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With the multiple waves of COVID-19 in China and other countries, there is an urgent need to design effective containment,
especially nonpharmaceutical interventions, to combat the transmission. Media reports on COVID-19—which can induce
precautionary behaviour such as social distancing, by providing disease-related information to the public—are thought to be
effective in containing the spread. We include the media-reporting data collected from authoritative and popular websites, along
with the corresponding IP-visiting data, to study the effects of media reports in curbing the outbreak of COVID-19 in Beijing. To
quantify how social distancing affects the spread of COVID-19, we differentiate the fully susceptible from those susceptibles who
are media aware and practice social distancing or are quarantined. We propose a discrete compartment model with the fully
susceptible, the media-aware susceptible, and the quarantined susceptible as three separate classes. We adopt functions dependent
on the media reports and the contacts of media-aware susceptibles to describe the progression rate of susceptibles to media-aware
susceptibles. By fitting the targeted model to data on the two Beijing outbreaks, we estimated the reproduction numbers for the
two outbreaks as R, = 1.6818 and R, = 1.3251, respectively. Cross-correlation analysis on our collected data suggests a strong
correlation between the media reporting and epidemic case data. Sensitivity and uncertainty analysis show that even with the
intensified interventions in force, reducing either the social distancing uptake rate or the average duration of social distancing for
media-aware susceptibles could aggravate the severity of the two outbreaks in Beijing by magnifying the final confirmed cases and
lengthening the end time of the pandemic. Our findings demonstrate that enhancing social distancing and media reporting alone,
if done in sufficient measures, are enough to alleviate the COVID-19 epidemic.

1. Introduction

The COVID-19 pandemic is highly transmittable, with
specific features, including the emergence of multiple
variants, incubation period, and asymptomatic carriers,
that differentiate it from other coronaviruses, such as SARS
and MERS. Although the epidemic in China was essentially
controlled in the early stage, many cities in China, in-
cluding Guangzhou, Nanjing, and Nei Monggol, have
experienced a second epidemic wave [1, 2]. This is also true
for other countries and regions, where new outbreaks or
multiple epidemic waves occurred despite quarantine and
social-distancing policies. The number of confirmed cases

has continued to grow, with 264,815,815 confirmed cases
and 5,249,793 deaths as of 7 December, 2021 [3]. Con-
trolling the spread of COVID-19 is of vital importance for
the whole world. Even with an effective vaccine or specific
antivirals, nonpharmaceutical interventions are integral in
reducing the probability of contracting the disease for an
individual and avoiding new waves for a country or a
region [4].

Human behaviour plays a vital role in the transmission
of epidemics [5, 6], and an important factor influencing
behavior is the amount of attention an individual places on
the virus [7]. A major factor influencing such attention is
media awareness [8]. In case of COVID-19, individuals are


mailto:aily_wang83@163.com
https://orcid.org/0000-0002-8324-5825
https://orcid.org/0000-0003-3372-899X
https://orcid.org/0000-0001-6015-8860
https://orcid.org/0000-0002-6529-3321
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/3954598

media aware if (a) they receive virus-related information via
media and (b) trust the information. Such individuals are
more likely to practice social distancing and take precautions
to remove themselves as much as possible from exposure to
the virus [9-15]. Social-distancing practices may range from
moderate to extreme total isolation and is one of the main
reasons why the spread of COVID-19 in China is under
control. However, some key questions remain about social
distancing: specifically, how it alters the contact patterns of
the public and how it interacts with other strict containment
measures to reduce the transmission. It is thus necessary to
understand how social distancing may help in curbing the
transmission of COVID-19 and how it might be affected by
the media.

Many mathematical models have been presented to
describe the dynamics of the evolution of COVID-19 since
the outbreak of COVID-19 [16-33]. Wu et al. [16-18] es-
timated the size of the epidemic in Wuhan based on the
initial data. Gatto et al. [19-21] examined the effects of
nonpharmaceutical interventions (NPIs) by modelling the
unfolding epidemic with the laboratory surveillance data,
illustrating the critical contribution of NPIs in reducing
transmission. Laxminarayan et al. [22-26] revealed the
features as well as transmission pathways of COVID-19 and
identified the key factors affecting the contact pattern and
the total number of infections. Zhu et al. [27-29] designed
dynamic models to mimic the data on the epidemic and
hospital bed capacities, studying the role of hospital capacity
in helping curb the outbreak in certain regions. Khajanchi
etal. [31-33] proposed compartmental models to explain the
transmission dynamics of COVID-19 and forecast the case
numbers in India. Although these studies contribute un-
derstanding COVID-19 transmission, the impact of media
reports on the pandemic has not been quantified.

