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Problem Definition: While physical (or ‘social’) distancing is an important public health intervention
during airborne pandemics, physical distancing dramatically reduces the effective capacity of classrooms.
During the COVID-19 pandemic, this presented a unique problem to campus planners who hoped to deliver
a meaningful amount of in-person instruction in a way that respected physical distancing. This process
involved 1) assigning a mode to each offered class as either remote, residential (in-person) or hybrid, and
2) reassigning classrooms under severely reduced capacities to the non-remote classes. These decisions need
to be made quickly and under several constraints and competing priorities such as restrictions on changes
to the timetable of classes, trade-offs between classroom density and educational benefits of in-person vs.
online instruction, and administrative preferences for course modes and classrooms reassignments.

Methodology and Results: We solve a flexible integer program and use hierarchical optimization to
handle the multiple criteria according to priorities. We apply our methods using actual Georgia Institute of
Technology (GT) student registration data, COVID-19 adjusted classroom and lab capacities, and depart-
mental course mode delivery preferences. We generate optimal classroom assignments for all GT classes at
the Atlantacampus, and quantify the trade-offs among the competing priorities. When classroom capacities
decreased to 20 - 25% of their normal seating capacities, optimization afforded students 15.5% more in-person
contact hours compared to no room re-assignments (NRR). Among sections with an in-person preference,
our model satisfies 87% of mode preferences while only 47% are satisfied under NRR. Additionally, in a
scenario in which all classes are preferred to be delivered in-person, our model can satisfy 90% of mode
preferences compared to 37% under NRR.

Managerial Implications: Multi-objective optimization is well-suited for classroom assignment prob-
lems that campus planners usually manage sequentially and manually. Our models are computationally-
efficient and flexible with the ability to handle multiple objectives with different priorities, build a new
class-classrooms assignment or optimize an existing one, and can apply under normal or sudden capacity
scarcity constraints.
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1. Introduction
Despite the global COVID-19 pandemic that (as of April 2022) has killed more than 900,000
people in the United States and 6.2 million people worldwide (Dong et al. 2020), colleges are
under enormous pressure to operate with administrators citing concerns of declining future
enrollment and inequitable impact on underrepresented students (Doug 2020). Due to these
concerns, most US colleges spent Summer 2020 grappling with decisions on how to open their
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campuses safely in the Fall 2020 semester. Decisions from these administrators collectively

affect 19.9 million students who attend colleges and universities in the United States alone

(National Center for Education Statistics 2016).

Due to the pandemic, administrators face critical decisions about whether classes will be

offered in-person, remotely using online platforms, or in a hybrid format that delivers some

course content in-person and some content online. One fundamental trade-off in these deci-

sions is the balance between the quality of education and the health of students, staff, and

faculty. In the absence of risks to public health, the latest research on education supports

classroom environments that facilitate discussions to enhance critical thinking and commu-

nication skills (Freeman et al. 2014). However, the benefits of having students engaging with

their instructor and peers in the classroom are in direct conflict with the research on the

COVID-19 pandemic, which has shown that transmission of the coronavirus is highest when

people are sitting indoors for a long period and talking (de Oliveira et al. 2021). Reducing

in-person instruction time may lead to reduced risk of transmission in classrooms, but may

also decrease the quality of discussion and interaction among classmates.

Further, the COVID-19 pandemic created logistical challenges when deciding how to

deliver instruction to students due to the sudden scarcity in two critical resources: space

and instructional staff. Most college campuses suffer from classroom space constraints even

during non-pandemic times. The Center for Disease Control and Prevention (CDC)’s rec-

ommended 6-feet physical (or ‘social’) distancing (Savage et al. 2020) reduces the classroom

capacity down to 25 or even 20 percent of its original seating capacity (Lederman 2020).

Moreover, some instructional staff were in high-risk groups and were exempted from teach-

ing in-person courses. This sudden reduction in these resources creates a severe mismatch

between the supply and demand for classrooms, and limits the number of students that can

receive in-person instruction at any given time.

In this article, we propose a flexible hierarchical optimization framework to help colleges

balance competing objectives when re-assigning classes to classrooms due to sudden reduc-

tion in classroom capacity. The formulations we propose were motivated by our experience

working with the Coronavirus Campus Recovery Task Force at the Georgia Institute of

Technology (GT).
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1.1. Motivation for this study: The impact of COVID-19 at GT

This study was motivated by our experience at our own university. In this section, we describe
the context for our analytical modeling. Throughout our modeling process, we worked closely
with the Registrar and took steps to address contextual complicating factors such as working
within GT’s legacy computer systems and ensuring implementable solutions (Gorman 2021).

In June 2020, GT announced its plans for Fall 2020 which allowed students to return to
campus for coursework (Rogers 2020). The re-opening plan specified that courses would be
offered in four distinct modes:
• Residential Spread: In-person, with physical distancing.
• Hybrid Split: Lectures in-person, with physical distancing; students attend on a rotating

basis.
• Hybrid Touch Point: Lectures in an online format; bring students to the classroom several

times during the semester for meaningful in-person experiences.
• Remote: Fully remote delivery.
The academic departments, with guidance from the Task Force, determined the preferred
mode of each course, and the Registrar was left to reallocate classroom space among the non-
remote classes, under severely reduced capacities. Three factors determine the modality for a
course, as follows. 1) Classroom space: any course that was assigned in-person had to ensure
that the size of its assigned classroom is sufficient to accommodate the projected enrollment
of the course. This presented a challenge as the largest classroom – after adjustment for
physical distancing – was around 140 seats, but 95 classes out of 2249 (4.2 %) had enrollments
greater than 140 students. 2) Instructor health accommodation: some faculty members and
teaching assistants had risk factors as defined by the CDC and will only deliver classes in
Remote mode. 3) Pedagogical considerations: some courses (e.g., chemistry labs and hands-
on capstone design projects) lose substantial pedagogical value if delivered remotely, while
other courses might be more suitable for online delivery.

GT Scheduling Process: GT has a two-phase registration system. A Fall semester
schedule of classes is created in January then released in the Spring of that year. Cur-
rent students register during Phase I, which occurs in March through early May. Students
have an opportunity to make changes to their schedules during Phase II, which spans
the two weeks before the Fall semester starts in August. Incoming new students regis-
ter on a predetermined schedule during the summer semester after orientation events (See
https://registrar.gatech.edu/calendarfor details of GT’s academic calendar).

https://registrar.gatech.edu/calendar
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Classrooms: GT has classrooms that are controlled by the Registrar (hereafter, Registrar-

controlled classrooms), and classrooms that are controlled locally by the departments

(hereafter, department-controlled classrooms). The Registrar’s office assigns classes to the

Registrar-controlled classrooms based on projected class size, while taking into account

departmental requests for specialized classrooms. Large classrooms are a scarce resource even

during non-pandemic times, and therefore the Registrar has a process in place for depart-

ments to bid for these large classrooms, months ahead of the release of a schedule to the

students. Most departments have – under their control – a set of department-controlled

classrooms of various sizes that are located in the department’s building and serve as special-

ized classrooms for that department’s needs, such as seminars, design studios, special topic

classes, and meetings.

COVID-19 Implications for Classroom Assignments: When the US went into lock-

down in Spring 2020, current GT students were actively registering for the Fall 2020 semester.

When GT started re-planning in May and June 2020 for the Fall 2020 semester, thousands of

current GT students had already selected their fall classes, and classrooms had been assigned

to classes based on normal seating limits. The need for physical distancing to maintain a

6-foot radius around each seat reduced classroom seating capacities by 70-80%. Rather than

recreate a schedule to reflect physical distancing constraints, GT opted to keep the schedule

as-is and did not cancel any student registrations to minimize the stress on students inflicted

by having to re-register. That decision left the academic departments and Registrar with two

levers to accommodate physical distancing within classrooms: 1) change course section deliv-

ery mode based on its enrollment, instructor health accommodations, or pedagogical factors.

For example, a department may want to ensure that courses requiring significant in-person

interaction are taught in Residential Spread, while a course section for which the instructor

has an accommodation to teach online should be taught in Remote mode. 2) Re-assign class-

rooms among the non-remotely delivered sections, but limit the number of reassignments to

reduce disruptions to suitability of a classroom to a specific course, or reduce the logistical

burden associated with reshuffling classes. We distinguish a “course” from a “course section”.

A course (e.g., ISYE 3030 Basic Statistical Methods) might have multiple sections delivered

by different instructors on different times and days. Each of this course’s sections can have

its own delivery mode preference, either because the instructor of a particular section has a
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health accommodation, or the department has determined to offer a variety of modes to its
students.

Two of the authors served on the GT Coronavirus Campus Recovery Taskforce and saw
the value of modeling and analysis of potential solutions to this problem. Optimization
models are well-suited for this problem due to its scale and complexity, especially with all the
changing epidemiological facts and COVID-19 guidelines. Having a model that offered quick
solutions was critical to re-evaluate potential modes and assignments. This paper discusses
the methodology, results, and insights from classroom assignments and pandemic planning
at GT.

1.2. Contributions

In this article, we present a new modeling approach for simultaneously assigning course
modes and assigning sections to classrooms when classroom capacities are suddenly reduced.
The advantages of our methodological framework are summarized as follows.
• Practical: Our methodological approach works within a university’s existing timetable.

