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The control of highly contagious disease spreading in campuses is a critical challenge. In residential universities,
students attend classes according to a curriculum schedule, and mainly pack into classrooms, dining halls and dorms. They
move from one place to another. To simulate such environments, we propose an agent-based susceptible—infected—recovered
model with time-varying heterogeneous contact networks. In close environments, maintaining physical distancing is the
most widely recommended and encouraged non-pharmaceutical intervention. It can be easily realized by using larger class-
rooms, adopting staggered dining hours, decreasing the number of students per dorm and so on. Their real-world influence
remains uncertain. With numerical simulations, we obtain epidemic thresholds. The effect of such countermeasures on
reducing the number of disease cases is also quantitatively evaluated.

Keywords: epidemic threshold, susceptible-infected—recovered model, non-pharmaceutical interventions,
time-varying heterogeneous contact networks

PACS: 87.19.X—, 89.75.Hc, 87.23.Ge, 05.10.—a

1. Introduction

In universities, the student population size is generally
large, and students are in intimate contact, so infectious dis-
eases spread more easily. Many research works have pro-
posed models to study COVID-19 spread in such settings.[! 0]
For instance, Hekmati et al. studied the airborne transmission
risk associated with holding in-person classes on university
campuses.!!! Borowiak et al. used mathematical models to
evaluate strategies that suppress the spread of the virus, specif-
ically in dorms and in classrooms.!”! When there is an epi-
demic outbreak, non-pharmaceutical interventions (NPIs) are
effective methods to contain infection and delay spread, and
include isolation of ill individuals, quarantine of exposed in-
dividuals, face mask usage, nucleic acid testing, cancellation
of mass gatherings, and school and workplace closures.!’~!?!
However, their real-world influence remains uncertain.!'3) It is
interesting to propose models to give quantitative evaluations
in university environments.

Epidemic threshold may be the important feature in
the dynamics of an epidemic, which separates the healthy
phase from the infected ones. To characterize it, mean-field
compartmental models have been proposed and extensively
studied,!'"" where individuals belong to susceptible (S), in-
fected (I), recovered (removed) (R), quarantine/isolation (Q),
or other disease states (compartments). The population is
supposed to be homogeneous mixing, and the evolutions of
compartments are described by a group of non-linear differen-
tial coupling equations. For the SIR model,!'! the epidemic

threshold A. = 1, where A = /u. In Ref. [16], B and u
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are called transition rates for infection and recovery, and A
is called the spreading rate or effective infection rate.

In reality, individuals have large heterogeneity in so-
cial contact networks where diseases may propagate. The
static or temporal network topology also influences epidemic
thresholds.!'®!”] For instance, under the mean field approxi-
mation, on static scale-free networks, it is found that QLCSIS =
ASR = (k) / (k?),18:19] where k is the degree of nodes and (- --)
denotes the mean value of corresponding quantities (the same
below). By mapping the static uncorrelated networks onto a

bond percolation problem, it is found that?%-2]

ASIR _ <k> (1)

k) =2k
In fact, real contact networks are often time-varying ones,
where links between nodes are temporally created, destroyed,
or rewired.'®!71 For example, in an activity-driven contact
network model,[*>~?4 at each time step, each node (individ-
ual) i becomes active with probability a;. It generates m links
that are connected to m randomly chosen nodes, and such
links last for a period of time Afr. The more nodes are ac-
tivated, the more links there are, so disease can easily prop-

agate along such links. For such models, it is found that
SIS — 4 SIR _ 1 1241
¢ ¢ m((a>+ (az))
It is known that network structure and human mobility