Some mathematical models have been proposed to
assess the effects of mass media on the containment of
other infectious diseases by decreasing the contacts of
susceptible individuals [14, 15, 34, 35]. Heffernan et al.
[14] formulated a stochastic agent-based model by in-
cluding social distancing levels in their modelling,
resulting in three susceptible compartments corre-
sponding to three different social-distancing levels. They
quantified the effects of mass-media reports in the 2009
HIN1 pandemic using this model and found that the
report rate affected the variability surrounding public-
health interventions. Rai et al. [15] formulated a deter-
ministic compartment model by setting the media-aware
susceptibles as a separate class that cannot contract the
disease in order to mimic the COVID-19 outbreak in
India. However, quantifying the variability in the contact
rates of media-aware susceptibles as the media reports
vary has been ignored in these studies, and no media-
reporting data was used in the analysis or to calibrate the
proposed model. Zhou et al. and Guo et al. [34, 35]
considered the variability in the contacts of the population
by adopting media-dependent contact rates and including
media reporting data in the parameterization of the
targeted model for the COVID-19 outbreak. However,
they did not reflect the difference in the degrees to which
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different individuals undertake social distancing. To
quantitatively assess the media effect on the contacts and
illustrate the different degrees of social distancing induced
by media reports, we use a compartment model and take
the two COVID-19 outbreaks in Beijing as case study.

We present a discrete dynamic model in order to
quantify the effect of media-induced social distancing on
curbing the transmission of COVID-19. We use the model to
mimic the data of the two outbreaks in Beijing: the outbreak
from 20 January to 28 April, 2020, and the outbreak from 11
June to 3 September, 2020. We introduce two functions in
terms of media reports, KM (t) and
Coin + (€ = Cpp)e” MO =) to describe the effect of media-
induced social distancing. We quantify the effect of social-
distancing using two parameters: the social-distancing up-
take rate x and the average time 1/A; that susceptibles
practice social distancing.

2. Methods

2.1. Data Collection and Analysis. We collected the data of
COVID-19 cases from 20 January to 28 April 2020 from
Beijing Municipal Health Commission. The data include the
cumulative number of confirmed cases and cumulative
number of recovered cases, as shown in Figure 1(a).

As of 28 April 2020, the cumulative number of con-
firmed cases climbed to 415, and the cumulative number
of recovered cases increased to 406. No newly confirmed
cases were reported until 11 Jun 2020. Therefore, we also
collected the data of COVID-19 cases in Beijing from 11
June to 3 September 2020, as shown in Figure 1(e). The
cumulative number of confirmed cases was 335, and the
cumulative number of recovered cases was 335 between 11
June and 3 September 2020. For convenience, the out-
break between 20 January and 28 April is referred as the
first outbreak and the outbreak between 11 June and 3
September is referred as the second outbreak in the rest of
this work. We also obtained the daily number of media
reports on COVID-19 from four authoritative and pop-
ular websites, including xinhuanet.com, huanqiu.com,
cnr.cn, and news.sina.com.cn during the first outbreak,
using the key word “COVID-19” included in the title or
the full text, as shown in Figure 1(b). In addition, we
obtained the daily number of IP addresses that visited
each website, as shown in Figure 1(c). We similarly ob-
tained the daily number of media reports on COVID-19
from seven websites, including china.com.cn, people.-
com.cn, xinhuanet.com, news.sina.com.cn, cyol.com,
chinanews.com, and gmw.cn during the second outbreak,
using the key words “The epidemic in Beijing” included in
the title or the full text, as shown in Figure 1(f). We
collected the daily number of IP addresses that visited
these seven websites from 11 June to 3 September 2020, as
shown in Figure 1(g). Finally, we calculated the average
daily number of media reports for the first outbreak by
defining an index “hotness” as the weighting coefficients
to average the number of media reports collected in the
first four websites, as shown in Figure 1(d). If the daily
number of media reports collected in each website is
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FiGgure 1: Cumulative number of confirmed cases and recovered cases from 20 January to 28 April 2020 (a) and from 11 June to 3 September
2020 (e); Number of daily media reports (b) and IP addresses (c) visiting xinhuanet.com, huangiu.com, cnr.cn, and news.sina.com.cn,
respectively; Number of daily media reports (f) and IP addresses (g) visiting China.com.cn, people.com.cn, xinhuanet.com, news.-
sina.com.cn, cyol.com, chinanews.com, and gmw.cn, respectively. Number of daily confirmed cases and the average daily number of media
reports from 20 January to 28 April (d) and from 11 June to 3 September (h).

denoted by x; and the daily number of IP addresses
visiting the corresponding website by p;, i=1,2,3,4,
representing xinhuanet.com, huanqiu.com, cnr.cn, and
news.sina.com.cn, respectively, then the average daily
number of media reports x takes the form

(1)

where h; = p;/ Y+, p; represents the index hotness of the
first four websites, respectively. By the same method, we
defined the average daily number of media reports for the
second outbreak in Beijing based on the last seven websites,
as shown in Figure 1(h).

x = hx;,

2.2. Cross-Correlation Coefficients. It follows directly from
Figure 1(d) and 1(h) that the average number of daily media
reports relates closely to the number of daily confirmed
cases. The cross-correlation analysis method is adopted to
provide qualitative insights on the causal temporal inter-
action between the daily number of media reports and the
number of daily confirmed cases in the two outbreaks in
Beijing. Let x,; denote the number of daily media reports
and y, denote the number of daily confirmed cases from 20
January to 28 April 2020, where i=1,2,3,4 represent
xinhuanet.com, huanqiu.com, cnr.cn, and news.-
sina.com.cn, as shown in Figure 2.