Although reworking a university’s timetable may lead to better solutions, the time and
cost required to change a timetable on short notice is often prohibitive. Our practical
approach makes the most of the existing timetable without the need to overhaul it.

• Multi-criteria: Our hierarchical optimization approach considers different objectives
with different and changing priorities that were identified in the process of working with
the Registrar’s office: stability, course mode preferences, and in-person contact hours.
These criteria were identified to address the needs of the GT Coronavirus Task Force and
Registrar.

• Flexible: Our approach is flexible in that it always provides a feasible solution. If the
preferred course modes cannot be satisfied due to space constraints, the output would rec-
ommend a different course mode while optimizing the objective in question. Additionally,
the model can adapt to requirements on the minimum number of times that a student
attends a course in order for it to provide a meaningful amount of “in-person” experience
for hybrid courses.

• Scalable: We use the methodological framework above to study course mode assignments
and classroom assignments at GT in Fall 2020. The data cover all undergraduate and
graduate courses to be offered in Fall 2020, excluding courses that are not taught on
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the main campus, asynchronous distance learning, and MBA programs. The final model

included 2,249 course sections and 549 classrooms, and considered 204 time slots.

Application of our model to the GT Fall 2020 class schedule disruption due the COVID-19

pandemic led to the following managerial insights.

• Using optimization to reassign sections to classrooms after sudden capacity
reductions leads to significant increase in satisfied course mode preferences.
In our data set, optimizing reassignments led to 215% increase in Residential
Spread sections compared to keeping classes in their original rooms. Further-

more, the resulting assignment results in 82% of the maximum amount of in-person contact

hours (i.e., if there was no reduction in room capacity for Hybrid and Residential Spread

preferred classes) compared to 71% when classes are not reassigned to classrooms.

• The introduction of a Hybrid Touch Point mode can increase the number of
mode preferences satisfied and amount of in-person contact hours. However,
these gains are negligible relative to assignments done without considering
Hybrid Touch Point mode. The introduction of a Hybrid Touch Point mode allows the

Registrar some flexibility because courses with the preference “Hybrid” can be satisfied

either through a Hybrid Split or a Hybrid Touch Point mode assignment. However, this

added flexibility does not substantially increase the amount of contact hours provided nor

does it substantially increase the amount of mode preferences that can be satisfied. There-

fore, if the Registrar would like to ignore the consideration of a Hybrid Touch Point mode

and just keep Hybrid Split mode, we would not expect to see a large drop in performance.

• Centralized scheduling can lead to substantial gains in number of in-person
contact hours. Compared to decentralized scheduling in which departments do not share

their own classrooms, centralized scheduling can result in an increase of 10.9% in the in-

person contact hours available to students through Residential Spread or Hybrid classes.

• Capacity reductions of more than 50% lead to rapid decline in contact hours.
If the adjusted capacity remains over 50% of the full capacity, 100% of all non-Remote

preference classes can be satisfied and more than 90% of the maximum amount of in-

person contact hours for these non-Remote classes can be delivered. However, when the

adjusted capacity drops to 25%, 65% of the maximum contact hours can be delivered, if

classrooms can be reassigned and centralized scheduling is enforced.
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• Decreasing the amount of in-person instruction delivered can significantly
decrease the distance by which classes are relocated. Although maximizing in-
person instruction hours is a strong priority, departments have also conveyed a strong
desire to minimize relocation of sections. Our work shows that we can significantly reduce
the relocation distance by slight sacrifices to other objectives. For example, in our exper-
iments, we can reduce distance relocation by two orders of magnitude at a less than 1%
sacrifice in mode preferences and about 10% sacrifice in contact hours.

1.3. Organization of the paper

The remainder of this article is organized as follows. In Section 2, we provide background
on course scheduling, room assignment, and timetabling for university classes, and discuss
the related literature. In Section 3, we propose optimization models for assigning course
modes and reassigning classrooms due to reduced capacity, and in Section 4, we present our
hierarchical optimization approach. In Section 5, we demonstrate our formulations using a
case study of GT’s Fall 2020 schedule, and in Section 6, we describe the contributions of
our optimization modeling on the decision-making process at GT. Finally, in Section 7, we
summarize our most important findings, discuss the limitations of our work, and present
opportunities for future research.

2. Literature Review
The larger problem of university course scheduling has been thoroughly studied in a variety
of settings. University course scheduling consists of two key sub-challenges. Planners must
determine (1) when courses should be taught (timetabling), and (2) where each course should
be taught (room assignment). In the literature, course timetabling and room assignment are
either tackled simultaneously or independently.

Lach and Lübbecke (2008) state that solving both problems simultaneously in one large
IP is likely to be computationally impractical for larger universities, and instead decompose
the problem into two stages, by first scheduling the courses and then assigning courses to
rooms. The authors exploit the structure of their constraints, generating facets of a partial
transversal polytope to obtain tight cuts. Their decomposition method solves the timetabling
and room assignment problems simultaneously and exactly. The authors only consider one
objective, however, defined by the professors’ preferences for each feasible pair of a course
and timeslot. Several (meta)heuristics have been proposed in the literature to address both
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problems simultaneously. Ueda et al. (2000) consider a two-phase genetic algorithm, where

two populations are used, one for scheduling classes and one for allocating them to rooms.

Kostuch (2004) use a simulated annealing procedure to handle timetabling and room allo-

cations. The authors also take student enrollments into account, so that no two courses

in which a student is enrolled can be scheduled at the same time. This is known as the

post-enrollment stage of the problem.

There are two main reasons for approaching timetabling and room assignment indepen-

dently. First, the administrative process for timetabling and room assignment are often

managed by different administrative departments and performed disjointly. Secondly, even

in cases where it is of administrative interest to solve both problems simultaneously, it is

helpful to solve these problems independently for tractability . Although considering the two

aspects of course scheduling independently greatly reduces complexity, tractability is still a

fundamental challenge. For a fixed course schedule, Carter and Tovey (1992) state the con-

ditions under which the room assignment problem is polynomially solvable or is NP-hard,

where the former holds if the time windows for sections are non-overlapping. In the latter,

more practical case, integer programs (Waterer 1995, Phillips et al. 2015) and heuristics

(Mulvey 1982, Gosselin and Truchon 1986, Glassey and Mizrach 1986) have been proposed.

While most studies focus on a single objective, more recent papers have considered mul-

tiple objectives. Given a ranking of the objectives, Barnhart et al. (2021) propose a hier-

archical optimization approach to tackle the problems of timetabling and room assignment

together, as well as term planning. The authors consider whether their objective functions

would benefit from a shift to a three semester calendar. The paper addresses the problem

of university course scheduling under constraints posed by COVID-19 and its physical dis-

tancing requirements. Phillips et al. (2015) propose a flexible integer program to analyze the

room assignment problem, and consider hierarchical objective functions as well. The objec-

tives considered include event hours, seated student hours, seat utilization, room preference,

course room stability, and sparse seat robustness. Some of these objectives are similar to

objectives considered in our study, but are calculated differently. For instance, their objec-

tive of “seated student hours” is conceptually the same as our “contact hours”, but since we

consider the possibility of courses being taught in different modes, our objective functions

adapt correspondingly.
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Our work considers course scheduling in the context of sudden reductions in room capacity
due to a pandemic. While several studies have explored the risk associated with moving
classes online during the COVID-19 pandemic (Lopman et al. 2021, Gressman and Peck
2020, Weeden and Cornwell 2020), there has been limited consideration of whether the
proposed strategies are feasible given the sudden capacity drops associated with the CDC’s
recommended 6-feet physical distancing (Savage et al. 2020). Others have considered the
impact of sudden capacity reductions due to a pandemic on bus scheduling on university
campuses, another important consideration for campus operations, using optimization and
simulation techniques (Chen et al. 2020). To our knowledge, Barnhart et al. (2021) is the only
paper that examines course scheduling in the context of sudden scarcity in room capacity due
to a pandemic and our work adds to this area of research. While Barnhart et al. (2021) adopt
a more granular approach and focus on tackling the larger problem of timetabling and room
assignment simultaneously to a single department, we focus on scalability and the ability
to handle sections across all departments in a university, where we are given an existing
timetable and solve the room assignment problem. The goal is to be able to quickly solve the
room assignment problem and give planners the ability to run what-if scenarios. Moreover,
we expand on the room assignment problem and implicitly determine the mode a section is
taught in (e.g., Residential Spread vs Hybrid Split) through our optimization model, which
differs from past studies that treat the mode of a section as an input parameter.

3. Classroom and Course Mode Assignment Formulations
We now formally introduce the classroom and course mode assignment problem (CCMAP).
We present integer programming formulations to help campus administrators simultane-
ously assign classrooms and course modes to satisfy various administrative preferences. As
mentioned previously, we assume that all course sections are delivered in their previously
assigned time slots due to existing registrations and ease of administrative implementation.

