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ABSTRACT

The COVID-19 pandemic has laid bare the importance of non-pharmaceutical interventions in the containment of airborne infectious
diseases. Social distancing and mask-wearing have been found to contain COVID-19 spreading across a number of observational stud-
ies, but a precise understanding of their combined effectiveness is lacking. An underdeveloped area of research entails the quantification
of the specific role of each of these measures when they are differentially adopted by the population. Pursuing this research allows for
answering several pressing questions like: how many people should follow public health measures for them to be effective for everybody?
Is it sufficient to practice social distancing only or just wear a mask? Here, we make a first step in this direction, by establishing a sus-
ceptible–exposed–infected–removed epidemic model on a temporal network, evolving according to the activity-driven paradigm. Through
analytical and numerical efforts, we study epidemic spreading as a function of the proportion of the population following public health
measures, the extent of social distancing, and the efficacy of masks in protecting the wearer and others. Our model demonstrates that social
distancing and mask-wearing can be effective in preventing COVID-19 outbreaks if adherence to both measures involves a substantial fraction
of the population.

Published under license by AIP Publishing. https://doi.org/10.1063/5.0041993

COVID-19 vaccination is underway but our fight against this
deadly virus is by no means over. There is widespread consen-
sus in the public health community that social distancing and
mask-wearing should be pursued for a long while, likely for the
entirety of 2021. Despite these recommendations, not everybody
wears a mask, and not everybody practices social distancing.
What are the consequences of these choices made by some indi-
viduals on the health of all of us? Here, we establish a mathemat-
ical model to explore the combined effect of mask-wearing and

social distancing by a fraction of the population on the spread-
ing of COVID-19. The predictions of our mathematical model
suggest that COVID-19 outbreaks can be prevented if a substan-
tial fraction of the population adheres to both social distancing
and mask-wearing. The success of these combined measures is
demonstrated in the study of real-world data on COVID-19 in
the USA. States that are suffering the most from the spreading are
also those that fall well above the epidemic threshold predicted by
our model, due to limited adherence to public health guidelines.
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I. INTRODUCTION

Public health experts have long feared a highly contagious
airborne pandemic1 that would have the potential to cause mass
casualties like the 1918 Spanish flu. The Centers for Disease Con-
trol and Prevention (CDC) has estimated that the 1918 Spanish flu
pandemic infected about 500 × 106 people worldwide and took the
life of 3%–5% of the world’s population over 15 months.2 In recent
years, there have been several warning signs of a possible pandemic
caused by a novel respiratory virus. Severe acute respiratory syn-
drome (SARS)3 and the Middle East respiratory syndrome (MERS)4

infected only 2519 people and 8098 people, respectively,5,6 due to
non-pharmaceutical interventions (NPIs) that prevented them from
spreading globally. These close calls highlighted the importance of
NPIs in containing the spread of novel viruses before pharmaceuti-
cal options could be available.

In the last year, NPIs have been used once again to pre-
vent the spread of a deadly virus. On March 11, 2020, the World
Health Organization (WHO) declared COVID-19 a pandemic. As
of December 2020, COVID-19 has infected almost 70 × 106 people
worldwide with over 1.5 × 106 attributed deaths.7 COVID-19’s pri-
mary modes of transmission are through droplets8 and aerosols.9,10

In addition to scientific breakthroughs in genetic sequencing,
genomic surveillance enabling rapid contact tracing, vaccine roll-
out, antiviral drugs, and travel restrictions, the fight against COVID-
19 relies on social distancing and masks.11

Social distancing has two components, keeping a safe physical
distance between people and reducing the number of times people
come into close contact. Public health policy can be used to enforce
social distancing through prohibiting mass gatherings, enforcing
quarantine, school closure, and stay-at-home orders, at the expense
of mental health and productivity.12–14 There exists comprehensive
evidence of the benefits of social distancing in reducing the spread
of the pandemic.15 The data also strongly suggest that social dis-
tancing measures in March and April 2020 precipitated an early end
to seasonal influenza in the Northern Hemisphere and prevented it
in the Southern Hemisphere.16,17 Along with empirical data, mathe-
matical models have also been leveraged to demonstrate the benefits
of social distancing in the fight against COVID-19,18 across a wide
range of approaches, spanning network theory,19,20 compartmental
modeling,21 and agent-based modeling.22,23

In addition to social distancing, mask-wearing has been often
proposed to be critical in the control of COVID-19.24 Experiments
have shown that surgical masks effectively reduce the spread of
viral particles expelled from the wearer25,26 and protect the wearer
by reducing exposure to high viral loads.27 Whether we compare
COVID-19 spreading across different states in the USA or across
different countries worldwide, there is evidence that government-
mandated mask use and COVID-19 cases are strongly related.28

Along with empirical observations, the efficacy of masks has been
assessed through compartmental models based on systems of dif-
ferential equations21,29 or stochastic simulations,30 computational
schemes employing a next-generation matrix approach,31 and het-
erogeneous bond percolation on static networks.32

Despite the overwhelming evidence in favor of social distancing
and masks, a mathematically based understanding of their com-
bined effect is lacking. Particularly elusive is the quantification of

the specific role played by either of these NPIs when they are
differentially adopted within a population. Here, we present a net-
work model of COVID-19 spreading to dissect the role of masks and
social distancing on the spread of the epidemic. Toward capturing
the concurrent evolution of the network of contacts and epidemic
dynamics, we adopt activity-driven networks (ADNs). Different
from “connectivity-driven” models where the network topology
drives interactions, ADNs are “activity-driven” in that the interac-
tions are characterized by a constant activity potential sampled from
a probability distribution.33