We can see from Figures 2(a)-2(d) that there are sta-
tistically significant cross-correlations between the daily
number of media reports x,;, X,,, X3, X;4 and the number of
daily confirmed cases y,; the local maximal cross-correlation
coefficient occurs at lag = 3, -1, -1, -1, respectively. We also
calculated the cross-correlation function (CCF) between the
average daily number of media reports (x,) and the number

of daily confirmed cases (y,) from 20 January to 28 April
2020 at specific lags. It shows that x; correlated with y,
significantly at lags ranging from —9 to 5, and this cross-
correlation coefficient achieves its maximum value at
lag = 0, as shown in Figure 2(e). Similarly, we denote the
number of daily media reports by x,; and the number of
daily confirmed cases by y, from 11 June to 3 September
2020, where i=1,2,3,4,5,6,7 represent china.com.cn,
people.com.cn, xinhuanet.com, news.sina.com.cn, cyol.com,
chinanews.com, and gmw.cn, respectively. The results are
summarized in Figure 3.

From Figure 3, we can see that there also exist statistically
significant cross-correlations between x,; and y,, with the
local maximal cross-correlation coefficient occurring at
lag = -2,-2,-2,-2,-2,-2,-3 days. Finally, we calculated
the cross-correlation function between the average daily
number of media reports (x,) and the number of daily
confirmed cases (y,) at specific lags. The result suggests
statistical cross-correlation between x, and y,, with the
cross-correlation coefficient achieving its maximum value at
lag = -2, as shown in Figure 3(h). This demonstrates that
the average daily number of media reports has the strongest
correlation with the daily number of confirmed cases two
days prior.

2.3. The Model. Based on the disease progression of COVID-
19 and the intervention measures, we established a discrete
compartment model. To study the effects of media-induced
social distancing, we classified the total population in the
natural transmission process into eight compartments, in-
cluding fully susceptible (S), media-aware susceptible (S,,),
quarantined susceptible (S,), exposed (E), quarantined
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exposed (Eq), symptomatic infectious (I), hospitalized (H),
and recovered (R), where M represents media reports
(Table 1).

(1 _e—(l—ﬁ)cfo)n)SMt

To clearly illustrate the disease transmission, we plotted
the flow diagram of the model in Figure 4.

Based on the flowcharts shown in Figure 4, we estab-
lished the following model equations:

! —(1 - e*”“))st + (1 - e’Af)SM,t+ (l - eilq)Sq,t,

_Bes o,
o (1me™ )SM’t—(l—e‘*f)SM,t,

Smer = Spme + (1 - e_ﬂm)st -

N, N,
~(1-P)egl, —(1=B)cs (D1,
(1-e )S; (1-ePrOs,, )
Sq,t+1 = Sq,t + Nt + Nt _(1 -e q)sq’t’
(1-g)(1-e s .
E=E+ q( )t_(l_e U)Et’
N, (2)
—Bel, —Be, (01,
q(l—e )St (l—e ! )SM)t o
E =E .+ + -(1-e ")E,,,
qt+1 q.t Nt Nt ( ) qt

Ly=I+(1-¢E—-(1-¢°),-(1-¢ )],

Hyy=H +(1-€ ), +(1-¢ ), -(1-¢"H, - (1-¢ “)H,,

Ry =R+ (1 - 67YH)Ht’

My =M, +n((1-€ ")E, +(1- e*‘*)lt) —(1-e )M, +

In model (1), the contact rate of susceptible individuals is
denoted by ¢, the transmission probability per contact is f3,
and the quarantined proportion of exposed individuals is g.
If individuals in one compartment move to the other
compartment at rate g, they stay in their own compartment
with probability e”* and move to the other compartment

m.

with probability 1 —e™“. In model (1), susceptible individ-
uals exposed to the virus are effectively infected with
probability 1 — e P%/N, . They move to the (quarantined)
exposed compartment with probability (1 — e #)/N, or
(1-¢g(1- e’ﬂdt)/Nt; those not infected but quarantined
will move to the quarantined susceptible compartment with
probability (1 -—e” ("Al)/N,. We assume that a
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TaBLE 1: Estimated initial values of variables and parameters for model (1). LS = least squares method.

Variables Description Initial value (I) Resource Initial value (II) Resource
S Susceptible population 21536000 Data 21536000 Data
E Exposed population 40 LS 30 LS

I Infectious population 41 Data 58 Data
Su Media-aware susceptibles 0 Assumed 0 Assumed
S, Quarantined susceptible population 13 LS 2 Data
E, Quarantined exposed population 10 LS 0 Data
H Hospitalized population 5 Data 1 Data
R Recovered population 0 Data 0 Data
M Media reports 396.5927 Data 9.8516 Data
Parameters Description Value (I) Resource Value (II) Resource
c Contact rate (per person per day) 5.0061 LS 14.1108 LS
Conin Minimum contact rate of the media-aware individuals 1.9968 LS 5.5671 x 107° LS

B Probability of transmission from I to S per contact 0.0897 LS 0.0801 LS

q Quarantined proportion of latent individuals 0.3001 LS 0.6382 LS

Ag Relaxation rate of social-distancing practices 0.0055 LS 0.0356 LS

K Social-distancing uptake rate of media-aware susceptibles 1.3706 x 1073 LS 0.0032 LS

