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Abstract

Understanding the effect of media on disease spread can help improve epidemic forecasting
and uncover preventive measures to slow the spread of disease. Most previously introduced
models have approximated media effect through disease incidence, making media influence
dependent on the size of epidemic. We propose an alternative approach, which relies on
real data about disease coverage in the news, allowing us to model low incidence/high inter-
est diseases, such as SARS, Ebola or HIN1. We introduce a network-based model, in
which disease is transmitted through local interactions between individuals and the probabil-
ity of transmission is affected by media coverage. We assume that media attention
increases self-protection (e.g. hand washing and compliance with social distancing), which,
in turn, decreases disease model. We apply the model to the case of HIN1 transmission in
Mexico City in 2009 and show how media influence—measured by the time series of the
weekly count of news articles published on the outbreak—helps to explain the observed
transmission dynamics. We show that incorporating the media attention based on the
observed media coverage of the outbreak better estimates the disease dynamics from what
would be predicted by using media function that approximate the media impact using the
number of cases and rate of spread. Finally, we apply the model to a typical influenza sea-
son in Washington, DC and estimate how the transmission pattern would have changed
given different levels of media coverage.

Introduction

Disease transmission takes place in a dynamic social environment, wherein individual health
decisions are guided by cultural norms, peer influence, and media influence. Recognizing the
importance of individuals’ actions in preventing the spread of infection, researchers are begin-
ning to explore mathematical models that incorporate such actions [1, 2]. These models have
been used to inform strategies to control the spread of disease [3] and to quantify the role of
individual protective actions in controlling several outbreaks, including the 2014 Ebola out-
break in West Africa [4], the 2003 SARS outbreak in Hong Kong [5] and the 2009 HIN1 out-
break in Central Mexico [6].
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A number of models have linked media communication about a disease to protective action
[7-11]. These models postulate that media influence increases with the number of infected
people [7-9], or with both the number of infected people and the rate of change [10, 11]. Mod-
els typically assume that media influence reduces the effective transmission rate, slowing the
spread of disease. The susceptible-infected-recovered (SIR) framework used to evaluate the
effect of media on disease transmission can be described by the following set of equations:

. dl
S:—f(I,E,pl,...,pJﬁSI (1)
. dl
sz(I,E,pl,...7pk)ﬁSI—yI (2)
R=9I (3)
N=S+I+R (4)

In effect, the population (of size N) is divided into three groups: those susceptible to infection
(), those currently infected (I), and those who have recovered from infection (R). The effect of
media, £, is an increasing function of the number of infected individuals and/or the rate of
change in the number of infected, controlled by a set of parameters, p;. . .px. The media func-
tion slows the rate of transmission of the disease when the number of cases is high or when the
prevalence of disease is increasing rapidly, creating interesting disease spread dynamics, such
as multi-wave outbreaks [8, 9]. It is not clear, however, that the media function formalization
suggested by the models adequately reflects actual media influence [12]. The choice of media
function critically influences the shape of the disease spread [12], making accurate parameteri-
zation of media crucial. Models are just beginning to consider ways to incorporate data on
actual media coverage [13].

Here, we introduce a network-based model, in which disease spread is transmitted through
local interactions between individuals, and the probability of transmission is affected by media
coverage. We assume that media attention to the outbreak increases self-protection (e.g. hand
washing, face mask usage, and compliance with social distancing), which, in turn, decreases
disease spread. We model media signal as a function of the actual number of articles published
about the disease. Therefore, the media signal in our model is independent of the size of the
outbreak. The proposed model is an extension of our previous model, ALARM [14], which
attempted to quantify the level of social reaction to disease, but which did not take the role of
media into account in the disease transmission process. The key observation that drove the
formulation of the ALARM model was that public reaction to a disease is frequently dispropor-
tionate to the number of cases. Some outbreaks with very few cases trigger outsized public
alarm—for example, the handful of cases of Ebola in the US—while larger and more deadly
outbreaks—such as the annual outbreaks of seasonal influenza—generate little interest. Factors
such as the novelty of the disease in the area and its clinical severity play a role in shaping the
public reaction. By incorporating actual media data into models of disease transmission, we
can begin to account for those factors in the transmission dynamics and evaluate their signifi-
cance in the disease transmission process.