In the seminal work by Perra et al.,33 ADNs were used
to model susceptible–infected–susceptible (SIS) transmission. The
results were later extended to include susceptible–infected–removed
(SIR) transmission and vaccination strategies,34 self-protective
behaviors,35 and complex progression models.36 Within the
study of COVID-19, ADNs have been employed to exam-
ine the effects of active and inactive quarantine within an
SIR model.20 Susceptible–exposed–infected–non-infected–removed
(SEINR) transmission was integrated in an ADN to investigate the
effects of social distancing and travel restrictions19 during the first
wave of the COVID-19 pandemic in Italy. Building on the suc-
cess of these studies, here, we establish an ADN-based model of
COVID-19 spreading in which only a fraction of the population
adheres to social distancing and mask-wearing. For a suscepti-
ble–exposed–infected–removed (SEIR) model, we provide analytical
insight into the epidemic threshold and gather numerical evidence
on the long-term dynamics of the spreading. The specific contri-
bution of this study to ADNs is the formulation and mathematical
analysis of a sub-population model that can be used to examine
heterogeneities in network dynamical systems with stochastically
time-varying topology. Although the study is motivated by the
ongoing COVID-19 pandemic, it can find application in different
fields that have benefited from the use of ADNs, such as diffusion
of innovation37 and consensus problems.38 The existence of thresh-
old values emphasizes the importance of a high level of adherence to
NPIs; whereby falling below the critical values can lead to drastically
different outcomes in the dynamics of the system.

The rest of the paper is organized as follows. In Sec. II, we out-
line the proposed ADN-based model. In Sec. III, we conduct a linear
stability analysis in the mean-field limit to determine a closed-form
expression for the epidemic threshold. In Sec. IV, we present numer-
ical results that help validate analytical predictions and shed light on
the role of different control parameters. Therein, we also attempt at
a state-level analysis of pandemic in the USA, using available data
on the adoption of NPIs. Finally, in Sec. V, we summarize our main
findings and provide avenues for further work.

II. EPIDEMIC MODELING WITH DIFFERENTIAL SOCIAL

DISTANCING AND MASK-WEARING

A network model represents the population as a graph—a set of
nodes and edges. Nodes represent the individuals in the population,
and edges encode contacts between pairs of individuals. In this vein,
contagion travels from a node to another via paths formed by poten-
tially time-varying edges.39 More concretely, we model the epidemic
through a temporal network Gt of N nodes. Each node is associated
with an individual in a discrete state {S, E, I, R} depending on the
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FIG. 1. Progression dynamics of an SEIR model, consisting of four compart-
ments. An individual progresses from the susceptible state, S, to the exposed
state, E, with a per-contact probability λ when interacting with an individual in the
infected state I. The individual in the exposed state becomes infected, with a rate
a. Finally, the individual’s state changes to the removed state R with a rate µ.

individual’s health status. An initially uninfected node begins in the
susceptible state, S. At each time step 1t, if a node forms a connec-
tion with another node in the infected state, I, it enters the exposed
state, E, with a per-contact probability λ. The parameter λ is modu-
lated by the use of masks, which reduce the risk of transmission. The
node remains in the exposed state for a latency period and enters the
infected state with probability per unit time, or rate, a > 0. Finally,
in the infected state, the node enters the removed state, R, with rate
µ > 0 (Fig. 1). The removed state encompasses individuals who are
no longer susceptible to the infection. From the fraction of removed
individuals, it is possible to resolve the number of individuals who
are recovered and immunized and those who are dead, using fatality
and recovery rates from the medical literature, similar to Ref. 19.

Each node i ∈ {1, 2, . . . , N} in the network is characterized by
a time-independent, baseline activity potential xi. Such an activity
potential is defined as the ratio between the number of interactions
made by the node and the total number of interactions made by
all the nodes in the network during a fixed time interval, under the
premise that no effort is made to practice social distancing. All the
network’s baseline activity potentials xi are gathered in a vector x ∈

R
N. Social distancing modulates the activity potentials, similar to the

effect of masks on λ. The activity potentials xi are independent and
identically distributed realizations of a random variable. Following
Refs. 33 and 34, we sample our random variable from a power-law
distribution with exponent γ such that 2 < γ < 3. A lower cutoff
value of 10−3 is used when sampling from the distribution to avoid
singularities. A power-law distribution is “fat-tailed”—this leads to
an uneven distribution where a few highly active nodes are respon-
sible for much of the network’s contacts. This assumption has been
empirically validated in real-world contact networks,40,41 where most
individuals have few interactions and only a few interact with many
others.

As one might expect, the people who wear masks are also
those who reduce their mobility (Fig. 2). In Fig. 2, we use data
from the Institute for Health Metrics and Evaluation (IHME) at
the University of Washington42 to visualize the extent of mobility
(inferred from cellphone mobility data) as a function of the fraction
of a state’s population who reports regularly wearing masks (using
Facebook surveys). Pearson’s correlation coefficient between the
two variables is r ≈ −0.842. Such a strong correlation suggests that
the same people who reduce their mobility are also those who wear
masks. We hypothesize that these mobility reductions are suggestive
of practicing social distancing.