[25.26] However,

greatly influence the dynamics of an epidemic.
it is a challenge to create models that capture real-world dy-
namics in complex systems.!!”] Traditional math models ne-
glect the heterogeneity in social contact networks.!!*13] Static

heterogeneous networks omit human mobility.['®-?!] These
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time-varying heterogeneous contact networks are far away

d.[?2724 In recent years, agent based, spa-

from the real worl
tially structured models have attracted a lot of attention, where
the discrete nature of individuals, their mobility and stochas-

tic contacts are considered. [0:7-16

1 Such models can capture the
spreading patterns at the level of single individuals. Based
on such models, disease spreads in social networks are stud-
ied, such as households, schools, workplaces and stores.[”-1°]
Compared with other social networks, in universities the stu-
dent population size is generally large, and students regularly
have classes, have meals and go to sleep, where they are in
intimate contact. So the university environment is a paradigm
of temporal contact networks. With Monte—Carlo simulation
methods, we will study how disease propagates in universities
using the full-scale stochastic agent-based model.!®! In close
environments, maintaining physical distancing is an available
NPI and is the most often used. We consider NPIs includ-
ing using larger classrooms, adopting staggered dining hours
and/or decreasing the number of students per dorm. The in-
fluences on the epidemic thresholds are explored. The under-
lying mechanisms will provide scientific evidence to control
epidemics in universities.

The remainder of the paper is organized as follows. In
Section 2 we introduce the model and related quantities. In
Section 3, we present the numerical results. Finally, we sum-
marize and conclude in Section 4.

2. Model depiction and related quantities

We simulate the epidemic spread in residential universi-
ties with a full-scale stochastic agent-based model.[! Monte—
Carlo simulation methods are used. In models, we trace the
movements of all students, which include having classes in
classrooms, eating at dinner halls and sleeping in dorms; they
randomly choose seats in classes and to have meals. We record
everyone’s health status, i.e., S, I or R, as they attend activities.
Every day, the simulation data of the numbers of infected in-
dividuals and recovered individuals are collected. Details are
as follows.

2.1. Disease spreading process

We presume the SIR disease spreading process.!!*1°] At
every moment, each individual belongs to the S, / or R dis-
ease state (compartment). For the n-th individual, this is rep-
resented by X,,, where X =S, /JorRandn=1,2,...,N. Sup-
pose that B and p are the transition rates for infection and
recovery.''®! For a time interval Az, with transition probability
BAt, a susceptible individual will change to an infected one if
he is in contact with infected individuals. The larger f is, the
more easily the disease spreads among people. At the same
time, infected individuals will recover their health with transi-
tion probability ttAz. And the recovered individuals will not be

infected again. The variations of disease states can be written
as

$u)+ Y () 25 L+ A + Y Lt + A1), (2a)

m

L) M2 R+ A), (2b)
Ra(t) "X R, (1 +Ar), (2c)

where the m-th individual with state 7 is the person in contact
with the n-th individual. In simulations, after A¢, disease states
for all people simultaneously update.

2.2. Time-varying and heterogeneous contact networks in
residential universities

There are a large number of individuals, including stu-
dents, faculty, and staff, in campuses. Due to a high student-
faculty ratio at universities, for simplicity we only consider
the behaviors of students.!'! Each student is enrolled in a
class. Students go to classes according to their class schedules.
Schedules are regular for every week. For some courses, stu-
dents may have joint classes. The members are fixed for each
course. We suppose all students have their breakfast, lunch,
and supper at dining halls, and at dining tables they may touch
students of other classes. Each student is assigned a dorm, and
the roommates are fixed.

Students mainly pack into classrooms, dining halls or
dorms. Due to epidemic prevention, they are loosely con-
As pointed out in Ref. [27], on
the weekends, the contact networks in universities are more

nected in other zones.

loosely connected, with fewer users interacting with study par-
ticipants. At the same time, school administrators advise stu-
dents to maintain social distancing. So, for simplicity, dur-
ing these times, except for bedtime in dorms, we omit disease
spreading, but individuals can recover. If an individual enters
a zone, the individual randomly selects a position and stays
there until he/she leaves the zone.[%! Students move from one
zone to another ones. For an individual, the people he/she is
in contact with and the number of people will vary with time.
In this sense, his/her contact networks are time-varying and
heterogeneous.