3.1. Preliminaries: CCMAP under reduced capacity

If a section is delivered entirely remotely, there is no need to assign a room for that section.
If a section is delivered partially in-person (i.e., in Hybrid Split, Hybrid Touch Point, or Resi-
dential Spread mode), then the section needs to be assigned a classroom. Thus, given a set of
sections and enrollments, CCMAP is defined as assigning sections to both a room and deliv-
ery mode, where we optimize over one or multiple objectives determined by administrative
preferences.
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If the section x ∈ X is assigned to a room r ∈ R, the delivery mode of x is determined
by a relationship between the assigned classroom’s capacity nr and the section’s enrollment
px. The mode also depends on other specifications, such as the number of times the section
x is scheduled to meet each week (denoted mx), the number of weeks in the semester (W ),
and the minimum number of “touch points” (S) required for Hybrid Touch Point courses.
A touch point is defined as the number of times a student must be able to attend a class
in person over the semester for the section to not be deemed fully remote, with 1≤ S ≤W .
The user may select any feasible value of S that is most appropriate for their administrative
needs. The assigned “mode” for a section x taught in room r is determined by the following
logic.
• px ≤ nr: “Residential Spread”, meaning that the section is held in-person with all students

attending every class.
• nr < px ≤mxnr, mx = 2, . . . ,5: “Hybrid Split”, meaning that the section is held in person

and students attend at least one class per week. When mx = 2, students attend exactly
one class per week. When mx = 3, if px ≤ 2nr each student attends 2 classes per week
; otherwise each student attends 1 class per week. Similarly, if (k − 1)nr < px ≤ knr for
k= 1, . . . ,mx then each student attends mx− k+1 classes per week.

• mxnr < px ≤Wmxnr/S: “Hybrid Touch Point”, meaning that much of the class delivery
takes place online, but there is scheduled face-to-face time between students and instruc-
tors, so that students can touch base with the instructor at least S times during the
semester.

An illustration of CCMAP is provided in Figure 1, where we give an example of a feasible
solution. We now consider factors that might make one feasible solution to CCMAP more
desirable than another in the eyes of campus administration, and important constraints on
reassignments that ensure they are implementable.

Each section x∈X has a mode preference, which is typically based on the instructor’s or
department’s preference. Additional considerations that must be accounted for when assign-
ing class sections to rooms are restrictions on rooms for some classes due to the need for
specialized equipment and constraints that prohibit two courses from being assigned to the
same room at the same time. We now discuss the details of these restrictions.

First, each section x ∈ X has a restricted set of rooms Rx which it can be assigned to.
A chemistry lab section, for instance, may only be assigned to rooms with the appropriate
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Full Capacity
Room A, 12 seatsMATH 101, 10 students

SPAN 201, 8 Students Room B, 10 seats

ENGL 405, 4 Students Room C, 6 seats

MATH 101, 10 students Room A, 6 seats

Room B, 5 seatsSPAN 201, 8 Students

Reduced Capacity

Hybrid
 Split

ENGL 405, 4 Students Room C, 3 seats

Remote

Residential Spread

Figure 1 An illustration of CCMAP for 3 class sections (shown in blue) and 3 rooms (shown in green) when
capacity is reduced to 50%. MATH 101, SPAN 201, and ENGL 405 have 10, 8, and 4 students,
respectively. Without capacity reductions, MATH 101 is delivered in Room A, SPAN 201 is delivered
in Room B, and ENGL 405 is delivered in Room C. After capacity reductions, MATH 101 is assigned
Remote mode and thus has no assigned room. SPAN 201 has 8 students and so can fit into Room A with
its reduced capacity of 6 seats when delivered in Hybrid Split mode (students alternate attendance).
ENGL 405 has 4 students and is assigned to Room B in Residential Spread mode; all ENGL 405 students
are able fit in the room at the same time even with Room B’s reduced capacity..

lab equipment. The definition of Rx is also influenced by room capacity. For a given section
x, any room r with nr < Spx/(Wmx) does not meet the minimum threshold for in-person
learning and so is excluded from Rx. Conversely, the set of sections that may be taught in
room r for r ∈R is denoted Xr, and these sets are based on the same restrictions. Later, we
will consider the effects of centralized planning compared to decentralized planning, which
affects the feasible set of classrooms that are allowed for a given section.

Second, we consider constraints that ensure two sections are not assigned to the same room
in timeslots that overlap. Our model makes a few mild assumptions regarding the structure
of these timeslots. Each timeslot should consist of a pattern of days, a single start time,
and a single end time. Concretely, 11:00-11:50am MWF (Monday, Wednesday, Friday) and
9:30-10:45am TR (Tuesday, Thursday) are each valid timeslots. However, 11:00-11:50am MW
10:00-10:50am F, is not a valid timeslot, as the start time and end time vary based on the
day of the week. A course with such a schedule will be modeled as two separate sections, i.e.
two different elements in the set X . The first section would have the predetermined timeslot
11:00-11:50am MW, and the second section would have the timeslot F 10:00-10:50am. This
does mean there may be a different room assignment for Monday and Wednesday than for
Friday. We argue that such timeslots are relatively uncommon for university schedules. When
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they do occur, it is not unreasonable to ask faculty and students to use different rooms on

different days of the week.

Recall there may be multiple sections of the same course, and each section is modeled

independently. We do not require that sections of the same course be taught in the same

room, in the same mode, nor do we impose any other form of interdependence between

sections of the same course. This modeling choice was informed by discussions with the GT

Task Force. On the one hand, if different sections of the same class were taught in the same

delivery mode, that would give some consistency across sections; on the other hand, if they

were taught in different formats, this would allow for students to register for the mode they

preferred and at this point in time, students had mixed opinions about in-person vs. hybrid

vs. remote instruction (Steimle et al. 2022). Because there seemed to be benefits to both

outcomes, the Task Force was not concerned about modeling different sections of the same

class independently.

Lastly, we mention that the set X , and the CCMAP in general, only consider sections that

would typically be taught in Residential Spread. In other words, sections for courses that

are exclusively taught online are not considered in CCMAP, as no further decisions need to

be made for such sections.

Table 1 Summary of notation

Set/Parameter Description

X A set of class sections, where there might be multiple sections of the same class
R A set of classrooms
ST A set of day-time pairs during the week that are a start time of some meeting of

some class, e.g. if a class has timeslot 11:00-11:50am MWF then the three meeting
start times of that class, (M, 11:00am), (W, 11:00am) and (F, 11:00am) are all
elements of ST

Rx The set of rooms suitable for section x to be held in, for each x ∈ X (e.g., if the
class needs certain lab equipment, it must be held in a room with that equipment)

Xr The set of sections that may be taught in room r for each r ∈R
Xd,t The set of sections that have a meeting on day d that starts before time t on that

day and that makes the classroom it is assigned to unavailable for other classes
until time t or later, for (d, t)∈ ST

Xrdt =X ∩Xr ∩Xd,t the set of non-remote sections which can be assigned to room r ∈ Xr, and which
meet on day and time (d, t)∈ ST

px the number of students enrolled in section x∈X
nr the maximum number of students that can be seated in classroom r ∈R

With these considerations in mind, we now define the feasible region of the CCMAP. The

required parameters and sets are summarized in Table 1. We define the decision variable X
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to be a binary vector, where Xx,r is one if and only if section x is assigned to room r, and
P to be the set of feasible assignments defined by the following set of constraints:∑

x∈Xrdt

Xxr ≤ 1, ∀r ∈R, ∀(d, t)∈ ST (1)

∑
r∈Rx

Xxr ≤ 1, ∀x∈X (2)

Xxr ∈ {0,1}, ∀x∈X , ∀Rx

Constraint (1) ensures we assign at most one section to any room r ∈ Xr for each meeting
day and time (d, t) ∈ ST ; constraint (2) ensures all non-remote sections are assigned to at
most one room. Note that in constraint (2), the inequality provides the flexibility to have
originally non-remote sections be taught remotely.

In the subsections that follow, we discuss different objectives that can be used to optimize
the decisions in the CCMAP. We discuss the motivation for considering each objective, and
we formulate a unique IP for each objective. When necessary, we introduce new sets and
parameters.

3.2. Delivery Mode Maximization

The first objective we discuss is delivery mode preference maximization. A key administrative
concern is to ensure that as many sections as possible are taught in their preferred mode. The
mode preferences discussed are influenced primarily by the instructor health accommodations
and pedagogical concerns mentioned in Section 1.

In order to properly model the desired objective, we introduce the categorical parameter,
lx,r, which will denote the delivery mode for each section x, if it is assigned to room r

following the logic described in Section 3.1:

lx,r =


Residential Spread if px ≤ nr,

Hybrid Split if (k− 1)nr < px ≤ knr, k ∈ {2, . . . ,mx}

Hybrid Touch Point if mxnr < px ≤Wmxnr/S.

Note that lx,r is not defined if px >Wmxnr/S because this implies room r is not large enough
to ensure that each student in section x could have S touch points over the course of the
semester. In this case assigning x to r assumes that the section will be run in Remote mode
and r /∈Rx. Note that we do not impose the requirement that all sections of the same course
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be assigned the same mode. This was intentional because for some courses, the academic
units aimed to offer several mode options to students.

The choice of room assigned (or not assigned) dictates the highest-contact mode that is
possible for a section to be delivered in. In practice at GT, the unit responsible for each course
provides a preference for one of Residential Spread, Hybrid, or Remote for the course section,
as discussed in Section 1. We define sets to capture the unit preferences below. Currently,
we assume that if a unit specifies Hybrid, then they will be satisfied with either Hybrid Split
or Hybrid Touch Point mode. However, units may express a more specific hybrid preference.
For example, they may provide a lower bound on the number of meetings each student could
have with the instructor during the semester for a given course (the parameter S would then
become Sx, and be section-dependent).