Specifically, based on this premise, we partition the popula-
tion into two sub-populations (Fig. 3). Sub-population A consists of

FIG. 2. Relationship between the proportion of people in each of the 50 USA
states and the District of Columbia who regularly wear masks and their mobility
compared to baseline averaged over the month of November 2020. The line
identifies a least squares best fit line.

individuals who regularly wear masks and practice social distanc-
ing, and sub-population B comprises individuals whose behavior
remains unchanged by the pandemic. This partition is implemented
in our activity-driven network, Gt, by assigning the nodes to two
disjoint sets of cardinality NA and NB, such that N = NA + NB is
the total number of nodes in the network. Using an SEIR model
for the coupled sub-populations, sub-population A is composed of
SA susceptible nodes, EA exposed nodes, IA infected nodes, and RA

removed nodes, which total to NA = SA + EA + IA + RA. Similarly,
we consider nodes in sub-population B as SB, EB, IB, and RB, where
NB = SB + EB + IB + RB.

Social distancing is included in the model by scaling the activity
potentials in A by a positive factor η < 1. This implies that, at any
time, the average number of active nodes in A is given by η〈x〉, where
〈·〉 defines the mean of a random variable. To incorporate the effect
of mask-wearing, we introduce the parameters α1,α2 ∈ [0, 1]. The
mask reduces the probability of an individual in sub-population A
transmitting the virus by a factor of α1 and the probability of getting

α1α2λ

α2λ λα1λ

S
A

S
A

I
A

E
A

R
A

S
B

S
B

I
B

E
B

R
B

FIG. 3. Schematic of the proposed network model using two sub-populations.
The dashed links represent possible pathways of contagion from IA or IB to either
of SB or SA, along with the corresponding per-contact probability.
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infected by α2, thereby incorporating empirical observations on the
function of masks11 (α1 = 1 and α2 = 1 implies no effect of masks).
In the literature, there is no consensus on the extent of protection
offered by masks.43,44 However, it is tenable to assume that the reduc-
tion in the probability of the mask wearer to transmit the virus is
much more significant than the reduction in the probability of the
mask wearer to get infected,11,45,46 that is, α2 > α1. Parameters α1,α2,
and η should be regarded as mathematical proxies for the considered
public health measures within the proposed ADN-based model.

Initializing a disconnected network of N = NA + NB nodes, the
progression of the contagion on the network evolves according to
the following rules:

(1) With probability ηxi1t, each node i in A becomes active and
generates m links that connect i to m other randomly selected
nodes from the total network, Gt. With probability xi1t, each
node i in B becomes active and generates m links that connect
to m other randomly selected nodes from the total network, Gt.

(2) The SEIR model rules are run on the graph.
(a) There are four ways an infected and susceptible node can

interact:
(i) If an infected node in A links with a susceptible node

in A, the susceptible node becomes exposed with a
per-contact transmission probability α1α2λ.

(ii) If an infected node in A links with a susceptible node
in B, the susceptible node becomes exposed with a
per-contact transmission probability α1λ.

(iii) If an infected node in B links with a susceptible node
in A, the susceptible node becomes exposed with a
per-contact transmission probability α2λ.

(iv) If an infected node in B links with a susceptible node
in B, the susceptible node becomes exposed with a
per-contact transmission probability λ.

(b) A node in the exposed state transitions to the infected state
with a rate of a.

(c) An infected node enters the removed state with a rate of µ.
(3) At the next time step t +1t, all the edges in the network are

deleted and the process resumes from step 1.

III. ANALYTICAL COMPUTATION OF THE EPIDEMIC

THRESHOLD

In previous studies,33,34 it was shown that, for both SIS and SIR
epidemic models on an ADN with per-contact infection probability

λ, baseline activity-potential vector x with first and second statis-
tical moments 〈x〉 and 〈x2〉, respectively, and recovery rate µ, the
epidemic threshold is given in terms of the reproduction number47

R̃0 =
2mλ〈x〉
µ

. The inequality

R̃0 > R̃c
0 :=

2〈x〉

〈x〉 +
√

〈x2〉
(1)

sets up the condition for the inception of an epidemic outbreak.
Therein, the superscript “c” is used to indicate the critical value of
the reproduction number above which an exponential growth of
infection cases occurs. Letting

R0 :=
R̃0

R̃c
0

=
mλ

µ

(

〈x〉 +
√

〈x2〉

)

, (2)

an outbreak occurs if R0 > 1 and the infection dies off if R0 < 1.
In the following, we recover an equivalent result for an SEIR model
and for the proposed network model in the limit cases where NPIs
are absent or totally ineffective.

A. Governing equations

Here, we extend the SIR/SIS computations to the proposed
model of COVID-19 spreading with differential social distancing
and mask-wearing. For large NA and NB, we consider SA

x(t), EA
x(t),

IA
x(t), RA

x(t) and SB
x(t), EB

x(t), IB
x(t), RB

x(t) to be the number of
nodes in A and B with activity potential x at a time t (also referred to
as “activity class x” in what follows) for the corresponding suscep-
tible, exposed, infected, and removed compartments. Since a node
cannot switch from sub-population A to B or from B to A, the num-
ber of nodes in A and B with activity level x, NA

x and NB
x, remain

constant and are given by

NA
x = SA

x + EA
x + IA

x + RA
x, (3a)

NA
x = SB

x + EB
x + IB

x + RB
x. (3b)

The proportion of nodes in A is defined as β = NA

N
.