2.3. Procedure of simulation

Suppose a residential university has N, classes. It has sta-
tistical data about the (frequency) distribution of weekly class
hours pycp, the distribution of class size p.s and the distribu-
tion of the number of joint classes py;c. It also provides the
school’s daily schedule.

Triple parameters ()¢, 74q,74) are introduced, which are
the seat occupancy rate in classrooms, the seat occupancy rate
in dining halls and the number of students per dorm, respec-
tively. They can be taken as averaged values of corresponding
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quantities. First, they relate to the degree of subnetworks. Sec-
ond, they quantitatively characterize classroom capacity, stag-
gered dining hours and dorm capacity, which relate to NPIs.
So they are important parameters in our models.

Each classroom and each dining hall are simulated by
square lattice networks. If an individual stays at lattice (i, j),
the nearest and next nearest lattices (i £1,j), (i,j+1) or
(i+1,j+ 1) may be occupied. He/she is in contact with the
individuals who stay at these lattices, and the individuals at
other lattices are omitted. Each dorm is simulated by a fully
connected network, i.e., an individual is in contact with all the
other members of the dorm.

The procedure of stochastic simulation is as follows:

(i) The number of classes N, is set. Class sizes are ran-
domly selected from the distribution of class size p.s. Each
student is assigned a unique identifier number 7.

(i1) A class schedule is generated for each class. Weekly
class hours are randomly selected from the distribution pycp.
For each course, joint classes are randomly selected from the
distribution py;c. Based on the school’s daily schedule, the
time for each course is randomly arranged. In a classroom, the
number of seats 1., = [PesPnjc/ e}, Where [z] denotes the in-
teger of z. In dining halls, the number of seats nd,,, = N/14. In
classrooms and dining halls, students randomly choose seats.
And there are ng students in each dorm.

(iii) The recovery rate y and the effective transmission
rate A are set. Then the infected rate f = A .

(iv) Initially, one student is randomly selected from all
N students and we set his/her disease state as / and all other
students’ states as S.

(v) From Monday to Sunday, based on the school’s daily
schedule and the class schedules, an individual goes to dining
halls, goes to classrooms if he/she has classes, stays at dorms,
and so on.

If an individual stays in one zone for a time interval A¢, a
susceptible individual becomes infected at a rate B Az if he/she
is in contact with infected individuals, an infected individual
becomes a recovered one at a rate UA¢, and a recovered in-
dividual stays recovered [see Eq. (2)]. (Disease) states of all
individuals are updated in parallel.

(vi) Repeat the (v)-th step until there are no infected indi-
viduals, then simulation for one cycle is completed.

(vii) Repeat steps (i)—(vi) to apply simulation for other
cycles.

University environments are temporal contact networks,
where the prevalence rate of COVID-19 depends on the in-
fected rate, the recovery rate, the contact rate of individuals,
and others. In the models, the infected rate 8 and the recov-
ery rate U are independent variables. Recovery time from a
disease depends on ages, overall health and other factors. For
COVID-19, research suggests that it could take 2 weeks for

someone to get over a mild illness or up to 6 weeks for severe
or critical cases.?8! In our studies, to reduce the number of

!and vary B. At the same

parameters, we fix 4 = 1/14 day~
time, we define the effective infected rate A = B/, 16l o it is
a tunable parameter. The larger A is, the larger the probability
an individual may be infected.

In simulations, everyone’s disease state evolves based on
Eq. (2). The time interval At = 45 mins for each class, Ar = 30
min for each meal, and Ar = 8 hours for sleep. In numeri-
cal simulations, we transfer all units to minutes. The system
works day after day and week after week, until there are no in-
fected individuals. At 22:30 every day, the data of the number
of infected individuals and recovered individuals are collected,
which will be used to characterize dynamic behaviors of sys-
tems.