• Lx: the set of delivery modes section x may be taught in, as determined by
its unit or by university administration. We call this the set of modes pre-
ferred for the section. Lx must be a subset of the partially ordered set L =

{Residential Spread,Hybrid Split,Hybrid Touch Point,Remote}. The partial ordering
of L follows Residential Spread ≥Hybrid Split ≥Hybrid Touch Point. Lx obeys upward
closure on L. For example, if Hybrid Split ∈ Lx, then Residential Spread ∈ Lx. Intu-
itively, we are assuming that there would be no objection to teaching a section in a mode
with increased contact hours. This does not hold for sections with preference for remote
instruction, as there may be general objections to teaching such sections in person.

• R̂x = {r ∈ Rx : lx,r ∈ Lx}: the set of rooms that match the room type required for
section x, (classroom, chemistry lab, etc.) and in which the class may be delivered in a
preferred mode.

We now present a formulation that maximizes the number of sections delivered in a pre-
ferred mode. For a given section, x∈X , if x is assigned to a room enabling it be delivered in
preferred mode, then the expression

∑
r∈R̂x

Xx,r = 1, while if x is not assigned to a room and
Remote ∈Lx then x may also be delivered in preferred mode. Thus, the number of sections
that are delivered in a preferred mode is

Op(X) =
∑
x∈X

∑
r∈R̂x

Xx,r +
∑

x∈X :Remote∈Lx

(1−
∑
r∈Rx

Xx,r)

and the corresponding maximization problem is

maximize
X ∈ P

Op(X). (3)
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3.3. Contact Hours Maximization

Another objective of interest to campus planners relates to the total number of student-
credit hours delivered in-person (either via a Residential Spread course or via the in-person
component of a Hybrid course). We refer to these in-person student-credit hours as ‘stu-
dent contact hours’. We first provide some notation for contact hours and then describe the
objective in detail.

For a given section x∈X , let hx denote the number of contact hours per meeting of the sec-
tion. So the total number of contact hours delivered face-to-face under normal circumstances
over the semester is hxmxW and the total number of student-contact hours is hxmxWpx.
If x is assigned to a given classroom r ∈ R, then it must be that px ≤Wmxnr/S and the
number of student-contact hours delivered face-to-face is dictated by the mode choice. We
calculate a new parameter, dependent on the section, room and preferred mode set, to denote
the number of contact hours per student and per week, given by

fx,r =


hxmx, if px ≤ nr and Residential Spread ∈Lx,

hx(mx− 1), if px ≤ nr and Residential Spread ̸∈Lx,

hx(mx− k+1) if (k− 1)nr < px ≤ knr, k ∈ {2, . . . ,mx}

⌊Wmxnr/px⌋hx/W, otherwise, so px ≤Wmxnr/S.

The second alternative makes the assumption that if a section for which a Hybrid mode is
preferred is assigned to a room big enough for Residential Spread, then it will be taught
in the highest contact hours possible for Hybrid Split, meaning that each student skips one
class per week. The last alternative is deduced by observing that if all students meet the
instructor in-person the same number of times during the semester, for the duration of a
section meeting, then each student can experience at most ⌊Wmxnr/px⌋hx contact hours in
total over the semester.

Let Oh(X) be the total number of contact hours delivered by an assignment X, where
Oh(X) =

∑
x∈X

∑
r∈Rx

fx,rpxXx,r.

Then the problem of finding an assignment which maximizes the number of contact hours
delivered is

maximize
X ∈ P

Oh(X). (4)

One note is that the contact hours objective coefficient factor fx,r defined above assumes
that if a section, x, meets mx times per week, then in Hybrid Split mode students could
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attend the class only once per week, twice, three times, etc., up to mx − 1 times, i.e., each
student skips the same number of classes per week, which is at least 1 and at most mx− 1.

Alternatively, Hybrid Split mode may be implemented using distinct cohorts of students
so that students in each cohort never meet students from the other cohorts when attending
their class for the section. Let κx denote the number of times each student attends class
per week, for section x. In the case that mx = 2, Hybrid Split implies that κx = 1 and the
class can be split into two distinct cohorts that meet on alternate class days. In the case
that mx = 3, Hybrid Split with κx = 1 implies that the class can be split into three distinct
cohorts that meet on one of each of the class days. The case that mx = 3, Hybrid Split with
κx = 2 prohibits distinct cohorts, e.g. a MWF section has three cohorts that attend MW, WF
and MW, but each of these interact with the others in one class meeting per week. Similarly,
mx = 4 run in Hybrid Split with κx = 1 or κx = 2 imply 4 or 2 distinct cohorts, while κx = 3

prohibits distinct cohorts. Since the ability to implement distinct cohorts could be significant
in reducing disease spread, campus planners have an interest in only permitting these modes.
This leads to the following, alternative, definition of the contact hours objective coefficients:

fx,r =



hxmx, if px ≤ nr and Residential Spread ∈Lx,

hx if mx ∈ {2,3}, px ≤mxnr, and (px >nr or Residential Spread ̸∈Lx),

hx if mx = 4 and 2nr < px ≤ 4nr,

2hx if mx = 4, px ≤ 2nr and (px >nr or Residential Spread ̸∈Lx),

⌊Wmxnr/px⌋hx/W, otherwise, so px ≤Wmxnr/S.

3.4. Plan Stability Objectives

Campus planners, instructors, and students have preconceived expectations of the room
assignments: prior to the need to accommodate physical distancing, rooms were already
assigned to courses. Given a pre-existing assignment, we consider two types of plan stability
objectives: a relocation distance defined as the sum of the travel distances between the build-
ings in which sections are located in the pre-existing assignment versus a new assignment,
and the number of assignment changes.

Pre-existing room assignments are usually in buildings that are preferred by the unit
responsible for the course, and assigning a course to a building far away from the pre-existing
assignment is likely to create long travel times for students and faculty moving between
classes. The second stability objective relates to the amount of labor required in the Reg-
istrar’s Office to modify room assignments in the system. It also measures the degree of
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interaction needed with instructors to check that undocumented features of their new rooms
meet their requirements for the course. In general, the allocation of sections to classrooms
is not solved once, but is iterated over multiple phases as new enrollment information is
received, as is the case with GT’s two-phase registration system, for example. In the earlier
phases, planners might be more willing to make bigger changes to a previous assignment,
where labor is not as much of an issue. As we get closer to the start of the semester and enroll-
ments become less volatile, planners might be less flexible, equally penalizing any change in
the current assignment. We formally define both objectives.

3.4.1. Relocation Distance Minimization The preference for pre-existing room assign-
ments and short travel distances can be captured in a single objective using the following
parameters.
• θx ∈R: the pre-existing room assigned to section x, which may be null, for example, if the

section is newly created.
• B: the set of buildings in which there are classrooms.
• db,b′ : the travel distance from building b to building b′, for b, b′ ∈B. In the case that b= b′,

this distance may still be positive, to model the likely (average) distance between different
rooms within the same building.

• Rb ⊆R: the set of rooms in building b∈B.
• br ∈B: the building in which room r ∈R is located.

We model the cost of assigning section x to room r versus its pre-existing assignment as:

∆x,r =

 0, if r= θx

d2bθx ,br , otherwise.

The sum of squared distances between a given assignment X and a pre-existing one is:

Od(X) =
∑
x∈X

∑
r∈Rx

∆x,rXx,r,

and minimizing the sum of squared relocation distances is then

minimize
X ∈ P

Od(X). (5)

Note that the value assigned to db,b is unlikely to greatly affect the result, provided it satisfies

db,b < δ min
b′∈B,b′ ̸=b

db,b′
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for 0< δ << 1. For example, a δ value of 0.25, 0.1, or 0.01 may yield reasonable solutions.
Note also that the travel distance db,b′ between two buildings b and b′ could be any measure
of distance that is appropriate for the campus, such as walking time or Manhattan distance.
For our study, we approximate the travel distance parameters, db,b′ , as the haversine distance
between pairs of longitude and latitude coordinates of the buildings.

3.4.2. Assignment Change Minimization In this stability objective, we are interested
in the number of changes to a pre-existing assignment. Note that this quantity is related to
the relocation distance, as minimizing the latter indirectly lowers the former if db,b > 0 for
all buildings b∈B.

To minimize the number of changes to a pre-existing assignment, we equivalently maximize
Oa(X), given by

Oa(X) =
∑
x∈X

∑
r∈Rx

Xxθx.

and the associated maximization problem is
maximize
X ∈ P

Oa(X). (6)

4. Multi-Objective Optimization
Given the many objectives of interest, campus planners will want to ideally take multiple, if
not all, objectives into account when deciding on an assignment. We thus turn to a multi-
objective optimization framework to handle the different objectives. While the literature is
rich with multi-objective optimization algorithms (see Przybylski and Gandibleux (2017),
Pardalos et al. (2017), Antunes et al. (2016)), we provide a classical hierarchical method for
its simplicity and interpretability.

4.1. Hierarchical Optimization

Let z1(X), . . . , zK(X) be the objectives of interest from Op(X),Oh(X),−Od(X) and Oa(X).
The problem of simultaneously optimizing these objectives can be written as

maximize
X ∈ P

{z1(X), z2(X), . . . , zK(X)}.