Once infected, a node becomes exposed, and it moves to the
infected class at a rate given by a > 0. The transmission reduction
from masks is incorporated in the scaling parameters α1 and α2 and
social distancing is implemented on sub-population A through the
scaling parameter η.

In the mean-field approximation (N → ∞), the number of
nodes in sub-population A in the exposed state and activity class x
at a time t +1t is given by

EA
x(t +1t) = EA

x(t)− aEA
x(t)1t + α1α2βmλ

(

NA
x − EA

x(t)− IA
x(t)− RA

x(t)
)

ηx

∫

dx̃
IA

x̃(t)

NA
1t

+ α1α2βmλ
(

NA
x − EA

x(t)− IA
x(t)− RA

x(t)
)

∫

dx̃x̃
ηIA

x̃(t)

NA
1t

+ α2(1 − β)mλ
(

NA
x − EA

x(t)− IA
x(t)− RA

x(t)
)

ηx

∫

dx̃
IB

x̃(t)

NB
1t

+ α2(1 − β)mλ
(

NA
x − EA

x(t)− IA
x(t)− RA

x(t)
)

∫

dx̃x̃
IB

x̃(t)

NB
1t. (4)
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In Eq. (4), the first term refers to exposed individuals of class
x in A at the previous time step. The second term accounts for
exposed nodes of class x in A that transition from the exposed to the
infected state IA, after the latency period. The third term identifies
active susceptible individuals of class x in A that become exposed
by interacting with an infected node in A from any activity class;
note the presence of the factor α1α2 to account for the reduction in
transmission and increased protection by the wearer, along with η to
specify social distancing. The fourth term is similar to the third, but
it relates to any susceptible node in class x, active or not, that con-
tracts the infection from any active infected node in A. The fifth and
sixth terms duplicate the mechanism of the third and fourth terms,
respectively, to transmission between the two sub-populations; note

that, in this case, we only have the factor α2 to capture the protection
offered by masks to susceptible nodes in A.

The number of nodes in sub-population A in the infected state
and activity class x is

IA
x(t +1t) = IA

x(t)+ aEA
x(t)1t − µIA

x(t)1t. (5)

In Eq. (5), the number of infected nodes in A increases when an
exposed node in A becomes infected after a latency period and it
decreases when an infected node in A enters the removed state.

Similarly, the number of nodes in B in the exposed state and
activity class x at a time t +1t in the mean-field approximation is
given by

EB
x(t +1t) = EB

x(t)− aEB
x(t)1t + (1 − β)mλ

(

NB
x − EB

x(t)− IB
x(t)− RB

x(t)
)

x

∫

dx̃
IB

x̃(t)

NB
1t

+ (1 − β)mλ
(

NB
x − EB

x(t)− IB
x(t)− RB

x(t)
)

∫

dx̃x̃
IB

x̃(t)

NB
1t

+ α1βmλ
(

NB
x − EB

x(t)− IB
x(t)− RB

x(t)
)

x

∫

dx̃
IA

x̃(t)

NA
1t

+ α1βmλ
(

NB
x − EB

x(t)− IB
x(t)− RB

x(t)
)

∫

dx̃x̃
ηIA

x̃(t)

NA
1t, (6)

and the number of nodes in B in the infected state and activity class
x is

IB
x(t +1t) = IB

x(t)+ aEB
x(t)1t − µIB

x(t)1t. (7)

Terms in Eqs. (6) and (7) have analogous interpretations as those
in Eqs. (4) and (5). The key difference is the lack of the factors α2

and η due to the lack of social distancing and protection from mask-
wearing in sub-population B.

The evolution of the removed state in the two sub-populations
is simply

RA
x(t +1t) = RA

x(t)+ µIA
x(t)1t, (8a)

RB
x(t +1t) = RB

x(t)+ µIB
x(t)1t. (8b)

B. First-order equations

Here, we provide an analytical expression for the epidemic
threshold as a function of all the control parameters. Toward this
aim, we assume that, initially, there are no nodes in the removed
state for all activity classes, that is, RA

x(0) = RB
x(0) = 0 for all x.

To perform this analysis, we work with sub-population-wide
quantities that consolidate epidemic spreading across different
activity classes. Specifically, we deal with the sub-population-wide
numbers of infected and exposed individuals over all activity classes,
namely,

IA =

∫

IA
x dx, (9a)

IB =

∫

IB
x dx, (9b)

EA =

∫

EA
x dx, (9c)

EB =

∫

EB
x dx, (9d)

along with first-order moments, obtained by multiplying by x and
integrating, that is,

θA =

∫

xIA
x dx, (10a)

θB =

∫

xIB
x dx, (10b)

ψA =

∫

xEA
x dx, (10c)

ψB =

∫

xEB
x dx. (10d)

Integrating both sides of Eqs. (4)–(7) over all activity classes
and retaining only first-order terms yield

dIA

dt
= −µIA + aEA, (11a)
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dIB

dt
= −µIB + aEB, (11b)

dEA

dt
= −aEA + α1α2βmλη

(

〈x〉IA + θA
)

+ α2βmλ
(

η〈x〉IB + θB
)

,

(11c)

dEB

dt
= −aEB + (1 − β)mλ

(

〈x〉IB + θB
)

+ α1(1 − β)mλ
(

〈x〉IA + ηθA
)