/lq Release rate of quarantined individuals 1/14 [17] 1/14 [17]

o Progression rate of exposed individuals to infectives 1/5 [36, 37] 0.2328 LS

o Disease-induced death rate 9.9328 x 1074 LS 0 Data

8 Hospitalization rate 1/4.8644 Data 0.3690 LS
Y Recovery rate of hospitalized individuals 0.0644 LS 0.0924 LS

n Media-reporting rate of the number of new hospital notifications 107.6820 LS 2.3685 LS
% Media-waning rate 0.0013 LS 0.1510 LS

m Basic number of media reports 456.8387 LS 0 Assumed
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F1GURE 4: Flow diagram of the model for illustrating the COVID-19 infection dynamics in Beijing city. Intervention measures—including
contact tracing, quarantine, and isolation—are illustrated. The media-aware susceptibles have lower probability of transmission and will
eventually relax from social distancing and move back into susceptible compartment.

susceptible person would practice social distancing after
receiving disease information reported via media, moving to
the media-aware susceptible compartment (S,,). Media-
aware susceptibles are less social and take more precautions,
and therefore would have a lower contact rate (cp (1)

compared with susceptible individuals (c). Media-aware
susceptibles exposed to the virus can either move to the
quarantined exposed compartment with probability
(1 - e Per®ly/N, or the quarantined susceptible compart-
ment with probability (1 —e” PG Oly/N, 1 —e#®



represents the probability by which susceptibles move to the
media-aware susceptible compartment directly or after
being aware of the disease. 1 — ™%/ represents the proba-
bility by which media-aware susceptibles (S,;) relax social
distancing. 1-e ™% represents the probability by which
quarantined susceptibles (S,) are released. 1 —e“ repre-
sents the probability by which exposed individuals (E)
progress to the infected compartment (I) or quarantined
exposed individuals (E,) progress to the hospital (H). 1 -
e”? represents the probability by which infected individuals
progress to hospital. 1 —e™ "1 represents the probability by
which hospitalized individuals recover (R). 1 —e™* repre-
sents the probability by which the infected and the hospi-
talized die. 1 — e”#™ represents the probability by which the
media (M) wanes due to ineffectivenes, story staleness, and
other factors. Finally, # is the response intensity of awareness
programs on the number of newly confirmed cases, and 7 is
the basic number of media reports.

The social-distancing uptake rate for media-aware sus-
ceptibles is

u(t) = kM (t), (3)

where k = K, k,k5, where x; M (t) stands for the fraction of
susceptible people who are exposed to media, x, stands for
the fraction of exposed people who trust media, and x,;
stands for fraction of media-trusting people who practice
media-induced social distancing. Here, M (t) represents the
media reports. It follows from Section 2.2 that the local
maximal cross-correlation coefficient between the number
of daily confirmed cases and the average daily number of
media reports occurs at lag = 0 days for the first outbreak
and at lag = —2 days for the second outbreak. Because the
cross-correlation at lag = 0 is not very different from that at
lag = -2 during the second outbreak, we do not take this
time delay into account in our modelling.

The lower contact rate s (t) would decrease with the
increasing of the number of media-aware susceptibles,
which we represent as

Cf = Cmin T (C - Cmin)e_y(t) (t_ to)» (4)

where ¢, < ¢ is the minimum contact rate of media-aware
susceptibles with self-isolation and interventions, ¢ is the
contact rate without social-distancing practice, y(t) is the
decreasing rate of contact, and ¢ is the starting day of the
data of the two outbreaks we used for model fitting.

The relaxation of social-distancing practices in media-
aware susceptibles A ; is inversely proportional to the average
duration of social-distancing practices T i.e.,

1

where T is the average time an individual spends practicing
social distancing.

Because the first recovered cases of the initial outbreak in
Beijing was reported on 24 January 2020, as shown in
Figure 1(a), we formulate the recovery rate y, using a
piecewise-defined function, which is 0 before 24 January
2020 and is a constant since January 24 2020; i.e.,
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0, t<4,
= 6
Y Yu, t>4 ()

For the second outbreak in Beijing, the first recovered
cases was reported on 29 June 2020, as shown in Figure 1(e),
so we have

0, t<19,
= 7
Yy, 510, 7

The detailed definitions and values of variables and
parameters have been listed in Table 1.

It is worth emphasizing that the targeted model we
propose in this work is novel and quite distinct to the ones
found in the literature. Specifically, we differentiate the fully
susceptibles (i.e., no social-distancing practices) from the
media-aware susceptibles (i.e., taking moderate social-dis-
tancing practices) and the quarantined susceptibles (i.e.,
total isolation), which is distinct from existing models, where
only fully susceptible and quarantined susceptibles are
considered [15, 34, 35]. A media-dependent function ¢ §=
Conin + (€ = Cin)e ¥ E1) with u(t) = kM (t) is defined to
mimic the contact rate of media-aware susceptibles in our
model, which is quite different from the modelling explained
by Collinson et al. [14], where a constant is adopted to
represent the contact rate of media-aware susceptibles.

