
to the students are not real, and the beliefs about mar-
ket prices induced by these bid histories are not likely
to be sustained at any equilibrium of the induced-
preference revelation games, i.e., the optimal bidding
behavior in reality does not match the bid history.
The main hypothesis we would like to test through
the bid history treatments is that, even if the beliefs
of the students to induce their own demand functions
are not consistent with the equilibrium, the GS mech-
anism generates more-efficient course allocation than
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Table 4 Payment Options in the Experimental Sessions
Sweepstakes (1 subject randomly ~ Payment (each remaining
Session  Class  Participation  Mechanism Info chosen in the session gets) subject gets)
1 MBA In class GS Little Info . .
9 MBA In class UMBS Little Info 10 x token value in cents 2 x token value in cents
3 BBA In class GS Bid History
4 BBA In class UMBS Bid History
5 BBA  Subject pool GS Little Info
6 BBA  Subject pool UMBS Little Info
7 BBA  Subject pool GS Little Info
8 BBA  Subject pool UMBS Little Info
9 BBA  Subject pool GS Little Info ) )
10 BBA  Subject pool UMBS Little Info 20 x token value in cents Token value in cents
11 BBA  Subject pool GS Bid History
12 BBA  Subject pool UMBS Bid History
13 BBA  Subject pool GS Bid History
14 BBA  Subject pool UMBS Bid History
15 BBA  Subject pool GS Bid History
16 BBA  Subject pool UMBS Bid History

the UMBS mechanism, and it is robust to erroneous
information and beliefs.’

Also, we would like to see whether the GS mech-
anism induces truthful preference revelation. The GS
mechanism is not strategy proof; however, in our field
study, we assumed that students will not manipulate
the GS system through preference manipulation.

In each cohort group, subjects were read the
instructions aloud (See Appendix B for the instruc-
tions). Then they were asked to submit a bid distri-
bution under the UMBS treatments, and submit a bid
distribution and a rank-order list (or a preference list)
of the courses under the GS treatments. The subjects
were MBA and undergraduate students at the Univer-
sity of Michigan Business School. We collected four
data cohorts for each of the four treatments, GS/Little
Information, UMBS/Little Information, GS/Bid His-
tory, and UMBS/Bid History. We used slightly differ-
ent payment methods in our experiments (see Table 4
for details) for a total of 16 cohorts and 144 students.
In the sessions, only one subject received a sweep-
stakes payment that is 10 or 20 times that of her actual
token value, whereas the other students received their

®We chose the payoff numbers in Table 3 in such a way that each
agent has a favorite course that is the least preferred for the major-
ity of the other students, and has three other preferred courses
that are also preferred courses for the other students. This gives a
total number of four preferred courses, which exceeds the quota
of courses by one. Moreover, students’ least preferred course is a
really low-utility course for them, but can be the highest-utility
course for other students. We chose these particular numbers so
that under the bid history treatment, students maximizing their
expected payoff will bid 100 points each on their three second-
choice courses, and one point each on the other three courses under
both the UMBS and GS systems; however, under the GS system,
because they report their preferences truthfully, they will receive
their most-preferred three courses, whereas under the UMBS sys-
tem they may not.

token value as payment. The sweepstakes were con-
ducted by randomly picking one student by using
uniform distribution. A sweepstakes was included on
top of a direct monetary incentive to increase task-
compatible motivation without spending too much
money.

7.2. Brief Analysis of the Design
All the Pareto-efficient allocations require that the stu-
dents are assigned their first-choice course, and two of
the three second-choice courses, ¢,, c5, and c;. If there
was complete information about each others’ prefer-
ences, all Nash equilibria of the games would assign
the subjects to these choices. For example, a Nash
equilibrium can be constructed as follows under the
UMBS game: If all subjects bid 2 points for their first-
choice course, 150 points for two of the second-choice
courses ¢3, ¢, and c;; and 1 point for the remain-
ing course among c;, ¢;, and cs. Then, this is a Nash
equilibrium of the game with complete information,
and every subject will be assigned her most desirable
schedule, her first-choice course, and two of the three
of her second-choice courses, c,, cs, and c,. Similarly,
a Nash equilibrium example under the GS game is
given as follows: If all subjects bid the same bid distri-
bution as above, and rank their first-choice course as
first, and arbitrarily order their second-choice courses,
¢4, C5, and ¢, as second, third, and fourth, then this
strategy profile will be a Nash equilibrium of the
GS game under complete information, resulting in a
Pareto-efficient course allocation. Note that there are
many other Nash equilibria under complete informa-
tion for both mechanisms, and they result in similar
outcomes.