2.4. Related quantities

For SIR models, Ns(t) + Ni(t) + Ng(t) = N, where
Ns(t),N;(t) and Ng(t) are the number of individuals with state
S,I and R, respectively. As ¢ increases, Ng(r) will decrease,
Ng(r) will increase, and Nj first increases to a peak, then de-
creases to zero.['®) After enough time, there are no infected
individuals. The final epidemic size is defined by

o= MRU ) 3)
N

In fact, r» can play the role of an order parameter to detect
healthy-infected phase transitions.!'®! In healthy phases, 7., are
zeros, or are very small and can be ignored. In infected phases,

I« are finite values.
The fluctuations of final epidemic sizes are often large
near the epidemic threshold. In order to identify the epidemic
thresholds in finite system sizes, we also study the variability

of 7., which is defined by!>°—3?]

(r2) = (r)?
A ) . 4
Here (z) is the ensemble average of z. In physics, it is a stan-
dard method to determine the critical point in the equilibrium
phase of a magnetic system.*3! It may exhibit a peak at Ap. For
finite systems, it is used to approximate the epidemic thresh-
old A.. The validity of the numerical identification method has

been confirmed for the SIR model in network models. 3!

The outbreak duration 7 is another basic quantity.!!6]
When a system approaches a critical transition or a tipping
point, the system may return more slowly to its stable states
under small perturbations,*¥ i.e., the critical slowing down
phenomenon. It can be used as early warning signals of infec-
tious disease transitions.[*>) We use the definition in Ref. [32],

which is

2 /:tzq,(t)dt_ [./Owt(p(t)dtr, ®)
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where

3. Results

The reality of Nanjing University of Posts and Telecom-
munications (NJUPT) is used as an example. In Figs. 1(a)-
1(c), we plot the distribution of weekly class hours pycp, the
distribution of class size p¢s, and the distribution of the num-
ber of joint classes ppjc, respectively. From Fig. 1(b), we find
that the mean number of students in each class is 31.9.

0.4
(a)
0.3
B
z 0.2
QU
N H —‘ H ’7
Al mm
12 16 20 24 28 32
Weekly class hours
0.10 0.5
(b) ()
0.08 N 0.4
3 0.06 o 0.3
QO =
0.04 0.2
0.02 0.1
q HULLLLLLLLLLLL 0
5 20 25 30 35 40 45 1 2 3 4
Class size Number of joint classes

Fig. 1. (a) The distribution of weekly class hours py.p, (b) the distribu-

tion of class size pgs, and (c¢) the distribution of the number of joint classes

Prjc, respectively.

From Monday to Friday, the school’s daily schedule is

as follows: 7:00-7:30 breakfast; 8:00-8:45, 8:50-9:35, 9:50—
10:35, 10:40-11:25 and 11:30-12:15 are the 1st to Sth classes,
respectively; 12:30-13:00 lunch break; 13:45-14:30, 14:35—
15:20, 15:35-16:20 and 16:25-17:10 are the 6th to 9th classes,
respectively; 17:30-18:00 supper break; 18:30-19:15, 19:25—
20:10 and 20:20-21:05 are the 10th to 12th classes; 22:30-
6:30 sleeping.

3.1. No interventions

Based on the resources (the number of classrooms, dining
rooms and dorms) of NJUPT and the total number of students
in NJUPT, we set (1c,Nq,n4) = (0.8,0.7,6), which is the base-
line scenario, i.e., the no interventions case. Results are shown
in Fig. 2. For each A, data for 100 cycles of stochastic simu-
lations are given. More simulation cycles give similar results.
The vertical blue lines are for the function A = 0.52.

In detail, the final epidemic size r. versus the effective
infected rate A is plotted in Fig. 2(a). It shows that data al-
most overlap for the number of classes N, = 150, 300 and
600, which means such sizes can reflect statistical properties
of systems. When A is relatively small, r. is relatively small
and approaches zero, which corresponds to the healthy phase.