Note that we use the negative of the relocation distance objective as it is originally a mini-
mization problem (see (5)). In a hierarchical optimization approach, we assume we are given
a ranking of the objectives by the campus planners. We then optimize each objective sequen-
tially in the order of the ranking while constraining the previous objectives in the ranking
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to be within a specified tolerance of their optimal value resulting from the previous solves.
For example, if objectives z1(X), . . . , zK(X) are in order of importance, we first maximize
z1(X) to obtain an optimal value z∗1 . We then maximize z2(X) with the added constraint
z1(X)≥ (1−α1)z

∗
1 , where α1 is a tolerance parameter between 0 and 1 which we vary until

we are satisfied with the value of the second objective. We thus obtain α∗
1 and z∗2 . When

optimizing objective ℓ in the ranking, we solve

maximize
X ∈ P

zℓ(X)

subject to zk(X)≥ (1−αℓ−1)z
∗
ℓ−1,

zk(X)≥ (1−α∗
k)z

∗
k , k= 1, . . . , ℓ− 2

where 0≤ αk ≤ 1 for k= 1, . . . , ℓ−1. Tolerances {α∗
k}ℓ−2

k=1 are fixed from the previous solves in
the hierarchy, and we only vary αℓ−1 to obtain α∗

ℓ−1 and z∗ℓ . Note that one can also increase
any of the “fixed” values {α∗

k}ℓ−2
k=1 if desired; decreasing them might lead to an infeasible

solution if other tolerances are not relaxed accordingly.
Such a hierarchical procedure is interpretable and is simple to implement. In fact, this

approach can be done automatically using a commercial solver like Gurobi (Gurobi Opti-
mization, LLC 2021).

4.2. Obtaining Non-Dominated Solutions

Hierarchical optimization is not guaranteed to produce non-dominated solutions if the relax-
ation parameters are strictly positive; there may be solutions optimizing the final objective
that give better values for the relaxed objectives. For example, consider using the hierar-
chy of objectives where we first maximize the number of sections delivered in a preferred
mode Op(X), then maximize the number of contact hours Oh(X), and finally minimize the
relocation distance objective Od(X). Denote the optimal values of the first two optimization
problems in the hierarchy by z∗p and z∗h, respectively. The last optimization problem where
we minimize Od(X) with added constraints Op(X) ≥ (1− αp)z

∗
p and Oh(X) ≥ (1− αh)z

∗
h

has optimal value z∗d and optimal solution X∗. There may be another solution X̂ where
Od(X̂) = Od(X

∗) and either Op(X̂) > Op(X
∗), Oh(X̂) > Oh(X

∗) or both. In other words,
there may exist a solution X̂ which dominates X∗, having equal total relocation distance,
but being at least as good in all relaxed objectives and better in at least one.

Final solutions used in practice should be non-dominated. We thus first use hierarchical
optimization, then optimize a weighted combination of the objectives, where each objective
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is constrained to be at least as good as their value in the hierarchical optimization. To obtain
a non-dominated solution, we may solve an IP of the following general form:

maximize
X ∈ P

K∑
k=1

wkzk(X)

subject to zk(X)≥ z∗k, k= 1, . . . ,K

(7)

where wk are positive parameters and z∗k is the value of objective k resulting from the
hierarchical optimization. Parameters wk can be chosen based on the relative scale of the
objectives, for example.

5. Application to GT’s Fall 2020 Schedule
In this section, we present our modeling approach applied to the Fall 2020 schedule at
GT. We first describe the data used in our study, and then present how the approach and
models can be used to inform trade-offs for an entire university in the baseline scenario. All
models were implemented in Python 3.8.3 using the commercial solver Gurobi 9.1.0 (Gurobi
Optimization, LLC 2021), and all mixed-integer programs were solved using default settings
unless specified otherwise. Experiments were run on a 3.6 GHz Linux machine with 16 GB
RAM, 6 cores and 2 threads per core.

5.1. Data preparation and model implementation

We began working with the registrar in June 2020. At this point in time, with the exception
of incoming freshmen and first-year graduate students, the majority of GT students had
already registered for Fall 2020 classes during Phase I registration in Spring 2020 reserving
more than 57,000 seats.

The Registrar provided us with the following data: (1) course sections and associated time
slots, faculty, and teaching mode preferences; and (2) a list of all Registrar-controlled and
department-controlled classrooms, with original seating capacities. Our team had, in a sepa-
rate project to support physically-distanced classroom layouts, redesigned all the Registrar-
controlled classrooms. Therefore, we used the adjusted seating capacities based on those
layouts and interpolated those numbers for the department-controlled classrooms, which we
did not redesign precisely.

We excluded courses that are not taught on Atlanta’s maincampus, courses that do not
need a classroom, such as thesis and undergraduate research. We combined cross-listed sec-
tions with their originating department section, given that these sections meet at the same
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time and place, and with the same instructor. Table 2 provides descriptive statistics of the
course sections and classrooms in the model. Notably, there are 173 sections with a projected
enrollment of over 100 students and only one classroom that can accommodate over 100
students simultaneously with 6-ft physical distancing. The average projected enrollment is
44.3 students, while the average adjusted-capacity of classrooms is 14 seats. Courses with
mode preferences of Hybrid could be taught in either Hybrid Split or Hybrid Touchpoint
in order to have their mode preference satisfied. Moreover, these courses did not specify
the minimum number of touch points, which increases the space of feasible solutions. How-
ever, many of those solutions would dictate 1 or 2 touch points in the semester, which is an
inferior experience for students who register in a Hybrid course in hopes of more in-person
interactions and then receive an almost entirely remote experience. Therefore, the power of
our approach is its ability to identify reassignments that not only satisfy mode preferences
- which would not be difficult to achieve with such a large proportion of Remote sections
and such a small proportion of Residential Spread sections - but primarily in maximizing
the number of in-person contact hours for the students.

To investigate the robustness of our managerial insights, we also investigated an alternative
data set corresponding to a hypothetical scenario in which Spring 2020 courses were also
subject to sudden scarcity (as opposed to a complete shutdown of campus). We describe
the data set and the resulting analysis the findings in the E-companion. We found that our
managerial insights are consistent in the other data set.

5.2. Results

We present the results of our study in this section. We first describe a baseline scenario
presented to us by the Registrar, then discuss the implications of decentralized planning and
requirements on number of touchpoints, and the value of hierarchical optimization and the
trade-offs between the different objectives.

5.2.1. Baseline scenario: Satisfied preferences, contact hours, and plan stability Given
the ranking of objectives from the GT campus planners, we solved the hierarchical opti-
mization problem as explained in Section 4.1, where we first maximized the mode preference
satisfaction, then maximized contact hours, and finally minimized the relocation distance.
Specifically, we set a tolerance of 0.01 and 0.1 for the number of mode preferences and contact
hours objectives, respectively. Since campus planners prioritized satisfying mode preferences
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Table 2 Characteristics of course sections and classrooms in the data set

Characteristic Value

Number of Course Sections 2249
Mean Current Enrollment 25.4
Median Current Enrollment 14
Mean Projected Enrollment 44.3
Median Projected Enrollment 30
Number of Unique Time Slots 204
Number of Buildings 37

Projected enrollment Sections
150+ students 88
100 - 149 students 85
50 - 99 students 550
25 - 49 students 669

Mode preference Sections
Residential Spread mode preference 118
Hybrid (Split or Touchpoint) mode preference 1291
Remote mode preference 840

Adjusted capacity Rooms
150+ seats 0
100-149 seats 1
75-99 seats 4
50-74 seats 16
25-49 seats 51
20-24 seats 61
15-19 seats 75
10-14 seats 108
5-9 seats 144
2-4 seats 117
Total with 2+ seats 577

Control Rooms
Registrar-controlled 152
Department-controlled 441

the most, we selected a tight tolerance for this objective. In other words, in order to improve
the number of contact hours achieved, we are only willing to decrease the number of mode
preferences satisfied by 1%, and in order to improve the relocation distance, we are willing
to decrease the contact hours, by 10%.

We also note that if a section has a mode preference for Remote but is taught with an in-
person component, this would improve the contact hours objective (4) and potentially provide
improved quality of education, at the expense of the mode preferences objective (3). However
at GT, Remote mode preferences were often dictated by instructors’ health accommodations.
Therefore, courses with Remote mode preference were automatically assigned to Remote
mode.

Table 3 demonstrates properties of the solution determined by our hierarchical optimiza-
tion model and compares the optimization model solution to a scenario in which no rooms
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are reassigned (no room re-assignment, denoted by NRR). Under NRR, each section would
keep its originally assigned room, unless that section’s preferred mode is Remote, in which
case it is removed from the classroom. In some cases, this led to a section with Residential
Spread mode being assigned a hybrid mode because the classroom cannot fit the enroll-
ment while maintaining physical distancing. In other cases, the section indeed was forced to
Remote mode because the classroom was too small to hold a Hybrid format of this class. The
registrar had initially considered adhering to NRR, in order to minimize the administrative
burden of re-assigning rooms.

Our model is able to achieve a total of 86,529 in-person contact hours across all students.
If there was no need for physical distancing and each section with a non-Remote mode
preference could be taught in Residential Spread, there would be 105,030 total contact hours.
Thus, our solution satisfied 82% of the maximum possible contact hours compared to 71%
from the NRR strategy. We note our solution kept 400 sections, or 17.3% of sections, in their
originally assigned room. The solution also kept 491 sections, or 38.6% of all sections, in
different rooms within the same building.