However, in our experiment, subjects do not have
complete information. As such, under the little-
information treatment, we do not have equilibrium
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predictions, because we do not know how the phras-
ing of the instructions will affect the beliefs of the
subjects.

Under the bid history treatment, with the UMBS
mechanism, if the subjects behave consistently with
expected payoff maximization, then they are expected
to bid 2 points for their first-choice course; 1 point for
the remaining two courses among c;, c,, c3; 100 points
for two of the courses among ¢4, ¢s, and ¢,;; and 99
for the remaining course among c,, ¢5, and c¢,. (A sub-
ject should bid at least 2 points on her favorite course
to break the tie between this course and her least-
desirable courses.) The calculation of optimal bid-
ding behavior is done similarly to the calculation in
Example 1.

Under the GS/bid history treatments, the behav-
ior consistent with expected payoff maximization is
revealing preferences truthfully (or weakly truthfully;
see the definition of weakly truthful revelation later)
by arbitrarily breaking ties among equally desirable
courses, bidding one point for each of courses ¢, c,,
¢z, and 100 points to each of ¢,, ¢5, and ;.

8. Results of the Laboratory
Experiment

8.1. Improvement in Efficiency

We observe that GS treatments yield significantly
higher payoffs to the subjects than their UMBS coun-
terparts. We also observe that the average ranks
(based on the induced preferences, i.e., based on the
true ranks) of the courses in the schedules under
the GS treatments are significantly better than those
under the UMBS treatments. We report the average
payoffs and average ranks of the courses allocated in
each session, and also the cumulative averages for our
statistical tests in Tables 5 and 6.

Recall that under the Pareto-efficient allocation each
student receives 85 + 80 + 80 = 245 value tokens to
be placed in their first, and two second, choices.
Because there are three second-choice courses for each
subject as ¢, ¢s, and ¢5, we calculate their average

Table 5 The Average Payoffs of the Subjects and the Average Rank of
the Assigned Courses in the Little-Information Treatments
GS/Little Info UMBS/Little Info
Sessions Payoff Rank Payoff Rank
A 245 2.33 190.56 3.24
B 243.89 2.48 216 3.04
C 243.89 2.48 199.44 3.09
D 244.44 2.41 234.11 2.72
Average 244.31 243 210.03 3.02
(0.27) (0.035) (9.60) (0.11)

Note. The standard deviations of the averages are reported in parentheses.

Table 6 The Average Payoffs of the Subjects and the Rank of an
Average Course Assigned in the Complementary Bid History
Treatments
GS/Bid History UMBS/Bid History
Sessions Payoff Rank Payoff Rank
A 244.44 2.41 215.67 3.06
B 24418 2.48 220.19 2.87
C 243.89 2.48 208.11 3
D 235.78 2.5 224.67 2.94
Average 242.07 2.47 217.16 2.97
(2.10) (0.02) (3.53) (0.04)

ranking as (2434 4)/3 = 3. Hence, with this place-
ment, the average of the ranks of their placement is
given by (1+ 3+ 3)/3 =2.33. When a student remains
unmatched for a slot in her schedule, we compute this
as the seventh choice of the student.

We observe that under the GS treatments, the aver-
age payoffs are very close to the efficient level of
245 value tokens. With little information, we observe
244.31-token payoff on average, and with bid his-
tory we observe a 242.07-token average. On the other
hand, under the UMBS treatments, the averages are
much lower: 210.03 with little information and 217.16
with bid history.

We test the significance of differences using a
two-sample Wilcoxon test (because there are only
four data cohorts from each treatment, we use a
nonparametric test). Unless otherwise noted, the
p-values reported correspond to this test. A pair-
wise comparison between the GS/little information
and UMBS/little information generates a difference
of 34.24 value tokens, which is significant with a
p-value less than 0.02857 (with W-stat = 10), taking
each data cohort average as an independent obser-
vation. The pairwise comparison of the bid history
treatments yields a difference of 24.99 value tokens,
which is significant with a p-value less than 0.02857
(with W-stat =10).1°