When A is relatively large, the values of r. are divided into
two branches: in the bottom one, 7. is relatively small and ap-
proaches zero,*®! and in the top one, r.. is finite and increases
with A, which corresponds to the infected phase. In fact, 7w
plays the role of order parameter to detect phase transitions. [6]
The epidemic threshold A, determined by r. should be in the
thermodynamic limit.!'® For finite systems, Fig. 2(b) shows
that the variability A exhibits a peak at A = 0.52, which is
used to approximate A..[*3%! As there are two branches in 7.
at relatively large A, in calculating A, data for r.. > 0.053, i.e.,
the top branch of r., are considered. Further, Fig. 2(c) shows
that the outbreak duration 7 is maximal near A = 0.52, which
also signals the epidemic threshold.

1.0

0.8

4 N,=150
+ N,=300
v N.=600
—A=0.52

(Nesasma) = (0.8,0.7,6)

s N,=150
+ N,=300
v N, =600
— A=0.52

R (lemana) = (0.8,0.7,6)

Fig. 2. (a) The final epidemic size r., (b) the variability A and (c) the
outbreak duration 7 versus the effective infected rate A at ()¢, Ng,nq4) =
(0.8,0.7,6), respectively. The number of classes N = 150, 300 and 600,
respectively. The vertical blue lines are for the function A = 0.52. Data
for 100 stochastic simulations are given.

3.2. Non-pharmaceutical interventions

We set (1c,Md,nq) equal to (0.8,0.3,6), (0.8,0.7,3),
(0.4,0.7,6) and (0.4,0.3,3), respectively, which are labeled
NPI-I, NPI-II, NPI-IIT and NPI-IV scenarios, respectively. At
least one of their components is smaller than that for the base-
line scenario [no interventions, (1, Ng,nq) = (0.8,0.7,6)]. In
practice, the methods of small class teaching (or being desig-
nated a larger classroom), staggered dining hours, and renting
social housing can realize the required conditions.

For the four NPI scenarios, we plot the final epidemic size
Fw versus the effective infected rate A in Fig. 3. The number
of classes N. = 300 is used as an example. For each scenario,
there exists an epidemic threshold A, separating the healthy
phase from the infected phase, which is labeled by a vertical
blue line. The corresponding A. can be numerically estimated
from Figs. 4 and 5, at which the variability A and the out-
break duration 7 exhibit peak values. In calculating A, data
for r. > 0.05 are taken into consideration.

Eqnarray (1) gives the theoretical prediction of A, for
static uncorrelated networks.?%2!l As the underlying net-
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works we study are time-varying heterogeneous contact ones,
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Fig. 3. The final epidemic size r. as a function of the effective in-
fected rate A for (n¢,M4,nq) equal (a) (0.8,0.3,6), (b) (0.8,0.7,3), (¢)
(0.4,0.7,6) and (d) (0.4,0.3,3), respectively. The number of classes
N. = 300. The vertical lines are for some values of A. Data for 100
stochastic simulations are given.
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Fig. 4. The same as Fig. 3, but the variability A as a function of the
effective infected rate A.
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Fig. 5. The same as Fig. 3, but the outbreak duration 7 as a function of
the effective infected rate 7.

inspired by Eq. (1) we define
k),
(k2), —2(k),’

-}, denotes the time mean

A= (6)

where k is the degree of nodes and (- -
of the corresponding quantities. At the healthy-infected phase
transition point,

w
(W) u
In our model, students have much leisure time and during these

(N

times individuals can recover but not be infected. So W is the
ratio of the time spent having classes, having dinner and sleep-
ing in dorms to all time. On the other hand, at B/u > 1, i.e.,
infected rate 3 is greater than recovery rate U, due to the het-
erogeneity and randomness in social contact networks, a finite
value of r. may occasionally occur. Combining the two as-
pects, the epidemic threshold can be approximately evaluated
by

AS =min{A/,1} = min{A, /W, 1}. ®

In Figs. 3-5, A} are labeled by vertical green dashed lines.
Simulation results certify the argument and Eq. (8). They show
AS are the lower bounds of epidemic thresholds.