Our model was able to satisfy 99.2% of mode preferences compared to 95.7% in the NRR
strategy. NRR is likely able to achieve a high satisfaction of mode preferences because
nearly 40% of sections were preferred to be in Remote mode. However, among sections with
a Residential Spread mode preference, NRR only achieves 47% mode satisfaction, which
was one of the Registrar’s key concerns with the NRR policy. Meanwhile, our optimization
model achieves 87% mode satisfaction among these sections, indicating its ability to signif-
icantly improve accommodation for sections with preference for Residential Spread. In the
E-Companion, we consider a scenario in which all sections are preferred to be delivered in
Residential Spread. The benefit of the optimization model is clearly seen in this scenario since
NRR is only able to satisfy 37% of mode preferences compared to 90% using the optimization
model (see E-Companion §EC.1.3.2).

5.2.2. Implications of decentralized planning In the previous analysis, we assumed the
Registrar is able to assign any section to any classroom on campus. In reality, each class-
room at GT is classified as either a Registrar-controlled or department-controlled classroom.
Department-controlled classrooms are managed by individual departments, rather than cam-
pus planners, and the individual departments choose which sections are assigned to decen-
tralized classrooms. Meanwhile, Registrar-controlled classrooms are managed by campus



Navabi-Shirazi et al. : Multi-criteria Course Mode Selection & Classroom Reassignment
24

Table 3 Comparison of 2 strategies for course mode selection and room re-assignment: No room re-assignment
(NRR) in which each section keeps its original pre-pandemic room assignment & our model which simultaneously

assigns modes and re-assigns classrooms

Metric Strategy
NRR Our model

Courses delivered in Remote mode 155 843
Courses delivered in Hybrid mode 1771 377
Courses delivered in Residential Spread mode 323 1019
Contact hours, % of maximum 71 82
Mode preferences satisfied, % 95.7 99.2
Residential Spread mode preferences satisfied, %, 47 87
Sections with initial room assignment, % 100 36
Sections with initial building assignment, % 100 14

planners, rather than individual departments. Any section may be taught in a Registrar-
controlled classroom. We considered the impact of centralized planning, in which the Reg-
istrar is able to assign sections to both Registrar-controlled classrooms and department-
controlled classrooms, in comparison to decentralized planning in which the Registrar is only
able to assign sections to Registrar-controlled classrooms.

To replicate the effect of decentralized planning in our optimization models, we assume
that if a section was previously assigned to a classroom in a department-controlled building,
that section must stay in its preassigned classroom. Other sections may be assigned to any
room. This implies that if during a particular day and time, a department-controlled class-
room does not have a preassigned section, this classroom is available to any other section.
This assumption will give us an upper bound on the value of centralization because we are
assuming that, in the decentralized planning scenario, departments are not optimally allo-
cating their classroom space in line with the hierarchy of preferences over relocation, modes,
etc. Our modeling framework is flexible enough to relax this assumption by modifying the
set of allowable classrooms for each section to be restricted to the set of classrooms that
its corresponding department has control over. An even stronger interpretation of decentral-
ized planning might prohibit any section from being scheduled in a department-controlled
classroom, even when it is empty. We found such an assumption to be overly restrictive and
unrealistic.

We run the model under two different settings: decentralized planning and centralized
planning, as described above. We expected the effect of decentralized planning to depend on
the level of physical distancing enforced.
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(a) Mode Preferences Satisfied vs.

Classroom Capacity

(b) Contact Hours vs.

Classroom Capacity

Figure 2 Each point in (a) represents the optimal value of the optimization model (3), with the singular objec-
tive function of mode preference maximization. The effective capacity of the rooms is changed when
generating various points. Similarly, each point in (b) represents the optimal value of the optimization
model (4), with the singular objective function of contact hour maximization. . In both plots, the red
dots represent centralized planning, whereas the blue dots represent decentralized planning.

We individually optimize over contact hours and number of mode preferences satisfied.
For simplicity, we only consider a single objective at a time. We also optimize over a variety
of effective capacity levels. Specifically in each model run, we assume each classroom has an
effective capacity that is equal to v% of the total room capacity, where v ∈ {5,10,15, ...,100},
v= 100% implies full capacity, i.e., no physical distancing.

Figures 2a and 2b show that compared to decentralized planning, centralized planning
can result in a noticeable increase in contact hours and modest increase in mode prefer-
ence satisfaction. Specifically, at 25% capacity, we see a 10.9% relative increase in contact
hours and 2.3% relative increase in mode preference satisfaction. The small increase in mode
preferences satisfaction is due to the large proportion of sections with Remote or Hybrid
mode preference in this case study, 37% and 57%, respectively. That, combined with the fact
that department-controlled classrooms are generally small to medium in size, diminished the
benefit of adding more classrooms to the available central inventory.

5.2.3. Sensitivity analysis on the number of touchpoints We now conduct a sensitivity
analysis over the parameter S, the minimum number of times a student can attend a class
over the semester for the class to not be deemed fully remote. Lower values of S may result



Navabi-Shirazi et al. : Multi-criteria Course Mode Selection & Classroom Reassignment
26

(a) Contact Hours vs Minimum Number of

Touchpoints

(b) Mode Preferences Satisfied vs Minimum

Number of Touchpoints

Figure 3 Each point in plot (a) corresponds to the optimal value of the of the optimization model (4), with the
singular objective function of contact hour maximization. A different value of S is used to generate
each point, where S ∈ {1,2, . . . ,14}. Plot (b) corresponds to the output of the same optimization model
(4), and the y-axis represents the number of sections taught in each delivery mode.

in unconventional scenarios in which students rarely attend in-person. Consider the case
of S = 1 where students may attend a class in person only once throughout the semester.
In general, higher values of S may result in higher educational value by providing more
consistent in-person meetings.

At the same time, a lower value of S relaxes our optimization problems, and can therefore
only improve the value of our objectives. We analyze the relationship between the value of S
and the number of contact hours, i.e. Oh(X), by solving (4) for varying values of of S. Recall
that there are 14 weeks of instruction in a semester at GT. We test values of S ∈ {1,2, . . . ,14}.
Setting S = 14 effectively means that the student can attend class in person at least once
per week, meaning no sections can be taught in Hybrid Touch Point (i.e., they would be in
Hybrid Split mode).

Figure 3a shows that the minimum number of touch points has limited effect on maximum
contact hours achieved by optimization model (4). Meanwhile, Figure 3b illustrates that the
number of sections taught in Hybrid Touch Point decreases as the value of S increases, with
no sections taught in Hybrid Touch Point at S = 14. In other words, as S increases, the
optimization model is able to move the sections that would be taught in Hybrid Touch Point
into some combination of Residential Spread, Hybrid Split, and Remote delivery modes,
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without significantly reducing the total number of contact hours. Thus, if campus planners
are focused on maximizing the contact hours, they may consider removing the option of
teaching sections in Hybrid Touch Point, as the logistical inconvenience it causes may not
be worth the marginal increase in contact hours it provides.

5.2.4. Value of hierarchical optimization In this section, we perform sensitivity analysis
on the tolerance values to better understand the trade-offs between the different objectives.
For simplicity, the minimum number of touch points is set to one, and we assume all class-
rooms are centralized, i.e. all classrooms are managed by the Registrar. We change the
relative MIP optimality gap from 10−4 to 10−3 for the experiments in this section.

To analyze the trade-offs between the objectives, we approximate the Pareto frontier by
solving

minimize
X

Od(X) (8a)

subject to Op(X)≥ (1−βp)z
∗
p, (8b)

Oh(X)≥ (1−βh)z
∗
h, (8c)

X ∈ P (8d)

where z∗p , and z∗h are the optimal objective values of (3), and (4), respectively; βp and βh are
the tolerances associated with the number of sections whose mode preferences are satisfied
and contact hours, respectively. For the purpose of this analysis, we choose the relocation
distance objective Od as the stability objective. We solve (8) for a grid of tolerance values
for βp and βh. There are more sophisticated ways to construct the Pareto frontier for multi-
objective integer programs in the literature (see e.g. Zhang and Reimann (2014), Dächert
and Klamroth (2015)), but these approaches are out of the scope of this paper, and we
consider this approach as a simple way to analyze how the different objectives interact with
each other.

We present the full results of the above analysis in the E-companion. To summarize, we
observe a significant trade-off between the relocation distance objective and contact hours,
where the former increases exponentially with the number of contact hours. Moreover, we
note that relaxing the number of mode preferences satisfied has less of an effect on the
relocation distance objective, unless we also relax the number of contact hours. It seems that
to decrease the relocation distance objective, decreasing contact hours is more effective than
decreasing the number of mode preferences satisfied.
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6. Contribution to Decision-Making at GT
In this section, we describe the influence of our optimization modeling on decision-making
at GT. We emphasize that our optimization model was used as a decision support tool in an
iterative and collaborative decision-making process with the GT Task Force (as opposed to
providing GT with ‘the optimal solution’ for a particular hierarchy of objectives). For context,
the optimization modeling process began in late spring 2020 and continued throughout the
summer of 2020. During this time, the COVID-19 knowledge landscape was ever-evolving
with vast amounts of uncertainty around whether or not it would be feasible to re-open
the university, how the virus spreads, the guidance on physical distancing from the CDC,
and other constraints from GT’s governing university system. Given this uncertainty, our
optimization model was critical to helping the GT COVID-19 Task Force with “what-if”
scenarios to help speed decision-making during the summer by adding these considerations
into the model and help GT adjust plans as new information became available. In particular,
our analysis was useful in helping the COVID-19 Task Force better understand the trade-
offs and how placing priority on one aspect of campus planning (e.g., administrative burden
and not wanting to re-locate classes to new rooms) had impacts on the other aspects of
the system (e.g., how many contact hours could be delivered.) Next, we elaborate on a few
specific examples of this process.