0Tn the laboratory experiment, the best players who bid positive
amounts on their top three choices are expected to earn 245 points
under the UMBS system, and the worst players can get as few as
0 points. Under the GS mechanism predictions are the same. In the
actual experiment, we find that the best players earned 245 points
under both systems; the worst players got 89 points under the
UMBS mechanism in both little-information and bid history treat-
ments, 240 points under the GS/little-information treatment, and
162 points under the GS/bid history treatment. It is difficult to
calculate expected rational payments in the little-information treat-
ments, because we do not have control of the beliefs of the students
about the preferences of the agents. In the bid history treatments,
expected rational payments are 245 points for the GS treatment and
229.93 points for the UMBS treatment (assuming that all agents
rationally bid 100 points on their second-choice course, 1 point on
their top choice, and 1 point on their least desirable choices for the
UMBS). The differences between the expected and actual average
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We also compare the average ranks of the schedules:
Under little information, the difference is —0.6 with
p-value less than 0.02857 (W-stat = 10); and under
bid history, the difference is —0.48 with a p-value less
than 0.02857 (W-stat = 10). This means that under the
GS treatments, an average allocated course is 0.5-0.6
ranks better than under the UMBS treatments.

We also compare the GS treatments within them-
selves. There is no significant difference between
little-information and bid history treatments of the GS
mechanism with a p-value of 0.6286 (W-stat=15.5)
and 0.4847 (W-stat = 14.5) for payoff differences and
rank improvement of schedules, respectively. When
we compare the UMBS treatments within them-
selves, we find a similar result with p-values 0.6857
(W-stat =16) and 0.4857 (W-stat = 15), respectively.

8.2. DPreference Revelation under the
GS Mechanism

We also inspect whether the subjects’ revealed rank-
order lists are consistent with their true preferences.
We consider two types of truthful revelation. Strongly
truthful revelation means that subjects rank their true
first-choice course as first, their three second-choice
courses arbitrarily as second, third, and fourth; and
their last-choice courses arbitrarily as fifth and sixth.
Under weakly truthful revelation, we inspect whether
the first three courses the students submit are consis-
tent with their first three choices, and the rest of the
courses are consistently ranked preferences. Because
under the GS mechanism the rank order of the first
three courses (that is the quota of each student’s
schedule) does not matter, we also consider this type
of revelation as truthful. For example, for a type 1
subject whose most desirable course is c¢;, the rank-
order list ¢4, ¢y, ¢, ¢5 is weakly truthful, and the rank-
order list ¢, cs, cg, ¢; is not weakly truthful.

The average percentages of subjects submitting
strongly and weakly truthful rank-order lists are
given in Table 7.

As we can see, both the percentage of subjects
revealing strongly, and those revealing weakly, truth-
ful preferences are high in both treatments. Note that
instructions to subjects are long and subjects may get
confused. As such, truthful revelation may be even
stronger in actuality.

Note that this is only true in this particular design.
That is, in the field, when there are course conflicts for
the same time slot or sections referring to the same
course, and courses with different credit loads, the
ranking of top choices can matter. To be consistent

payoffs are 2.93 points for the GS treatment and 12.77 points for the
UMBS treatment. Therefore, behavioral mistakes lead to more effi-
ciency loss with respect to the rational outcome under the UMBS
system.

Table 7 Percentage of Subjects Revealing Their Preferences

Truthfully Under the GS Mechanism

Truthful revelation GS/Little Info (%) GS/Bid History (%)

Strong
Average 66.7 722
@) (7.6)
Weak
Average 83.3 83.3
(6.3) (6.3)

with the field, in our simplified design, we did not ask
the students to report their first three choices without
any particular ranking.

By reporting preferences truthfully, each student
would have been placed in her top three choice
courses, yielding a payoff of 245 points. As can be
observed in Table 6, except for session D in the GS/bid
history treatments, the average payoff lower bound
is 243.89 points. In session D, one student received
only a 162-point payoff by mistakenly bidding a pos-
itive amount on her least favorite course instead of
most favorite course. Therefore, the efficiency loss of
untruthful preference revelation is minimal for this
student. This exception not withstanding, the main
source of the efficiency loss is students not listing their
top choice among the top three courses ranked.