3. Results

3.1. Parameter Estimation. The reproduction number R,
represents the average number of new infections generated
by one infected individual in the population during the
average infection period [38]. The reproduction number can
therefore be regarded as a threshold value, from which we
can determine whether COVID-19 spreads or not. In par-
ticular, the COVID-19 pandemic can be eradicated from the
population for R, <1; conversely, it will spread if R;> 1.
Using the next-generation method [39, 40], the reproduc-
tion number was calculated for our targeted model (1) as

c(1-9)p _

R =
0 2_6—5 a

- (8)
-e
In the first outbreak of the COVID-19 epidemic in
Beijing, almost everyone was susceptible to the virus, so we
set $(0) = 21,536,000, the population of Beijing, and as-
sumed S, (0) = 0. Quarantined individuals were required to
be isolated for 14 days, so A = 1/14 [17]. According to the
data from the Beijing Municipal Health Commission of the
People’s Republic of China, the total number of quarantined
individuals was 23 as of 20 January, so we set
S, (0) + E, (0) = 23. The number of hospitalized individuals
was H (0) =5, and recovered cases was R(0) =0 on 20
January. The average daily number of media reports on 20
January was M (0) = 396.59. We calculated I(0) = 41 and
the average period from symptom onset to hospitalization as
1/8 = 4.8644 days based on the detailed information of 178
reported cases. It is worth mentioning that we collected the
daily number of media reports by searching the key word
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“COVID-19” included in the title or the full text, so when the
first outbreak of the epidemic was over in Beijing but not
over in other provinces or cities, there were still media
reports, so it is natural to set the basic number of media
reports 71 of this outbreak as a nonzero constant.

According to the data of the second outbreak of the
epidemic in Beijing, there were two quarantined individuals
as of 11 June, and both were susceptible individuals, so we set
Sq (0) =2 and E, (0) = 0. We also had the number of hos-
pitalized individuals H (0) = 1, the number of recovered
cases R(0) = 0, and the disease-induced death rate « = 0. We
calculated I(0) = 58 based on the detailed information of
285 cases. The average daily number of media reports was
calculated as M (0) = 9.85 on 11 June. For this outbreak, we
collected the number of media reports by searching the key
words “epidemic” and “Beijing” included in the title or the
tull text, so when the epidemic was over, there were no media
reports, which resulted in 71 = 0.

By simultaneously fitting our targeted model to the data
of cumulative number of confirmed cases, cumulative
number of recovered cases, and average daily number of
media reports from 20 January to 28 April and from 11 June
to 3 September, 2020, we first estimated the values of un-
known parameters and the initial conditions of variables
using the nonlinear least-squares method. The best-fitting
results were marked as black asterisks in Figure 5, showing
that our targeted model captures the data well. In Figure 5,
the red asterisks are the data, whereas the black asterisks are
the fitted result. The reproduction number of the first and
second outbreaks were estimated as R, = 1.6818 and
R, = 1.3251. It follows that a single infected individual can
infect more susceptibles during the first outbreak than the
second outbreak. The final size of infected individuals in the
first outbreak is hence larger than that in the second out-
break, resulting in 415 cases in the first outbreak and 335
cases in the second outbreak.

To obtain the confidence intervals, we assumed that the
cumulative numbers of confirmed cases, recovered cases,
and average daily number of media reports follow Poisson
distributions with the observed data on each day being the
respective means of 500 randomly generated samples of data
sets. After 500 stochastic fittings of model (1), we derived
95% upper confidence limits, 95% lower confidence limits,
and 95% confidence intervals of the cumulative number of
confirmed cases, recovered cases, and daily number of media
reports, which are shown by blue curves, green curves, and
grey regions, respectively, in Figure 5. It should be noted that
the number of media reports around 3 February fell outside
the confidence interval. This was mainly due to the official
delivery of the Huoshenshan Hospital to the Huibei medical
support team of PLA on February 2, and the overnight
construction of three Fangcang shelters in Wuhan on 3
February, which resulted in an unusually high number of
media reports around 3 February.

In Table 1, initial value (I) and parameter value (I) (resp.
initial value (II) and parameter value (II)) refer to the initial
value and parameter value of the first outbreak (resp. the
second outbreak). It follows from Table 1 that the media-
reporting rate 5 and the media-induced social distancing

uptake rate « of the first outbreak are much greater than that
of the second outbreak. This is because the COVID-19
outbreak had spread across the country during the first
outbreak in Beijing, when all media reports about COVID-
19 had an impact on the people in Beijing. So we searched
the keyword “COVID-19” to collect the data of media re-
ports, which led to a comparatively large size of the number
of media reports. However, the second outbreak occurred
only in Beijing, so we collected media reports by searching
the key words “epidemic” and “Beijing”, which resulted in a
relatively small size. From Table 1, the contact rate ¢ of the
second outbreak is significantly greater that of the first
outbreak. The probability of transmission from I to S per
contact § of the first outbreak is greater than that of the
second outbreak, and the recovery rate y, of the first
outbreak is less than that of the second outbreak, whereas the
quarantine rate of latent individuals g and the progression
rate of infectives to hospital § of the first outbreak are less
than those of the second outbreak. This was because the
Newland Market began to close gradually starting 12 June,
and all the employees of the market and their close contacts
were undergoing nucleic acid testing, which helped shorten
the time from the infected population with symptomatic I to
the hospitalized population H.

