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Abstract
When undergraduate students are allowed to choose a time
slot in which to take an exam from a large number of options (e.g., 40), the students exhibit strong preferences
among the times. We found that students can be effectively modelled using constrained discrete choice theory
to quantify these preferences from their observed behavior.
The resulting models are suitable for load balancing when
scheduling multiple concurrent exams and for capacity planning given a set schedule.
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The Computer-Based Testing Facility (CBTF) [4] at the University of Illinois at Urbana-Champaign (UIUC) is a testing
facility that allows students to self-schedule time slots for
mid-term and final exams using the PrairieLearn [3] online
problem-solving system.
In Fall 2015 the CBTF conducted about 2000 exams per
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For planning purposes it is desirable to have a predictive
model of student preferences and scheduling behavior.
For example, different exams need to be spaced out over
the course of a week to balance load across the days, and
usage needs to be forecast so that more proctors can be
scheduled during busy periods. Data from Fall 2015 shows
strong and consistent patterns in student scheduling preferences and behavior, indicating that predictive models
should exist.

Constrained discrete choice models
To model student choices of time slots, we use the framework of discrete choice theory [2] from economics, which
models choices that people make from a set of discrete
alternatives. In particular, we use discrete choice models
with capacity constraints [1], because each time slot in the
CBTF can only accommodate a maximum of 45 students
simultaneously.
Figure 1: The student exam sign-up interface for the CBTF
(Computer-Based Testing Facility).

week with 9 different large-enrollment courses scheduling an average of 6 total distinct exams per week. Each
exam has a block of 3 to 5 days during which students are
free to schedule their individual exam time. Exams start on
the hour, typically 10am to 10pm daily, giving about 30 to
60 possible time slots that a student can choose from for
each exam. However, the testing facility can only accommodate 45 students simultaneously, so there are significant
constraints on student choice. Scheduling is handled via
a self-service online system (the CBTF Scheduler ) where
students can sign up for any time slot that currently has
seats available, and they are also able to delete or reschedule their future reservations. Figure 1 shows the student
scheduling interface.

We use n to index decisions, which are students choosing
time slots, i to index time slots, h to index the hour-in-week
of a time slot, and r to be the number of days remaining
within the period of a given exam. Using these variables,
we define four binary arrays:

ani
yni
xih
wnir

∈ {0, 1} is whether slot i was available for decision n
∈ {0, 1} is whether slot i was chosen for decision n
∈ {0, 1} is whether slot i is at hour-in-week h
∈ {0, 1} is whether slot i for decision n has
r days remaining in the exam period.

The desirability of time slot i for the student making decision n is modeled by its utility Vni . We will model this by
assuming the utility of a time slot depends on which hour
in the week it falls (that is, the hour of day and the day in
week) and also how many days are remaining in the exam
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period. We expect that students will prefer certain hours
and days (e.g., they might prefer late afternoon on weekdays) and that they will prefer to do exams close to the end
of each exam period. Our model is described by parameters βh and λr as follows:

βh xih +

Nr
X

λr wnir

βh = utility of hour-in-week h
λr = utility of r remaining days in the exam period.
Constrained discrete choice theory uses random utility
models [2] to derive the probability pni that decision n chooses
slot i to be:
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Figure 2: The relative probability (proportional to exp βh∗ ) of a
student choosing a time slot as a function of the hour-in-week h.

ani eVni
pni = PNi
.
Vnj
j=1 anj e

L = log-likelihood of the set of actual choices
=

Nn X
Ni
X

yni log pni

n=1 i=1

β ∗ , λ∗ = argmax L(β, λ).
β,λ

Results
Using data from the CBTF at UIUC in Fall 2015 we found
the maximum likelihood parameters shown in Figures 2
and 3. These parameters show that students prefer Thursdays and Fridays (but not Friday evenings), they prefer
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Given a set of actual choices in the array yni , we can determine the best-fit model parameters βh∗ and λ∗r using
maximum-likelihood estimation. This gives:
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Figure 3: The relative probability (proportional to exp λ∗r ) of a
student choosing a time slot as a function of days remaining r .
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Median absolute error
Mean absolute error
Root mean square error

Model
3.7%
7.2%
11.8%

Uniform
9.6%
14.5%
21.3%

Table 1: Prediction errors from the discrete choice model
(“Model”) and a naive uniform prediction (“Uniform”). Errors are
given as percentages of maximum capacity (45 students). The
model-based predictions have about half the error of the uniform.

Conclusions and future work
We fitted a constrained discrete choice model for student
scheduling preferences in a Computer-Based Testing Facility (CBTF) and found that the model predicted time slot
usages with a mean absolute error of 7.2%, indicating that
it is a practical model for planning purposes. Future work
includes full cross-validation studies and extensions to percourse parameters and per-student modeling.
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Figure 4: The predicted number of reservations per time slot
using the discrete choice model, versus the true numbers. The
45◦ black line represents a perfect predictor.

afternoon time slots, and they very much prefer to do the
exam on the last possible day.
The predicted versus true number of students per time slot
are shown in Figure 4, which have errors as shown in Table 1. The discrete choice model generally performs well,
with well under 10% mean absolute error in the number of
students who choose any given time slot.
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