8.3. Comparison of Bid Distributions between the
GS and UMBS Treatments
In this subsection, we compare the bid distributions
of the students between the GS and UMBS treatments.
The bid distributions of the subjects are graphed in
Figure 2 for the most desirable five courses (the bid
distribution of the sixth choice can be obtained from
the first five choices, because the sum of the bids
add up to 303). The graphs are grouped for courses
in terms of desirability. Because three courses—c,,
cs, and cy—yield the same (second-highest) payoff
for all the subjects, the second-choice, third-choice,
and fourth-choice bid distributions refer to the first,
second, and third-highest bid distributions, respec-
tively, amongst these three courses (i.e., the first-order,
second-order, and third-order statistics for these three
bids). Similarly, because the last two choices of all
the subjects yield the same payoff, for the fifth choice
we plot the highest bid distribution (the first-order
statistic) across these two courses. Then, we obtain
five course distributions for the four separate treat-
ments. We pair GS and UMBS distributions for little-
information and for bid history treatments, separately.
We have 10 pairs as a result of these pairings. We
observe that the distributions of the bids are in gen-
eral very similar across GS and UMBS systems within
each information treatment. We also conduct a formal
statistical test that tests whether these bids come from
the same underlying distribution. For this purpose,
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Figure 2 The Bid Distribution for the First Five Choices of the Subjects
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we use the Kolmogorov-Smirnov goodness-of-fit test
(KS-test), which uses the D-statistic, which is the
maximum distance between the empirical cumulative
distribution functions of the subjects in the GS and
UMBS treatments (as plotted in the graphs of Figure 2
with solid lines, we have 31 bins in calculating the
cdf, i.e., once in each 10-bid interval). The D-statistics
and p-values of these tests are given in Table 8 for
GS and UMBS treatments with little information and
in Table 9 for GS and UMBS treatments with bid his-
tory. Each null hypothesis states that the two bid dis-
tributions are the same. As seen in these tables, the
p-values for 9 of the 10 pairs are larger than 0.30
and the p-value for the tenth pair (first choice in the
little-information condition) is larger than 0.1, sug-
gesting that the two distributions are not significantly

Bids

different. This result gives us confidence about our
assumption in the field study that the bid distribu-
tions between the GS and UMBS systems are similar.

In summary, we find clear evidence to support the
following claims:

1. The GS mechanism leads to almost Pareto-
efficient course allocation under either information
treatment.

Table 8 KS-Test for the Little Information Treatments

Courses in terms of desirability

Little Information 1st 2nd 3rd 4th 5th
D-statistic 0.28 0.11 0.14 0.22 0.08
p-value 0.102 0.971 0.851 0.300 0.999
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Table 9 KS-Test for the Bid History Treatments
Courses in terms of desirability
Bid History 1st 2nd 3rd 4th 5th

D-statistic 0.19 0.11 0.11 0.17 0.056
p-value 0.460 0.971 0.97 0.658 1.000

2. The GS mechanism’s efficiency level is signifi-
cantly higher than UMBS mechanism’s.

3. The truthful revelation of preferences is in high
percentages under the GS mechanism.

4. The bid distributions of the subjects under the
GS and UMBS mechanisms are similar.

9. Conclusion

In this paper, we draw attention to bid-based course
allocation systems used in universities. We use both a
controlled field study and laboratory experiments to
test the extent of the efficiency loss created by a typi-
cal course-bidding mechanism with respect to the best
market mechanism, the one proposed by Sé6nmez and
Unver (2005). Sonmez and Unver theoretically show
that bid-based allocation systems currently in use can
result in allocations that are not market outcomes and
result in unnecessary loss of efficiency. They propose
an alternate course allocation mechanism that they
show results in the Pareto-dominant market outcome.
We believe that the field study carried out at UMBS
shows quite clearly that the UMBS mechanism results
in significant efficiency loss due to the two possibly
conflicting roles of the student bids. Our laboratory
experiment further corroborates the results of the field
study in a more controlled setting. The GS mecha-
nism has the potential to make a substantially larger
proportion of students better off (approximately 20%
in our study) than the UMBS mechanism that is cur-
rently in place at many schools. Thus, schools should
consider adoption of the GS mechanism, given that
the change required is relatively minor and the poten-
tial benefits are quite large.

Note that our comparison between the two mecha-
nisms is based on stated preferences of the students.
Like many other market mechanisms, the GS mecha-
nism is not strategy proof. However, when this mech-
anism is used in a large market, such as the UMBS
bidding pool, we can safely assume that students
would not gain much from gaming their preferences
on average (i.e., they would act as price takers). This
is also evidenced in our laboratory experiment, where
most students truthfully revealed their preferences in
the smaller market games we designed.