, (11d)

as1t → 0.
Likewise, by multiplying both sides of (4)–(7) by x, and then

integrating over all activity classes and keeping only first-order
terms gives

dθA

dt
= −µθA + aψA, (12a)

dθB

dt
= −µθB + aψB, (12b)

dψA

dt
= −aψA + α1α2βmλη

(

〈x2〉IA + 〈x〉θA
)

+ α2βmλ
(

η〈x2〉IB + 〈x〉θB
)

, (12c)

dψB

dt
= −aψB + (1 − β)mλ

(

〈x2〉IB + 〈x〉θB
)

+ α1(1 − β)mλ
(

〈x2〉IA + η〈x〉θA
)

, (12d)

as1t → 0.
To examine the stability of the system of linear differential

equations in equation sets (11) and (12), we introduce

z =
[

IA, IB, θA, θB, EA, EB,ψA,ψB
]T

, (13)

where T indicates matrix transposition. Hence, we can formulate the
problem in the form dz

dt
= Jz, where J is a 8 × 8 state matrix for the

linearized dynamical system.
All the eigenvalues of J are real, and the stability of the

infection-free state is controlled by the largest eigenvalue of J,3max,
which can be written as

3max = −mµλ+ mλf1(α1,α2,β , η)〈x〉 + mλf2(α1,α2,β , η)
√

〈x2〉,

(14)

where

f1(α1,α2,β , η) := 1 − β + α1α2ηβ , (15a)

f2(α1,α2,β , η) :=
√

(1 − β + α1α2η2β) (1 − β + α1α2β). (15b)

An epidemic outbreak occurs if 3max > 0, so that the infection-free
state is unstable above the epidemic threshold, given by

mηλ

µ
>

1

f1(α1,α2,β , η)〈x〉 + f2(α1,α2,β , η)
√

〈x2〉
. (16)

C. Limit cases

Here, we specialize our general expression of the epidemic
threshold in Eq. (16) to several limit cases. If there is no social dis-
tancing even in sub-population A, then η = 1 and Eq. (16) can be
written as a scaled version of the critical reproduction number from
Eq. (1), in the absence of interventions. Specifically, we obtain

R̃0 > f(α1,α2,β)R̃
c
0, (17)

where

f(α1,α2,β) :=
1

1 − β (1 − α1α2)
(18)

and R̃C
0 is the critical reproduction number, defined by Eq. (1), in the

absence of interventions. This result is consistent with expectations
for the following cases:

1. If masks bring no benefit (α1 = α2 = 1) or the behavior of the
entire population is unchanged (β = 0), then f(α1,α2,β) = 1.
This case, therefore, coincides with the original incarnation
of an SEIR model over an ADN. Consistently, the threshold
reduces to the result in Ref. 33.

2. If all nodes are in sub-population A (β = 1), then f(α1,α2, 1)
= 1

α1α2
, thereby indicating that the epidemic outbreak can be

greatly suppressed by wearing efficacious masks.
3. If the masks completely prevent transmission in either direc-

tion (α1 = 0 or α2 = 0), then the sub-population that adheres
to mask-wearing is virtually not part of the disease transmis-
sion. In fact, f(0, 0,β) = 1

1−β
, which yields the same threshold as

the case in which a proportion β of the population is randomly
vaccinated.34

4. The analysis is simplified in the symmetric case where α = α1

= α2. In Fig. 4, we plot the function in Eq. (18) for α ∈

[0.5, 1.0] and β ∈ [0, 1]. Contour curves are suggestive of a sub-
stitute action between adherence to mask-wearing and their
effectiveness, such that the same value of the function can be
obtained through different combinations of the parameters. A
shadowed area in the α–β plane highlights the most plausible
parameter space for adherence and effectiveness, as observed in
Refs. 11, 26, 28, 29, 31, 42, and 44.

IV. NUMERICAL RESULTS

Here, we present a detailed numerical study to corroborate our
analytical expression for the epidemic threshold in Eq. (16), char-
acterize the long-term outcome of the outbreak (in terms of steady-
state fraction of removed individuals), and highlight the connection
between our model and real-world observations. In all simulations,
we implement an ADN of size N = 106, with a number of connec-
tions per active node of m = 20 and a decay rate for the power-law
activity distribution of γ = −2.1 with cutoffs set at [10−3, 1]. Simu-
lations are run with a time step of 1t = 0.5 day. A small fraction of
0.01N random individuals is infected at the onset of each simulation,
and 100 realizations are utilized when computing averages.

Key epidemiological parameters of the model are borrowed
from Ref. 19; in particular, we implement the SEIR model with a
recovery rate of µ = 0.2 day−1 and a latency time a = 0.5 day−1.

Chaos 31, 043115 (2021); doi: 10.1063/5.0041993 31, 043115-6

Published under license by AIP Publishing.

https://aip.scitation.org/journal/cha


Chaos ARTICLE scitation.org/journal/cha

FIG. 4. Visualization of function f(α1,α2,β) in Eq. (18) in the symmetric
case where α = α1 = α2. The shadowed region highlights the most plausible
parameter region.

Instead of utilizing the per-contact infection rate, λ, as a control
parameter, we choose to work with the reproduction rate, R0, which
can be obtained from Eq. (2) using the given values of m, γ , and µ.
A meta-analysis of the early days of the COVID-19 pandemic48 sug-
gests that, before interventions, the observed reproduction rate, R0,
was likely between 2 and 3 but could be as high as 4. In our study,
we treat R0 as a continuous control parameter between 1 and 4.