3.2. Uncertainty and Sensitivity Analysis. We conducted a
sensitivity analysis of the peak size and peak time of the
epidemic in Beijing from 20 January to 28 April and from 11
June to 3 September, 2020 with respect to the key parameters
by performing Latin hypercube sampling (LHS) and cal-
culating partial rank correlation coefficients (PRCCs) [41].
This allows us to assess whether there is significant effect of
one parameter on the peak time and peak size of the daily
number of confirmed cases. Latin hypercube sampling was
conducted with 5000 bins and 500 simulations per sampling.
It can be seen from Figures 6(a) and 6(b) that 3, 0, «, §, ¢ are
the most sensitive parameters of the first outbreak.

In particular, Figures 6(a) and 6(b) demonstrate that
decreasing the transmission probability S and the contact
rate ¢ could lower the peak size of the number of newly
confirmed cases as well as bring forward the peak time of the
first outbreak significantly. Reducing the hospitalized period
1/8 could lower the peak size as well as advance the peak
time, whereas shortening the incubation period 1/¢0 could
lead to an increase in the peak size and advance in the peak
time. It is worth emphasizing that the parameters related to
social-distancing practices can also affect the peak size and
peak time significantly: increasing the average time an in-
dividual spends practicing social distancing 1/A; and the
social distancing uptake rate for S,,; class x could greatly
lower the peak size while bringing forward the peak time.
This further suggests the vital role of media reports in
curbing the disease transmission. We also derive from
Figures 6(a) and 6(b) that enhancing the quarantine rate q
could bring forward the peak time significantly. Figures 6(c)
and 6(d) show that S, «,c, Af,(?,a are the most sensitive
parameters to the peak size and peak time of the daily
number of confirmed cases in the second outbreak. Besides
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these parameters, strengthening the quarantine rate g can
significantly advance the peak time of the second outbreak as
well as lower the peak size, enhancing the response intensity
of media reporting on the number of newly confirmed cases
n or declining the minimum contact rate of media-aware
susceptibles ¢, could decrease the peak size and bring the
peak time forward.

Although the parameters f, k, ¢, q, A 4, 8, 0 are significant
to both the first and second outbreaks, the magnitude of the
impact is different. The transmission probability f3, the
contact rate ¢, and the progression rate of exposed indi-
viduals to infectives o have more effect on the peak size in the
second outbreak than in the first one, whereas the trans-
mission probability f3, the contact rate ¢, the quarantine rate
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FIGURE 6: Sensitivity analysis of the peak size and peak time of the daily number of confirmed cases to the first ((a)-(b)) and second

((c)-(d)) outbreaks.

g, and the progression rate of infectives to hospital § have
more effect on the peak time in the first outbreak than in the
second. It is worth noting that the social-distancing uptake
rate x and the relaxation rate of social-distancing practices
As have more effect on the peak size and peak time in the
second outbreak than in the first, which indicates a vital role
that the social-distancing practices induced by media cov-
erage played in combating the second outbreak.

To further investigate the dependence of the peak time
and peak size of the two outbreaks of COVID-19 in Beijing,
2020, we plotted the contour plots of the peak time and peak
size with respect to the quarantine rate g and the contact rate
¢ (Figures 7(a) and 7(b) for the first outbreak and
Figures 7(e) and 7(f) for the second outbreak), the social
distancing uptake rate x and the relaxation rate of social
distancing A ¥ (Figures 7(c) and 7(d) for the first outbreak
and Figures 7(g) and 7(h) for the second outbreak),
respectively.

We find that increasing the quarantine rate g and de-
creasing the contact rate ¢ would bring the peak times of
both outbreaks forward (Figures 7(a) and 7(e)), whereas the

peak sizes would be lowered significantly (Figures 7(b) and
7(f)). If the social-distancing uptake rate ¥ was enhanced, the
peak time would be advanced (Figures 7(c) and 7(g)), while
the peak size would decline (Figures 7(d) and 7(h)). If the
social-distancing uptake rate x was fixed, decreasing the
relaxation rate of social-distancing practices could help
advance the peak time as well as lower the peak size, which is
not obvious. The results indicate that in the early stage of the
outbreak, enhancing quarantine, strengthening the media
reporting to induce more social-distancing practices, and
reducing contacts could reduce the severity of the epidemic
significantly. In particular, the peak size of the second
outbreak could be greatly reduced with higher quarantine.
To explore the explicit effectiveness of the social distancing
uptake rate induced by mass media and quarantine on both
COVID-19 outbreaks in Beijing, we examined how the
cumulative number of confirmed cases vary with different
values of the contact rate ¢, the quarantine rate g, the
progression rate of infectives to hospital §, the media-
reporting rate #, the social distancing uptake rate «, and
average social distancing time T. We performed a sensitivity
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analysis to quantify what would happen if ¢ were reduced to
0.8¢, 0.6¢, 0.4c (Figures 8(a) and 8(d)).