We should mention that during the add-drop
period in the UMBS system, some of the students
would be able to transfer from a less-preferred course
that they bid high points on and got into, to a

more-preferred course that they bid less on and to
which they did not get assigned. However, sometimes
this will not be possible, because this more-preferred
course will already be filled during the course allo-
cation. However, more importantly, the function of
the add-drop period should not be to “correct mar-
ket failures” that could have been avoided in the
first place with the correct choice of bidding mecha-
nism. The add-drop period should be used merely to
accommodate students whose information about the
courses have evolved over time. Unnecessary add-
drop (105 course seats in our field study) creates a
lot of upheaval in the registrar’s office, and even
worse is the fact that the class takes longer to get set-
tled, reducing the quality of education in the early
weeks of the semester. Add-drop periods are not
short—UMBS allows two full weeks for add-drop in
a minisemester that is only seven weeks long, ie.,
for more than a quarter of the study period students
are changing courses. This situation is not unique to
UMBS, but exists in most schools. Professors suffer
through the early weeks of the semester with stu-
dents adding and dropping courses. Although some
changes in add-drop periods can be due to students
changing their preferences for courses, much change
(in our field study 90 students would try and change
courses) can be due to inefficient course allocation
and can be reduced. Clearly, this needs to be changed.

Another potential problem with an add-drop sys-
tem (that we did not encounter in our field study) is
the following: In principle, the add-drop period fol-
lowing a UMBS system allocation cannot correct all
the efficiency losses created. For example, two stu-
dents can be placed in courses, each being the favorite
of the other. If both courses are filled, and these stu-
dents are unaware of each other, they will not be able
to switch courses.

It is interesting that universities and schools within
the same university use different course allocation
mechanisms. Thus, either the objectives of the course
allocation systems across different universities are dif-
ferent, or the mechanisms are not well understood.
We could conjecture that it is the latter (because most
schools would want some sort of efficiency and equity
criteria to be met). We believe that our paper sheds
some light on the mechanisms. This is just the begin-
ning of research on course allocation systems. There is
much room for additional future work in this area—
for instance, theoretically which systems are more
efficient—the ordinal systems (used at Harvard and
Stanford) or the cardinal systems (used at Michigan
and Berkeley). Practically, which systems are better?
Do the ordinal systems induce gaming—i.e., the pref-
erences listed by students are not truthful? Which of
these two systems has greater truthful preference rev-
elation? What happens with multiple bidding rounds
as is done at the Haas School of Business at Berkeley?
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In our field study, students’ course preferences were
asked for after course bids were collected and were
not used for course allocation. The field study can be
enhanced in future research such that student bids
and course preferences are asked for simultaneously
and are used to allocate courses (with the students
being aware of this). Additionally, in the field study,
1.5 credit courses were treated like half of 3.0 credit
courses. It remains to be tested whether students’ bid-
ding behavior for 1.5 credit courses is different (ver-
sus strong rationality) compared to that for 3.0 credit
courses. Moreover, our laboratory experiment was
based on a specific preference ordering for students
with a favorite course that was undesirable for others,
and a set of preferred courses that were also pre-
ferred by others. These are realistic preferences; how-
ever, other preference domains and parameter values
may lead to different results. Future work should test
whether our results are robust to different course pref-
erences. These preferences can be constructed from
future field studies using real student preferences.

Our experiments show great potential to increase
efficiency in course allocation in educational institu-
tions. Although we used small stakes in the labo-
ratory experiment, we still observed a big contrast
in the outcomes. With higher stakes, we can only
expect the results to be more significantly different."
As such, we would like to see institutions adopt
the improved mechanism, just as has been done by
the American Medical Association for hospital-intern
matching, by transplant centers in New England
for kidney exchange (cf. Roth et al. 2005), and by
New York City and Boston for public school admis-
sions (cf. Abdulkadiroglu et al. 2005a, b). By doing
the first field study on matching mechanisms, we
also wish to encourage additional research using field
studies. Within the management science community,
we wish to spur additional work on mechanism
design.
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Appendix A. Variants of Course Allocation
Mechanisms

Al. Some Variants of the UMBS Course-Bidding
Mechanism

Yale School of Management: Uses the same mechanism
as the University of Michigan Business School except that
students can only bid for five courses (and the normal
course load is four courses).

Columbia Business School:

® The real-life version of UMBS course-bidding mecha-
nism is used for two rounds.

e The first round is the “main” round, whereas in
Round 2 students are expected to fill the gaps in their first-
round schedule.

e Unsuccessful bids from Round 1 are returned to stu-
dents to be used in Round 2.

e Students can only bid for undersubscribed courses in
Round 2.