3.3. Comparing no interventions with non-pharmaceutical
interventions

Table 1 gives the epidemic thresholds A obtained from
Eq. (8) and the epidemic thresholds A, numerically estimated
by the peaks of the variability A (the outbreak duration 7). At
the same time, to illustrate visually differences between them,
we also plot the bar graph for A} and A in Fig. 6. From them,
we find NPIs can raise epidemic thresholds. In the NPI-III
scenario, larger classrooms are used. Compared with the NPI-
I .and NPI-II scenarios, A (A¢) is relatively large in the NPI-IIT
scenario, so its effect on containing infection is relatively ob-
vious. The reason is that classrooms are the main places that
students stay and contagious disease spreads. Combination of
interventions is the NPI-IV scenario and the corresponding ef-
fect is most significant.

Table 1. Table outlining the values of 2 and 4.

Scenario (Ney M,y na) A Ac
Baseline (0.8,0.7,6) 0.5229 +0.0009 0.520
NPI-I (0.8,0.3,6) 0.5459 +0.0009 0.625
NPI-II (0.8,0.7,3) 0.5744 +£0.0015 0.650
NPI-IIT (0.4,0.7,6) 0.7108 £0.0011 0.725
NPV (0.4,0.3,3) 1 1.125

For all scenarios, including no interventions and NPIs,
the final epidemic sizes r. are plotted together in Fig. 7(a).
The mean (r.) are also shown in Fig. 7(b), where data for
re > 0.05 are taken into consideration. To give quantitative
comparisons, we define the ratio

K — (reo) (e, manq) ' )
<r°°>(17c:0.8,11d:0.6,nd:6)
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We plot the corresponding ratio K in Fig. 7(c). This shows that
at relatively small A, the effect of countermeasures is more ob-
vious. All NPIs can reduce the outbreak size. For the combina-
tion of interventions, i.e., (1)c, N4, 74) = (0.4,0.3,3), K =7.8%
at A = 1 and K = 84.9% at A = 2, which has the most signifi-
cant effect in reducing the outbreak size.

1.2

R
.

0.8f J

1.0

N I II 11T v

Fig. 6. The bar graph for A} and A, where N denotes the baseline sce-
nario, and I-IV denote the NPI-I-IV scenarios.

1.0

0.8

1.0

0.8

0.6

(r)

0.4

0.2

Fig. 7. (a) The final epidemic size rw, (b) the mean (r.), and (c)
the ratio K versus the effective infected rate A, respectively, where
(Ne,Md,na) equals (0.8,0.7,6), (0.8,0.3,6), (0.8,0.7,3), (0.4,0.7,6) and
(0.4,0.3,3). The number of classes N. = 300. Data for 100 stochastic
simulations are given.

4. Conclusion

The university is a typical social community. To quanti-
tatively evaluate the effect of NPIs on containing infection, an
agent-based SIR model with time-varying heterogeneous con-
tact networks is proposed. The seat occupancy rate in class-
rooms, the seat occupancy rate in dining halls and the number
of students per dorm are important parameters to characterize
NPIs. We obtain epidemic thresholds for scenarios including
no interventions and four kinds of NPIs. We make quantita-
tive comparisons. We find the NPI of using larger classrooms
plays an important role in raising the epidemic threshold and
reducing the outbreak size. In fact, it can also be realized by
reducing the number of students in a classroom, i.e., dividing
a class into several small classes. The effect of combination

of interventions is most significant. All these studies provide
scientific evidence to support the use of NPIs in campuses.
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