We also investigated the cases if g were decreased to
0.79,0.4q,0.1q (Figures 8(b) and 8(e)), if § were reduced to
0.86,0.66,0.46 (Figures 8(c)-8(f)), if # were diminished to
0.57,0.3%1,0.1n for the first outbreak (Figure 8(g)) and
0.57,0.37,0.17 for the second outbreak (Figure 8(j)), or if «
and T were decreased to 0.4k, 0.2k, 0.1k and 0.4T,0.2T,0.1T
(Figures 8(h) and 8(k), 8(i) and 8(1)). It is known from
Figure 8 that decreasing the quarantine rate g, the pro-
gression rate of infectives to hospital &, the response in-
tensity of awareness programs 7, the social distancing uptake
rate k, and the average time of social distancing T' could
increase the cumulative number of confirmed cases; how-
ever, the cumulative number of confirmed cases could be
reduced with a decreasing of the contact rate c. The social-
distancing uptake rate x had a more significant impact on
containing the first outbreak than it did on the second.
Figures 8(i) and 8(1) indicate a more significant impact of the
average time of social distancing on curbing the second
outbreak than it did on the first, which illustrates the im-
portance of social-distancing practices in the post-epidemic
period. Note that the progression rate of infectives to
hospital of the second outbreak (& = 0.3690) is higher than

that of the first (§ = 0.2056), although the contact rate
during the second outbreak (¢ = 14.1108) is also larger than
that of the first (¢ = 5.0061). In fact, the Newland Market,
where the second outbreak occurred, began to close the day
after the outbreak (12 June 2020), and all individuals related
to the Newland Market were tested, which resulted in a lower
contact rate and a higher progression rate of infectives to
hospital. We thus examined the effect of the contact rate and
the progression rate of infectives to hospital during the
second outbreak on mitigating the transmission of COVID-
19, as shown in Figure 9.

Figure 9(a) shows that around 200 fewer cumulative
confirmed cases would be reported if the contact rate of the
second outbreak were reduced to the contact rate of the first
outbreak (i.e., ¢, = ¢), where ¢, represents the estimated
value of the contact rate for the first outbreak and c, is
defined similarly. If the contact rate of the second outbreak
only dropped to the average value of ¢, and c,, around 100
infections would be avoided. Figure 9(b) shows that the
cumulative number of confirmed cases of the second out-
break would increase by around 200 cases if the progression
rate of infectives to hospital of the second outbreak remained
the same as that of the first (i.e., §, = §,), where J, represents
the estimated value of the confirmation rate for the first
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Figure 9: Cumulative number of confirmed cases of the second outbreak in Beijing from 11 June to 3 September, 2020 with various values of

contact rate ¢ or progression rate of infectives to hospital 4.

outbreak of Beijing and &, is defined similarly. If the pro-
gression rate of infectives to hospital of the second outbreak
only dropped to the average value of §;, and §,, the cu-
mulative number of confirmed cases would increase by
around 80 cases. These findings demonstrate the effect of
hospitalization (characterised by §,) in the containment of
the second outbreak and the impact of contacts (charac-
terised by c,). To quantify the effect of social-distancing
practices induced by media coverage, contact tracing, and
quarantine measures, we conducted calculations on the
number of confirmed cases and the length of the epidemic
for both outbreaks in Beijing with different values of x,T, q
and & with other parameters fixed. The results are listed in
Table 2.

These results demonstrate that if the social-distancing
uptake rate were reduced to 0.4k, 0.2x, and 0.1k, the final
confirmed cases would increase by 159, 351, and 661 cases
(from 415 cases to 574, 766, and 1076 cases), respectively, for
the first outbreak, whereas final confirmed cases would
increase by 116, 260, and 493 cases (from 335 cases to 451,
595, and 828 cases), respectively, for the second outbreak. If
the average time of social-distancing practices were de-
creased to 0.4T,0.3T or 0.2T, then 429, 434, or 443 con-
firmed cases (instead of 415 confirmed cases in reality)
would be reported for the first outbreak, whereas 378, 403, or
453 confirmed cases (instead of 335 confirmed cases in
reality) would be reported for the second outbreak. It is
worth emphasizing that the length of the epidemic would be
prolonged by 14% and 28% for the first and second out-
breaks, respectively, even if the social-distancing uptake rate
were reduced to 0.4x; it would be prolonged by 5% and 80%
for the first and second outbreaks, respectively, if the average
time of social-distancing practices were decreased to 0.2T.
This demonstrates that social-distancing practices induced
by media, quarantined, and confirmation efficiency could all

TaBLE 2: The impact of media awareness, contact tracing, and
confirmation measures on the length of the epidemic and the final
number of confirmed cases.

Length of Length of

the the Final Final

. . . . confirmed  confirmed
Parameters epidemic  epidemic

cases (I) cases (II)

Q) (IT)
Real data 44 25 415 335
0.4x 50 32 574 451
0.2x 58 35 766 595
0.1x 68 45 1076 828
0.4T 44 32 429 378
0.3T 45 41 434 403
0.2T 46 45 443 453
0.7q 44 29 453 376
0.49 46 32 490 427
0.1 47 36 530 493
0.86 48 29 512 374
0.66 57 34 669 434
0.46 75 56 999 546

alleviate outbreaks of COVID-19 in Beijing. We can con-
clude that enhancing media reporting to induce more social-
distancing practices of susceptible individuals, strengthening
contact tracing and quarantine, and improving the confir-
mation efficiency can help to effectively control the spread of
COVID-19.