Haas School of Business, UC Berkeley: Uses the same
two-round version as the Columbia Business School except
that students cannot bid for more than a fixed number of
units.

Kellogg School of Management, Northwestern Univer-
sity:

* The bid endowment should be used over two quar-
ters by first-year MBA students and over three quarters by
second-year MBA students. Points not used in the first year
do not carry over to the second year.

e Each quarter there are two rounds of bidding similar
to the bidding at Columbia Business School, except that

—students can bid for at most five courses (where the
normal course load is four courses),

—students are charged for the market-clearing bids,
not their own bids, and

—bids from the second rounds carry over to the next
quarter unless bidding is for the last quarter of the year.

* Hence, bidding for the second quarter of the first year
and the third quarter of the second year is analogous to
course bidding at Columbia and Haas.

Princeton University:

® Undergraduate students cluster alternate courses
together and strictly rank the courses within each cluster.
Students will be assigned no more than one course from
each cluster.

e Students allocate their bid endowment over clusters
(as opposed to individual courses). The bid for each course
in a cluster is equated to the bid for the cluster. Based on
these bids, course allocation is implemented via a variant
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of the UMBS course-bidding mechanism, where

—the bids of a student for courses in a cluster are
ordered subsequently based on the ranking within the clus-
ter, and

—once a bid of a student is successful for a course in
a cluster, her bids for all lower-ranked courses in the same
cluster are dropped.

A2. An Example of Preference-Based Course
Allocation Mechanisms

Harvard Business School Course Allocation Mechanism:

e Students are strictly ordered in a single priority list
with a random lottery.

® Each student submits a preference ranking of the
courses.

® The assignment of the first course seat for each stu-
dent is obtained with the serial dictatorship that is induced
by the priority ordering of students: The first student is
assigned a seat at her top choice, the next student is
assigned a seat at her top choice among classes with still-
available seats, and so on.

® Once the assignment of the first seats is finalized (or,
equivalently, the first cycle is completed), the assignment of
second-course seats is determined in a similar way using
the reverse priority order; next, the third-course seats are
determined in a similar way using the initial priority order,
and so on.

Appendix B. Instructions in the Laboratory
Experiment

Course-Bidding Exercise

For this exercise, you have been placed in groups of nine
students. Think of this as a “tiny entering second year MBA
class of just 9 students.” It is as if your class of 2008 was
reduced drastically in size to just nine. It is now bidding
time for second-year courses and the object of this exercise
is to bid for courses.

Each student can take up to 3 classes. There are 6 courses
in all with varying capacities (courses 1, 2, and 3 have a
capacity of 4 students each whereas courses 4, 5, and 6 can
take up to 7 students each). Each student has 303 bid points
to distribute across all courses that s/he bids on.

Basically, in the real world, for every course that a stu-
dent successfully registers in, s/he feels a certain amount
of happiness—more happiness for courses that she really
wants to get into, and less happiness for less desirable
courses. In this exercise, we will give you tokens to reflect
how happy you feel about being able to enroll in a certain
course.

You will receive a certain number of tokens depending
on which class you successfully get into immediately after
bidding is over and course allocation is done (i.e., you will
not be allowed to make any changes in classes after course
allocation is done). The number of tokens we give you for
a specific course reflects how much you really want that
course—if course 1 gives you 100 tokens and course 2 gives
you just 10 tokens, then that means you want course 1 much
more than course 2. At the end of the exercise, we will see
what courses you successfully registered in, we will add up
your tokens, and you will be paid that number in cents.

In addition, one person in the subject pool for this experi-
ment will be chosen at random and we will give him/her
20 times their total cents payoff.

Your desire for each course (in tokens) is given in the
table below. Therefore, if you get into courses 4, 5, and 6,
you get 240 tokens = 240 cents. If, in addition, you are the
person picked in the subject pool at random, you will then
also get 20 x 240 cents = $48.00. You can only bid in whole
numbers and you need to bid at least one point for any
course in which you would like to enroll.

Note that “bid point” is what you bid with and “token”
reflects your happiness at getting into a course. Table A.1
below is a summary of the course capacity, and how much
you like each course.