Borrowing again from Ref. 19, we consider three values for
the reduction in activity due to social distancing (η = 0.25, η = 0.5,
and η = 0.75) toward capturing the extrema of severe and modest
social distancing. Since the net efficacy of masks is still debated,43

we conduct our analysis using values on the optimistic (α1 = 0.25
and α2 = 0.75) and the pessimistic (α1 = 0.5 and α2 = 1) ends of
the spectrum examined in the literature.11,26,28,29,31,44 The optimistic
end of the spectrum pertains to the use of N95 respirators and likely
overestimate the efficacy of surgical masks.26 The last control param-
eter we examine is the proportion of individuals following public
health guidelines and social distancing, β . We treat this as a con-
tinuous control parameter between 0 and 1; for reference, β should
vary between β = 0.4 and β = 0.8 in November 2020 in the USA
(Fig. 2).

We perform four parametric studies, in which we compute the
steady-state proportion of the total population R∞/N who eventu-
ally enters the removed state as a function of β and R0. The first two
studies seek to isolate the specific benefits of either social distancing
or mask-wearing. To ascertain the role of social distancing alone,
we focus on the case of severe social distancing (η = 0.25), in the

absence of beneficial effects of masks (α1 = α2 = 1). Similarly, we
examine the role of mask-wearing alone using optimistic assump-
tions on mask efficacy (α1 = 0.25 and α2 = 0.75) and discarding
social distancing (η = 1). The next two scenarios seek to understand
the combined effect of mask-wearing and social distancing under
pessimistic and optimistic assumptions. First, we consider the case
of moderate social distancing (η = 0.75), along with a pessimistic
assumption on the efficacy of masks (α1 = 0.5 and α = 1). Finally,
we study the case of intermediate social distancing (η = 0.5) with an
optimistic assumption on mask efficacy (α1 = 0.25 and α = 0.75) to
illustrate an achievable scenario under the use of N95 respirators.

After exploring these four scenarios, we turn to real-world data
on the epidemic in the USA to understand which of the states is
below or above the epidemic threshold, according to our theoreti-
cal predictions in Eq. (16). We perform the analysis using different
values of R0, and for each state, we utilize available data on mask-
wearing and social distancing (Fig. 2). Upon gathering insight into
each of the states, we perform a statistical analysis against real
data on infection to offer partial support in favor of the proposed
modeling approach.

A. Parametric studies

We first consider the scenario where severe social distancing is
undertaken (η = 0.25) without mask-wearing [Fig. 5(a)]. Numer-
ical results confirm the existence of a threshold in the parameter
space, below which the epidemic dies out in time and the fraction of
removed individuals approaches zero. Our theoretical prediction of
the epidemic threshold from Eq. (16) is in excellent agreement with
numerical results. Minor discrepancies are due to the time-discrete
nature of the simulation that is executed at a finite time resolution.
For β = 0, the threshold value for the reproduction rate is R0 = 1
and then it increases nonlinearly with β , reaching a value close to 4.

This finding indicates that the higher R0 is, the larger should
be the fraction of the population who practice social distancing to
prevent an epidemic outbreak. For example, for R0 = 2, it is suf-
ficient that β = 0.8 to contain the epidemic, while for R0 = 4, we
need almost the entire population to practice social distancing if
no other NPI beyond the two considered herein is implemented.
Thus, in the USA, where a large fraction of the population does not
comply with public health measures (Fig. 2), social distancing alone
cannot suffice to contain the epidemic. These predictions are robust
with respect to moderate variations of model parameters, as shown
in the Appendix.

On the opposite side of the spectrum of NPIs, we examine
the scenario where masks are very effective in reducing transmis-
sion and increasing protection (α1 = 0.25 and α2 = 0.75), but social
distancing is not practiced [Fig. 5(b)]. As expected, our numerics
align with our analytical prediction of the epidemic threshold, and
we highlight the inadequacy of a single control measure to combat
the pandemic. For example, for R0 = 2, we would require at least a
fraction β = 0.6 to wear a highly efficacious mask for containing the
epidemic, and this fraction should increase to β = 0.9 for R0 = 4.

Combining the two control measures could, in principle, help
reduce the fraction of individuals who need to adhere to public
health measures. However, the effectiveness of a combined approach
depends on the efficacy of the masks and the extent to which social
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FIG. 5. Steady-state fraction of removed individuals, R∞/N (color coded), as a function of the proportion of the population who comply with public health measures, β , and
reproduction rate, R0. The white line is the epidemic threshold computed using Eq. (16). (a) Severe social distancing and no mask-wearing; (b) no social distancing and high
effectiveness of masks; (c) moderate social distancing, masks reducing transmission but not offering self-protection; (d) intermediate social distancing and high effectiveness
of masks. (a) η = 0.25, α1 = 1, and α2 = 1, (b) η = 1, α1 = 0.25, and α2 = 0.75, (c) η = 0.75, α1 = 0.5, and α2 = 1, and (d) η = 0.5, α1 = 0.25, and α2 = 0.75.

distancing is practiced. For example, practicing moderate social dis-
tancing (η = 0.75) and mask-wearing will not be effective in halting
the spreading for any value of R0 above 2.5 in case the efficacy of
masks is limited to a reduction in the transmission without extra
protection (α1 = 0.5 and α2 = 1) [Fig. 5(c)]. On the other hand,
highly efficacious masks (α1 = 0.25 and α2 = 0.75) [Fig. 5] and
intermediate social distancing (η = 0.5) are sufficient to prevent an
epidemic outbreak for any selection of R0 from 1 to 4, provided that
at least a fraction β = 0.8 of the population follows public health
measures.