4. Conclusion and Discussion

The COVID-19 pandemic will remain a potential threat to
many countries globally because of its nature of transmission
and emergence of mutated viruses. Various non-
pharmaceutical interventions have helped to mitigate the
epidemic. We proposed a discrete compartment model to
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explore how media-induced social-distancing practices,
coupled with contact tracing and quarantine measures,
helped contain the COVID-19 transmission in Beijing from
20 January to 28 April and from 11 June to 3 September,
2020. In fact, one of the reasons why China has been so
successful in containing the COVID-19 outbreak is the
social-distancing practices of the media-aware susceptibles,
which has led to a considerable reduction of contacts. In this
work, we differentiated the fully susceptible from suscep-
tibles who practice social distancing and revealed the vital
role of social distancing in containing COVID-19.

To study the effect of the initial transmission of COVID-19
in Beijing, we computed the basic reproduction number as
R, = 1.6818 for the first outbreak and R, = 1.3251 for the
second outbreak. This suggests a more severe outbreak of the
first wave compared with the second. This is because the
progression rate of infectives to hospital § and the quarantined
rate g of the second outbreak (& = 0.3690,q = 0.4382) are
higher ~ than  those  of the  first  outbreak
(8 =0.2056,g = 0.3001). That suggests a significant effect
that the more intense nonpharmaceutical interventions in
the second outbreak had compared with the first outbreak.

We conducted a sensitivity analysis of the peak time and
peak size of the cumulative number of confirmed cases with
respect to the model parameters, as shown in Figure 6. The
results illustrated that both the first and the second out-
breaks are significantly sensitive to the parameters
B> %, € Cyin> A s> 6, and 0, although each of them had a dif-
ferent magnitude of impact on the two outbreaks. It revealed
the vital role of the social-distancing practices of the media-
aware susceptibles (i.e., ¥ and A f) besides the control
measures in mitigating the severity of the epidemic in
Beijing, which suggested that increasing the social-dis-
tancing uptake rate x and the average time spent practicing
social distancing 1/1; could greatly lower the peak size as
well as bring forward the peak time of the two outbreaks. The
finding also demonstrated that the second outbreak is much
more sensitive to the media-reporting rate # than the first
outbreak. This illustrates the important role of timely media
reporting in the outbreak.

The results presented in Figure 8 indicate that the key
factors related to media-induced social-distancing practices
had a significant impact on the cumulative number of con-
firmed cases. Table 2 quantitatively revealed the impact of
social-distancing practices, quarantine and confirmation effi-
ciency on the final confirmed cases, and the length of the
epidemic. It suggested that 159 infections (resp. 116 infections)
and 14 infections (resp. 43 infections) are avoided using the
social-distancing uptake rate for media-aware susceptibles «
and the average time of practicing social distancing T that we
reported in Table 1 for the first (resp. the second) outbreak,
compared with the infections at 0.4x and 0.4T. These results
demonstrated that strengthening media-induced social-dis-
tancing practices, enhancing contact tracing and quarantine
measures, and improving confirmation efficiency could all help
alleviate the severity of the outbreak significantly.

The three media-related factors—the social distancing
uptake rate for media-aware susceptibles x, the average
duration of social distancing T, and the media-reporting rate
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n—will significantly affect the outcome of the COVID-19
outbreak in Beijing. The media-reporting rate has previously
been shown to affect the outcome of the 2009 HIN1 pan-
demic and the outcome of COVID-19 in India, Wuhan, and
Shaanxi, China [14, 15, 34, 35]. Media fatigue was related to
producing two waves of the 2009 HINI1 pandemic [14].
However, the second outbreak in Beijing was not triggered
by the first outbreak because there were no new cases be-
tween the two outbreaks. It follows that strengthening media
reports to enhance social distancing is a critical tool in
containing the COVID-19 outbreak.

We focused on the effect of media-induced social-dis-
tancing practices in mitigating the transmission of COVID-19
using Beijing as an example. By fitting multisource data, in-
cluding the epidemic data and media data, to our targeted
model incorporating a media-aware susceptible class and
quarantined susceptibles, we found that media coverage and
quarantine measures had a significant effect in containing the
outbreak in Beijing. Our findings may aid in policymaking in
combating COVID-19 for China and other regions or coun-
tries considering nonpharmaceutical measures.

Data Availability

The website we used to collect the cumulative number of
confirmed cases, deaths, and recovered was http://
wjw.beijing.gov.cn/. The websites we used to collect the
media reports were https://news.sina.com.cn/ and http://
www.cnr.cn/ and http://www.xinhuanet.com/ and https://
www.huanqiu.com and http://www.gmw.cn/ and http://
www.chinanews.com/ and http://www.cyol.com/ and and
http://www.people.com.cn/ and http://www.china.com.cn.
The website we used to collect the IP addresses that visited
each website was https://lexa.chinaz.com/.
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