First - and early in the decision-making timeline - the model was adapted to account for
the administrative burden associated with moving classes. The goal was to demonstrate the
benefits of re-assigning classrooms and achieve higher in-person contact hours for students
without violating adjusted classroom capacities for physical distancing. The Task Force was
assessing the degree to which the reduced classroom capacity could accommodate existing
enrollments if all classes remained in their previously assigned classrooms. Our team demon-
strated the benefit of using optimization to simultaneously re-assign classrooms and the
mode of delivery. However, throughout this discussion, members made it clear that the time
required to input these changes into the legacy system would be prohibitive and that there
were administrative preferences for keeping classes in similar locations as in the past. With
this in mind, we incorporated relocation distance into the model to capture these preferences
and helped the Registrar consider the trade-offs between relocation and mode satisfaction.

Second, the model was used to consider the impacts of various physical distancing guide-
lines. During the summer of 2020, there was limited understanding of how physical distanc-
ing in classrooms would impact capacity and in turn, the feasibility of delivering in-person
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classes. Moreover, different universities were considering different physical distancing require-
ments (e.g., 3-feet vs. 6-feet) and administrators were interested in the impacts if these
requirements were to change before the fall semester. Our team used the model to show the
impact of different physical distance thresholds on the amount of in-person class that could
be delivered, which helped the Registrar evaluate the feasibility of different mode preferences.

Third, the model was used to get a sense of the benefit of moving large classes online. At
the beginning of summer 2020, different schools were proposing to move larger classes (e.g.,
those with 50 or more students) remotely and keeping other classes delivered in-person. Our
model was used to evaluate different thresholds for what constituted a ‘large’ class and the
corresponding amount of in-person sections that could be delivered for various thresholds.
In the end, GT decided to not use a set threshold for their mode decisions. Indeed, due to
our analysis, the Registrar sought to focus on the delivery of Residential Spread classes first,
and then determine which course sections would be placed in Remote format.

In summary, our optimization model was used to inform the decision-making process at
GT in a collaborative and iterative way as new information and considerations came to light
throughout the summer of 2020.

7. Conclusions
This paper presents a hierarchical optimization framework for course mode selection and
room reassignment to mitigate the impacts of sudden space reductions, such as those that
occur during an emerging epidemic. Our modeling framework is flexible in that the model
will always return feasible solutions which was important during the iterative process of
identifying solutions that met multiple criteria.

Application of our model to data from GT led to insights for campus administrators during
the COVID-19 pandemic. First, we found that optimization after sudden capacity reductions
can substantially increase the amount of in-person instruction that can be delivered. Second,
we show that when room capacities remain above 50% of their original capacity, our model
is able to meet all mode preferences and keep in-person instruction to within 50% of pre-
pandemic levels. However, when capacity drops below 50%, in-person contact hours starts to
drop rapidly with every percent loss in seating capacity. This may motivate administrators
to take other measures to reduce the physical distancing requirements (e.g., mask-wearing).
Third, we show the value of centralized planning. Although normal operations typically
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operate in a decentralized fashion, centralized planning could be especially useful during

times of sudden capacity reductions. We suspect that centralized planning would be even

more beneficial if administrators desired more Residential Spread classes.

Although our study was motivated by sudden capacity reductions, our modeling approach

could also be applied to sudden changes in course enrollments. For instance, the proposed

approach can be used to optimize classroom reassignments during the GT active phase

2 registration period, even in the absence of a pandemic causing sudden capacity losses.

During phase 2, students add and drop courses, and departments change enrollment limits

or add course sections to the timetable. This dynamic environment results in a daily need to

reassign classes to accommodate changes in demand and supply. The plan stability objective

is well-suited to handle this problem efficiently and with minimal disruption to the existing

assignments.

There are several limitations to our work which motivate future research. First, we do

not consider revisions to the time table of courses in combination with their room assign-

ments and mode. This modeling choice was decided after discussions with the Registrar’s

office which stated that the administrative burden associated with re-coding the time table

would be prohibitive given the time frame to prepare for Fall 2020. In addition, creating a

unified framework for simultaneously designing the time table with course mode and room

assignments for the entire university would introduce new computational challenges. Second,

while our model had accurate estimates of reduced capacities due to physical distancing from

the GT Facilities Management team, our model relied on projected enrollment which does

not consider the effects of student attendance and enrollment behavior. Course modes have

to be announced before students could enroll in their courses, allowing students to switch

course sections based on which course mode they prefer. Future work could incorporate these

behavioral aspects to better assign course modes and allocate classrooms. Third, our models

are formulated at the class-level and do not consider the impact on individual students. For

instance, our model maximizes contact hours but in-person contact hours are not neces-

sarily evenly distributed across all students; future work may consider the impact of these

decisions at the student-level. The course mode selections will influence how many students

have at least some in-person class and are expected to return to campus. These students will

then in-turn interact with other students and people in the broader community outside of
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classes which could pose health risks. Therefore, these scheduling decisions should be made
in conjunction with public health experts.

In summary, this paper presents a hierarchical optimization approach to help campus
planners simultaneously specify course modes and re-assign classrooms during times of sud-
den capacity reduction and could be applied to sudden enrollment changes as well. While we
demonstrate the benefits of this approach using a case study for GT during the COVID-19
pandemic, the methodology could also apply to other institutions of primary and secondary
education and other emerging epidemics more broadly.
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E-Companion
Multi-criteria Course Mode Selection and Classroom

Assignment Under Sudden Space Scarcity

EC.1. Analysis of an Alternative Data Set
To test the robustness of our managerial insights, we considered another data set besides the
Fall 2020 semester, which motivated this work. This section describes the alternative data
set and the corresponding results.

EC.1.1. Description of Alternative Data Set

The alternative data set considers a hypothetical scenario in which the Registrar attempted
to accommodate physically-distanced learning during the Spring 2020 semester, as opposed
to delivering all classes virtually. Because this is a hypothetical scenario, we used the following
data sources to construct our data set for this Hypothetical Spring 2020 scenario:

• Timetable, course sections, and original room assignments: These inputs were extracted
from the Spring 2020 schedule before all courses were moved to online format.

• Mode preferences: We consider two scenarios:
— Scenario 1: Mode preferences were based on the observed modes from the Spring 2021

semester. We note that the observed modes are a function of the mode preference
and the classroom capacities available on-campus.

— Scenario 2: Mode preference were set to Residential Spread for all sections.
In this section, we present our modeling approach applied to the Spring 2020 schedule at

GT. We first describe the data used in our study, and then present how the approach and
models can be used to inform trade-offs for an entire university in the baseline scenario. All
models were implemented in Python 3.8.3 using the commercial solver Gurobi 9.1.0 (Gurobi
Optimization, LLC 2021), and all mixed-integer programs were solved using default settings
unless specified otherwise. Experiments were run on a 3.6 GHz Linux machine with 16 GB
RAM, 6 cores and 2 threads per core.

EC.1.2. Data preparation and model implementation

Most of the assumptions regarding the alternative data set are consistent with the assump-
tions made for the original data set described in Section 5. To summarize, we use registrar
provided data on course sections and associated time slots. We excluded courses that are
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Table EC.1 Characteristics of course sections and classrooms in the alternative data set

Characteristic Value

Number of Course Sections 2052
Mean Actual Enrollment 33.8
Median Actual Enrollment 23
Number of Unique Time Slots 193
Number of Buildings 37

Actual enrollment Sections
150+ students 71
100 - 149 students 51
50 - 99 students 228
25 - 49 students 927

Mode preferences, Scenario 1 Sections
Residential Spread mode preference 465
Hybrid mode preference 1586
Remote mode preference 0

Mode preference, Scenario 2 Sections
Residential Spread mode preference 2052
Hybrid mode preference 0
Remote mode preference 0

Adjusted capacity Rooms
150+ seats 0
100-149 seats 1
75-99 seats 4
50-74 seats 16
25-49 seats 51
20-24 seats 61
15-19 seats 75
10-14 seats 108
5-9 seats 144
2-4 seats 117
Total with 2+ seats 577

not taught on Atlanta’s main campus and courses that do not need a classroom, such as
thesis and undergraduate research. We combined cross-listed sections with their originating
department section, given that these sections meet at the same time and place, and with the
same instructor. Regarding the available classroom and their physically distanced capacities,
we use the same data set as in Section 5. Unlike Section 5 however, we have access to actual
enrollment data for all sections taught during Spring 2020. We use this enrollment data as
our input. Table EC.1 provides descriptive statistics of the course sections and classrooms
used in this case study.

The most important difference between Table EC.1 and Table 2 from the original case
study regards the mode preferences. For Scenario 1 under the new case study, recall we use
the actual modes assigned during Spring 2021 as our mode preferences input, and all sections
had some in person component during Spring 2021. For Scenario 2, recall we are setting all
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mode preferences to Residential Spread. As a result, both scenarios had no sections with
mode preference for Remote. In contrast, the original case study included 840 sections with
preference for Remote.