B. Comparison to the ongoing pandemic

Here, we demonstrate how the proposed model can be uti-
lized on real-world data. Specifically, we focus on the current state
of the pandemic in the USA, offering evidence for the critical need
of widespread adherence to public health measures to combat the
spreading. First, we infer the value of η for each of the 50 US states
along with the District of Columbia, by using cellphone mobility
data from IHME at the University of Washington42 (Fig. 2). The lat-
ter quantifies the extent to which the entire population reduce their

mobility with respect to baseline. We hypothesize that this over-
all reduction is attributed only to the fraction of the population β
who follows public health measures (both mask-wearing and activ-
ity reduction). Hence, the overall mobility is reduced as more people
practice social distancing; with a simple rule of mixture, we can
express the mobility on the vertical axis of Fig. 2 as ηβ + (1 − β),
which accounts for the fact that only a fraction β of the popula-
tion reduces their activity by η. We then leverage this consideration
to infer the state-level activity reduction η. In the β − η plane of
Fig. 6(a), we plot each of the 50 US states along with the District of
Columbia according to their estimated activity reduction and frac-
tion of people who regularly wear masks. In the same plane, we also
report epidemic thresholds computed from Eq. (16) for different
values R0 ranging from 2 to 4 in steps of 0.5, using the optimistic
estimation of mask efficacy (α1 = 0.25 and α = 0.75).

For any choice of R0, several states seem to be within the
instability region, that is, above the epidemic threshold. States
in the Mid-West (like Wyoming, South Dakota, and North
Dakota) that engage in comparatively less mask-wearing and social
distancing should achieve an epidemic outbreak according to model
predictions. On the other hand, states in the North-East (like New
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FIG. 6. Real-world analysis of the association between COVID-19 spreading in the USA and adherence to public health measures. (a) Distribution of states in the β–η plane,
against threshold loci for different values of R0; (b) k-means clustering of states in two groups, according to the per capita rate of cases. (a) US states along with the District
of Columbia ordered in the β–η plane. The curves representing epidemic thresholds for equidistant values of R0 between 2 and 4 with α1 = 0.25 and α2 = 0.75, computed
according to Eq. (16). States are colored as a function of the number of cases per capita they experienced since July 14, 2020 (red: group associated with a high percentage
of cases, and green: group associated with a low percentage of cases, according to a k-means analysis). A colored (red or green) asterisk close to an epidemic threshold
identifies a significant difference of the mean of the corresponding group with respect to the threshold. (b) US states along the District of Columbia ordered by cumulative
case count between July 14, 2020 and December 10, 2020 as a percent of the total population, according to data collected from the New York Times.49 Red and green groups
are identified based on k-means clustering.
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York, Connecticut, and Massachusetts) or California that have been
severely hit by the pandemic in Spring 2020 and have then followed
more strictly public health guidelines are predicted to be below the
epidemic threshold for values of R0 of 3 or below. A clear insight,
which confirms intuition and empirical observations, emerges from
the analysis of these results: strong adherence to social distancing
and wearing masks would take population away from the risk of an
outbreak, even for high values of the reproductive parameter R0.

Toward acquiring some statistical confidence in the pre-
dicted association between adherence to public health measures and
COVID-19 spreading, we examine the cumulative cases per capita
between July 14, 2020, when the CDC first officially recommended
the use of masks,24 and December 10, 2020 (date of completion of
this study) according to data collected from the New York Times49

[Fig. 6(b)]. We pursue a k-means cluster analysis that partitions
states (including the District of Columbia) into two groups as a func-
tion of the sole per capita infection rate: those which experienced a
high level of per capita cases (red group) and those which experi-
enced a low number of per capita cases (green group) from July 14
to date [Fig. 6(b)].

Should we know the exact value of R0 and should the model
beget exact predictions, we would observe all the red states lying
above the threshold, and the green ones below. Our results are in
qualitative agreement with such a consideration for each value of
R0. To quantitatively confirm this observation, for each value of R0

and each epidemic threshold, we test whether a group is equally dis-
tributed with respect to the threshold using a t-test. Specifically, we
assign to each state a +1 or −1 if they are below or above the thresh-
old and test whether the sum of these values is greater than zero
for the red group or less than zero for the green group. The pro-
posed one-dimensional statistical test is expected to be adequate for
the uneven distribution of the states with respect to β and η, as it
assigns a single score to each state with respect to the thresholds. For
R0 = 2, we reject the null hypothesis for the green group (R0 = 2,
t26 = 12.5, and p < 0.001), and for any value of R0 above 2.5, we
reject the null hypothesis for red group (R0 ≥ 2.5, t23 < −4.3, and
p < 0.001). Hence, states that experienced a high per capita rate of
infected individuals, marked in red in Figs. 6(a) and 6(b), are likely
above the predicted epidemic threshold for a wide range of values
of R0. On the other hand, states that have experienced a low per
capita rate of infected individuals, marked in green in Figs. 6(a)
and 6(b), are below the epidemic threshold even for small values
of R0. Our analysis suggests that the proposed model has predic-
tive power in discerning the effect of adherence to public health
measures on epidemic spreading.