System Y (GS Mechanism). In this system, students
not only bid for courses, but also rank them according to
how much they want them (preference rank). This is called
the student’s “preference list.” If two or more courses are
equally desirable (e.g., if two courses are both third best for
you), please give them different ranks randomly (e.g., third
and fourth rank)—i.e., you need to break the tie among them
in your preference list. If a student wants to be considered
for a course, she needs to bid at least one point for it. The
sum of the bids cannot exceed 303 bid points. Otherwise,
sheets will be returned for correction.

The system works as follows: After all student sheets
with preference ranks and bids have been collected, the allo-
cation is found as follows:

The computer computes the allocation as follows:

(1) In the first round, each student is fentatively placed
in her top three choices from her preference list (or fewer if
s/he has bid for fewer than three courses). Then the com-
puter adds up course enrollment across students and cal-
culates enrollment in each course. If a course is assigned
more students than its capacity, the lowest-bidding students
for that course are dropped, so that each course tentatively
holds no more students than its capacity. However, this is
just the first computer allocation and is tentative.

(2) Then, in the next computer allocation round, each
student who was dropped from any courses in the first com-
puter allocation round is tentatively placed in replacement
courses starting from her fourth choice. Then the computer
inspects the courses again. If a course is assigned more stu-
dents than its capacity, then the bids of students who were
tentatively placed in it in the previous round and in this round
are inspected. The lowest-bidding students tentatively placed
in this or previous rounds for that course are dropped, so

Table A.1 Information and Subjects About Course

Capacities and Preferences
How much you like it (no. of tokens

Course you get for successfully registering

Course capacity in course in first attempt)

1 4 85

2 4 2

3 4 2

4 7 80

5 7 80

6 7 80
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that each course tentatively holds no more students than its
capacity.

(3) The computer iteratively continues until no student
is dropped from a course, or all options of the students
are exhausted in their preference lists. The tentative assign-
ments are realized as real assignments.

Example. Suppose there are four students and four
courses with a capacity of two each. Students need to take
up to two courses. Suppose students have 100 points to bid
and they report their bids and preferences as follows:

Student 1 Student 2 Student 3 Student 4
Course Course Course Course
(in order (in order (in order (in order

of pref.) Bid of pref.) Bid of pref.) Bid of pref) Bid

C1 8 C1 16 C3 2 2 88
Cc2 79 C2 77 C2 89 C3 6
C3 13 C3 7 C1 4 C1 5
C4 0 C4 0 C4 3 C4 1

Computer Round 1 (will consider top two ranks of stu-
dents because students can only take two courses):

Student Course
1 2 3 4 Computer 1 2 3 4
inspects
Cl CI C3 C2 ecourse SI-8 =89 832
C2 C2 C2 C3 . yollment: 9216 SZ=H S§4-6
$3-89
S$4-88

Tentative assignments are in italics, rejected bids are
crossed. Because some students are dropped from courses,
they are now assigned to courses from their third rank on.

Computer Round 2: S1 and S2, who were rejected by one of
their courses, are tentatively assigned to their third-choice
course.

Student Course
1 2 3 4 Computer 1 2 3 4
inspects
Cl ClI C3 C3 i(hecourse S8 =9 332
€ € 2 C2 ollment: 5216 S2=F 46
C3 C3 $3-89 SI1-13
S$4-88  S§2-7

S3 and S4 no longer get course 3. Instead, S1 and S2 are
tentatively placed in course 3.

Computer Round 3: S3 and S4, who were rejected by one of
their courses, are tentatively assigned to their third-choice
course.

Student Course
1 2 3 4  Computer 1 2 3 4
inspects
Cl ClI € € t(hecourse JSI-8 SE=19 S32
€ € C2 C2 eprollment: S2-16 2= S4=6
C3 C3 C1 cCi1 S3=4 S§3-89 SI-13
S4=5 S§4-88 S2-7

S3 and S4 cannot get course 1 because S1 and S2 have bid
a higher amount for this course. Therefore, S3 and S4 are
now to be considered for their fourth-choice course.

Computer Round 4: S3 and S4 are now to be considered for
their fourth-choice course. The tentative allocation is final-
ized as:

Student Course
1 2 3 4  Computer 1 2 3 4
———  inspects
Cl ClI € the course  SI-8 SS9 83=2 §3-3
€2 €2 C2 C2 eprollment: S2-16 S2=F 46 54-1
C3 C3 & €& S3=4 §3-89 SI1-13
C4 C4 S4=5 S§4-88 S2-7

Now, please give us your ranks and bids for the courses,
based on Table A.1 and the bid history that’s given to you.
Note that the first column indicates the course # (whether
it's course # 1, 2, 3, 4, 5, or 6), the second column is the rank
for each course, and the third column is the bid for each
course.