Table EC.2 Comparison of the No Room Re-assignment (NRR) & our model’s strategies for course mode
selection and room re-assignment in preference Scenario 1. No room re-assignment (NRR) & our model. NRR
keeps each section in its original pre-pandemic room assignment while our model which simultaneously assigns
modes and re-assigns classrooms. Results are generated using the alternate data set, and mode preferences are

are drawn from the Spring 2021 room assignments.

Metric Strategy
NRR Our model

Courses delivered in Remote mode 0 5
Courses delivered in Hybrid mode 1297 427
Courses delivered in Residential Spread mode 761 1608
Contact hours, % of maximum 48 70
Mode preferences satisfied, % 95.9 99.6
Sections with initial room assignment, % 100 39
Sections with initial building assignment, % 100 15

EC.1.3. Results for Alternative Data Set

To allow for a clear comparison, we solved the same sequence of objective functions as in
Section 5.2.1. Specifically, we first maximized mode preference satisfaction with a tolerance
of 0.01, then maximized contact hours with a tolerance of 0.1, and finally minimized the
relocation distance.

EC.1.3.1. Scenario 1: Mode Preferences Based on Observed Modes First we consider
the scenario where sections’ mode preferences are based on the observed modes of the Spring
2021 semester. The results are listed in Table EC.2. They show over 99% all mode preferences
can be satisfied with the optimization model. These results are consistent with those in
Section 5.2.1.

Additionally, there is an increase in contact hour satisfaction from 48% in NRR to 70%
with the optimization model. This result is similar to, and in fact somewhat stronger than,
the increase in contact hour satisfaction from 71% to 82% in Section 5.2.1. Note contact
hours satisfaction is lower compared to Section 5.2.1, both for the NRR policy and for
our optimization model output. This is an expected result. In Section 5.2.1, there were a
maximum of 105,030 possible contact hours, if all sections with preference for non-Remote
instruction were taught in Residential Spread. Meanwhile there is a maximum of 150,611
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contact hours for the new data set, where the increase is driven by the fact that the new data
set has no sections with preference for Remote instruction. It is therefore more challenging
to reach this new maximum number of contact hours, given the same set of classrooms.
Regardless, the optimization model clearly improves the contact hours achieved in this more
challenging scenario.

Lastly, the one can confirm that the percentage of sections that remain in their initially
assigned buildings, and the percentage of sections that remain in their initially assigned
classrooms, are nearly the same as in the original case study.

In summary, both the original case study and this scenario show that mode preference
satisfaction and contact hours can be improved using our optimization model, while main-
taining a similar level of classroom stability. Therefore the alternate data set demonstrates
the generalizability of our results.

EC.1.3.2. Scenario 2: All Residential Spread Mode Preferences Now we consider the
scenario where all sections’ mode preferences are set to Residential Spread. This is clearly a
more challenging scenario, and the results are listed in Table EC.3.

Notably, the NRR policy only achieves 37% mode satisfaction, while the optimization
model achieves 90%. This result illustrates the effectiveness of the optimization model in
achieving in person instructions for a large majority of sections. Similar to Scenario 1, we are
able to achieve 68% contact hour satisfaction. The slight decrease compared to Scenario 1’s
value of 70% may be attributed to the more challenging mode preference objective preceding
the contact hour objective. Meanwhile, the percentage of sections that can be taught in the
same building or the same room drop noticeably in this scenario. One explanation may be
that it is necessary move sections around campus in order to find a new room assignments
that can accommodate for physical distancing while teaching 90% of sections in Residential
Spread.

Again, this analysis demonstrates the generalizability of the optimization model in its
ability to improve mode preference satisfaction and contact hours compared to the NRR
policy. Moreover, this scenario clearly illustrates the ability of the optimization model to
dramatically improve the model preference satisfaction.
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Table EC.3 Comparison of the No Room Re-assignment (NRR) & our model’s strategies for course mode
selection and room re-assignment in preference Scenario 2. No room re-assignment (NRR) & our model. NRR
keeps each section in its original pre-pandemic room assignment while our model which simultaneously assigns

modes and re-assigns classrooms. Results are generated using the alternate data set, and mode preferences are all
set to Residential Spread

Metric Strategy
NRR Our model

Courses delivered in Remote mode 0 7
Courses delivered in Hybrid mode 1297 193
Courses delivered in Residential Spread mode 761 1853
Contact hours, % of maximum 48 68
Mode preferences satisfied, % 37 90.3
Sections with initial room assignment, % 100 29
Sections with initial building assignment, % 100 9

EC.2. Additional Results from the Primary Analysis
We now present additional results from our primary analysis, focusing on the trade-offs
between our objectives.

We choose 11 equidistant values between 0 and 0.2 inclusive for βp and βh. For each
combination of tolerance values, we first solve (8), then optimize a weighted combination of
the objectives to ensure we get a non-dominated solution as in (7). We pick weights of 60,
1, and 10−3 for Op(X),Oh(X), and Od(X), respectively. Weights were roughly picked based
on relative scale of the optimal value of optimizing each objective individually. We omit
combinations of tolerances which lead to an infeasible model due to the objective function
constraints, since setting tolerances that are too tight for multiple objectives can lead to an
infeasible model. In Figure EC.1, we plot the objective values resulting from solving (8) over
the grid of tolerances, analyzing the trade-offs between the relocation distance objective and
contact hours, and between the relocation distance objective and number of mode preferences
satisfied.

In Figure EC.1a, we plot the relocation distance objective value on a logarithmic scale as
a function of contact hours, Oh, for fixed values of the tolerance on the number of mode
preferences satisfied, βp. We also plot reference lines at logOd ≈ 11.9 and logOd ≈ 18.6, in
which cases the average distance a section moves is about 2 meters and 86 meters, respec-
tively. In the former, this roughly means sections stay in the same building on average.
Although the average distance a section moves appears low in the latter case, we note that
there is a significant jump in standard deviations between objective values logOd ≈ 11.9

and logOd ≈ 18.6, from about 13 meters to 280 meters. Moreover, the maximum relocated
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Figure EC.1 Objective values resulting from solving (8) for various tolerance values. In each figure, we plot
horizontal lines at about logOd ≈ 11.9 and logOd ≈ 18.6 as references, where the average distance a
section moves is about two meters and 86 meters, respectively. (EC.1a) Logarithm of the relocation
distance objective (Od) as a function of contact hours (Oh) for fixed values of tolerances on the
number of overall mode preferences satisfied βp. (EC.1b) logOd as a function of the number of
mode preferences satisfied (Op) for fixed values of the tolerance on contact hoursβh.

distance jumps from 76 meters to about 1.5 kilometers. There is a clear cost to achieving
a high number of contact hours, where the relocation distance objective increases exponen-
tially as the number of contact hours increases. In other words, to deliver a high number of
contact hours, planners would have to allocate sections to distant buildings relative to the
pre-existing allocation, and few sections would be allocated to their home department. More-
over, we note that relaxing the number of mode preferences Op satisfied has little effect on
the relocation distance objective, unless we also relax the contact hours objective to be less
than about 87,500 hours, at which point relaxing Op leads to a decrease in Od. This suggests
that to decrease the relocation distance, it is more effective to first relax the tolerance on
contact hours, as it leads to the greatest decrease. This can also be seen in Figure EC.1b,
where we plot logOd as a function of Op for fixed values of contact hour tolerances βh. We
observe that for low values of βh, the relocation distance is almost constant for all values of
Op.

We show the benefits of considering a multi-objective framework by comparing the solution
obtained from applying hierarchical optimization to one obtained from individually optimiz-
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Table EC.4 Comparison of objective values between individually optimizing objectives and applying hierarchical
optimization, where Op is the number of sections whose mode preferences are satisfied, Oh is the number of

contact hours, and Od is the total relocation distance in meters. Hierarchical optimization runtimes are reported
for solving all models in the hierarchy, excluding and including the final weighted objective, along with the

resulting objective values.

Objective Optimized Op Oh Od Runtime (sec)

Op 1,406 33,861 5.12 ×108 9
Oh 1,347 96,232 4.67 ×108 11
Hierarchical Optimization 1,392 86,609 2.48 ×106 97
Hierarchical + Weighted 1,395 86,610 2.48 ×106 208

ing contact hours and number of mode preferences satisfied. Note that we do not consider
stability objectives individually, as without constraints on other objectives, the pre-existing
assignment is optimal. We report the values of the different objectives and computation times
in Table EC.4. We note that optimizing any individual objective takes less than 12 seconds.
The total runtime of solving the models in the hierarchy excluding finding a non-dominated
solution is about 97 seconds. After solving (7) where we optimize a weighted average of the
objectives, the total runtime is about 208 seconds. As before, we use the weights of 60, 1
and 10−3 in the weighted objective for Op, Oh and Od, respectively. By considering multiple
objectives, we are able to reduce the total relocation distance by two orders of magnitude, at
only a minor sacrifice to the number of mode preferences satisfied and contact hours. More
specifically, when comparing the resulting objective values from the hierarchical optimization
(including solving the weighted objective) to their counterpart of individually optimizing
the objective, the overall number of mode preferences Op is reduced by less than 0.8%, and
the number of contact hours Oh is reduced by about 10%. Moreover, considering multiple
objectives leads to an increase in contact hours of about 155% compared to only optimizing
Op. Finally, we note that by solving the weighted combination of the objectives, the value
of Op increases from 1392 to 1395.
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