V. CONCLUSIONS

In this study, we put forward a mathematical model to
probe the effectiveness of non-pharmaceutical interventions on the
spreading of COVID-19. Specifically, we seek to examine how a
partial adoption of social distancing and mask-wearing by only
a sub-population influences the spreading of the epidemic in the
entire population. Our modeling approach is based on the paradigm
of activity-driven networks (ADNs), which allows for capturing
the co-evolution of the network of contacts and the epidemic

spreading. COVID-19 progression is described within a suscepti-
ble–exposed–infected–removed (SEIR) model that has been previ-
ously calibrated on real-world data.

To describe differential adherence to public health measures,
we partition the population into two sub-populations: one that prac-
tices social distancing and wears masks and another that does not
do either. Within the ADN-paradigm, social distancing is simply
captured by reducing individuals’ activity, so that they would gen-
erate less contacts in time. Mask-wearing is modeled by including
two factors, quantifying the extent to which masks protect those
who wear them and reduce the transmission of the virus from those
who wear them to those who do not. Via a mean-field asymptotic
approximation that retains the network heterogeneity, we establish
a transparent, analytical expression for the epidemic threshold as a
function of the control parameters. Numerical simulations are con-
ducted to validate the result and shed more light into the epidemic
spreading.

Overall, the model demonstrates that neither social distancing
nor mask-wearing alone are likely sufficient to halt the spreading
of COVID-19, unless almost the entirety of the population adheres
to them. Combining the two approaches could lead to achievable
scenarios in which the adherence of the majority of the population
to such public health measures would suffice to combat the spread-
ing. Comparing with real-world data on COVID-19 in the USA, we
observe a close correspondence between the extent to which states
comply with social distancing and mask-wearing and the local sever-
ity of the epidemic. States that are suffering from the largest number
of infections are also those that comply less with public health guide-
lines, thereby falling well above the epidemic threshold predicted by
our model.

This promising comparison with real-world data warrants sev-
eral considerations. First, we cannot exclude that multiple factors
contribute to the values of the model parameters, α1,α2, and η,
beyond those related to masks and social distancing. For exam-
ple, improved hygiene, reduced hand-shaking, and confinement
measures could all contribute to these parameters, thereby con-
founding the precise inference of mask-wearing and social dis-
tancing. Second, while the proposed model is designed to capture
differential responses to public health measures, it only considers
homogeneous interactions within the population. This is likely not
the case; it is reasonable to expect that people who follow pub-
lic health guidelines are more likely to interact with others who
follow public health guidelines and vice versa. This can be incor-
porated into the model by considering ADN with attractiveness.39

Third, in its present incarnation, the model assumes that individu-
als have a preassigned tendency to adhere to public health measures,
which does not change in time, due to their contacts or infection
status. The current model can be extended to include behavioral
changes following Refs. 35 and 50. Fourth, the transmission and
progression model adopted is a simplified version of COVID-19.
It, therefore, offers limited mechanical adequacy with respect to
several factors, such as the incubation period, uniform transition
rates to the removed state, and age-dependent parameters.51 How-
ever, we believe that the proposed model offers a valuable tradeoff
between reproduction of the salient phenomena of the epidemic
spreading and its mathematical tractability and computational
burden.
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In the present model, social distancing is achieved by con-
sistently scaling down the activity potential of a sub-population;
a variant of the model may contemplate reducing the value of
the connectivity parameter m. Another potential generalization of
the model could address the drawbacks of public health mea-
sures. For example, not only does social distancing lead to societal
problems such as loneliness, depression, and financial struggles,12,14

but it also is not an option for many individuals.52 By expanding
the model to include these drawbacks, we could find an opti-
mal balance of social distancing and still prevent epidemic out-
breaks.

Overall, this work adds to the literature of mathematical treat-
ment of the combined effect of non-pharmaceutical interventions.
Beyond the study of epidemic spreading, our modeling framework
finds application in diffusion processes over temporal networks
where heterogeneity among sub-populations cannot be ignored.
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APPENDIX: SENSITIVITY ANALYSIS

Here, we report the results of a sensitivity analysis executed on
the results of Sec. IV A. We assess the effect of variations of param-
eters γ and m on the dependence of the steady-state fraction of
removed individuals, R∞/N, on the proportion of the population
who comply with public health measures, β , and the reproduction
rate, R0. Based on the typical range for γ and m reported in the
literature, we conducted a sensitivity analysis on Fig. 5 (γ = 2.1
and m = 20), considering the following four cases: (a) γ = 2.05 and
m = 20; (b) γ = 2.15 and m = 20; (c) γ = 2.1 and m = 18; and
(d) γ = 2.1 and m = 22. Simulation results illustrated in Fig. 7 sug-
gest that our claims are robust with respect to parameter variations
within 5%–10% of their nominal value.

FIG. 7. Sensitivity analysis of the dependence of the steady-state fraction of removed individuals,R∞/N (color coded), onβ andR0. Each panel covers different combinations
of γ and m: (a) γ = 2.05 and m = 20, (b) γ = 2.10 and m = 18, (c) γ = 2.15 and m = 20, and (d) γ = 2.15 and m = 22. Remaining parameters are set as in Fig. 5
(η = 0.25, α1 = 1, and α2 = 1). (a) γ = 2.05 and m = 20, (b) γ = 2.10 and m = 18, (c) γ = 2.15 and m = 20, and (d) γ = 2.15 and m = 22.
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