Your rank for this course in
terms of its desirability
(1 is the highest)}—you must

Course  rank all courses. You can rank

number  only one course for each rank Your bid

1

2

3

4

5

6

Total 303 bid points

Please write down your UMID and email address so you
can get paid: ——

System X (UMBS Mechanism). If you want to be con-
sidered for a course, you need to bid at least one point for
it. The sum of the bids cannot exceed 303 bid points. Oth-
erwise, sheets will be returned for correction.

This is how course allocation is done: After all bid sheets
are collected, all bids from the nine students are ordered
from largest to smallest. Only positive bids are taken into
consideration, zero bids are dropped. Then, starting from
the largest bid, each bid is processed one at a time. When
it is the turn of bid b;. of student i for course c, the bid is
successful if:

(a) course c still has unfilled seats, and

(b) student i still has unfilled slots in her schedule.

If the bid is successful, then student i is assigned a seat at
course c (i.e., the bid is honored) and the process proceeds
with the next bid in the list. Otherwise, student i is declined
a seat at course ¢ and the process continues with the next-
largest bid in the list.

When all bids are processed, a schedule is obtained for
each student and a course allocation is hence obtained.

Therefore, if each student was to bid on four courses
(remember that you can bid your 303 points on any num-
ber of courses), then the 4 x 9 =36 bids are organized in



Krishna and Unver: Improving the Efficiency of Course Bidding at Business Schools

Marketing Science 27(2), pp. 262-282, © 2008 INFORMS

281

a list according to bid points. Then courses are assigned
going down the list from highest to lowest bid points, tak-
ing requirements (a) and (b) above into consideration.

Example. Suppose there are four students and four
courses with a capacity of two each. Students can take up to
two courses. Suppose students have 100 points to bid and
their bids are as follows:

Student 1 Student 2 Student 3 Student 4
Course Course Course Course
(in order (in order (in order (in order

of pref.) Bid of pref) Bid of pref.) Bid of pref) Bid

C1 8 C1 16 C3 2 C2 88
C2 79 C2 77 C2 89 C3 6
C3 13 C3 7 C1 4 C1 5
C4 0 C4 0 C4 3 C4 1

All 14 positive bids are ordered in descending order:

Bid
(points) Student  Course Assignment
89 S3 C2 C2 - S3
88 S4 C2 C2 > S4
79 S1 C2 C2 is full, bid rejected
77 52 2 C2 is full, bid rejected
16 S2 C1 Cl—>S2
13 S1 C3 C3 — S1

8 S1 C1 Cl — S1

7 S2 C3 C3 - S2

6 S4 C3 C3 is full, bid rejected

5 S4 C1 C1 is full, bid rejected

4 S3 C1 Cl1 is full, bid rejected

3 S3 C4 C4 — S3

2 S3 C3 S3 already has 2 courses,

bid rejected
1 S4 C4 C4 — S4
Final course assignment:
Student Course

1 2 3 4 1 2 3 4
3 C1 C2 (2 S2-16 S3-89  S1-13  S3-3
Cl C C4 4 S1-8 54-88 S2-7 S4-1

Now, please give us your bids for the courses, based on
Table A.1 and the bid history that’s given to you:

Course number Your bid

1

2

3

4

5

6

Total 303 bid points

Please write down your UMID and e-mail address so you
can get paid: ——

Little Information. By word of mouth, you must know
that courses 1, 2, and 3 are not popular courses and are easy
to get into. On the other hand, courses 4, 5, and 6 are very
popular courses.

Bid History. The students’ office has information avail-
able about the past market-clearing prices (i.e., past bid
points that were successful). According to that, in recent
years student were able to enroll with 100% probability in
each of courses 1, 2, and 3 if they bid just one point for each
of these courses. On the other hand, courses 4, 5, and 6 had
the following success rate of enrollment for different bids:

Bid points Success chance (%)
1 0
50 40
100 75
150 82
200 88
250 94
300 or more 100

Success chance of other bid points can easily be interpo-
lated as follows: For example, the success chance of 160 bid
points is

(160 — 150)
82% + ——————= % (88 — 82)% = 83.2%.
+ 200-150) *{ )
There is no guarantee that this is the case for the current
year.
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