We apply the model to the case of 2009 influenza A(HIN1) transmission in Mexico City
and show how media influence—measured by the time series of weekly count of news articles
published on the outbreak—helps to explain the observed transmission dynamics. We show
that the observed media coverage of the outbreak differs substantially from what would be
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predicted by approximate media functions. Finally, we apply the model to a typical influenza
season in Washington, DC and estimate how the transmission pattern would have changed
given different levels of media coverage, showing that under typical conditions media has lim-
ited effect on the spread of disease.

Methods

We introduce a model of disease spread that incorporates media attention and influence in
disease spread dynamics. In the model, we explicitly quantify media influence, which leads to a
reduction in the per-contact probability of disease transmission.

SIR model formulation with media function incorporating media
coverage data

Our proposed SIR model incorporating media effects differs from earlier formulations [7-11]
in two primary ways. First, the media effect is formulated as a function of the actual number of
articles published about the disease and is therefore independent of the size of the outbreak.
Secondly, instead of the standard deterministic approach with homogenous mixing, we opt to
develop a network-based model that operates in discrete time. Since the number of media arti-
cles published is discontinuous with respect to time, the use of a discrete time approach is help-
ful for model parameterization.

Disease transmission. We implement a susceptible-infected-recovered (SIR) model [15],
adapted for network-based modeling [16, 17]. Each individual, i’s, disease state at time # is rep-
resented by X! € {S, I, R}, where S = susceptible, I = infected, and R = recovered. Infection is
transmitted through pair-wise contact with infected neighbors on the disease network. At time
t, an infected individual infects each of her susceptible neighbors, independently, with proba-
bility p,. Thus, if X] = I, X]t' = §,and i and j are neighbors on the disease network, then:

. I with probability p
X]Hl = . . t (5)
S with probability 1 — p,.
Following infection, individuals recover after Tg time periods. Therefore, if X; | = Sand
X! = I, then:

X; == X;+TR—1 =1 and X;+TR =R (6)
When vaccine is available, we implement an imperfect vaccine, with a delay of d time units
before becoming effective. For influenza, the delay before full immunity is approximately two
weeks [18]. Vaccines are distributed randomly among the susceptible population, according to
the estimated number of vaccines administered during the week. Let 77 be the vaccine efficacy.
Then, if susceptible individual, 4, is vaccinated at time #:

Xf

t

R with probability #
+d = { (7)

S with probability 1 — #.

It has been shown that formulating imperfect vaccination as an all-or-nothing effect with
probability of vaccination success equal to the vaccine efficacy correctly estimates the direct
effectiveness of the vaccine [19].

Media function. We assume that media attention to the outbreak increases self-protective
behavior (e.g. hand washing, face mask usage, and compliance with social distancing) [20-23],
which, in turn, decreases disease transmission [24, 25]. Specifically, we define the per-contact
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transmission probability at time ¢ as the product of a baseline transmission probability, py, and
the media function, g

p[:g(M()?'")M[""MT7O(7}\’)pU7 (8)

where M, is the number of news articles published at time ¢, and @ and A are parameters, con-
trolling the change in transmission probability resulting from media influence and the relative
weight of recent and prior information. The media function, g, decreases as the exponentially-
weighted moving average of the number of news articles increases, meaning that transmission
is most slowed when there have been many articles published about the disease in the recent
past. We used the exponentially-weighted moving average of news articles, assuming that arti-
cles published in the recent past would continue to have bearing on current behavior but that
the level of influence would decrease with time. Let 6, be the exponentially-weighted moving
average of the number of news articles, with parameter A € (0, 1], controlling the relative
weight of recent and prior information:

0, = MM, + (1 = M)M_, + (1= 2)’M_y + -+ (1= 1)'M). )

Then we define the media function, g, as follows:

g(My, ..., M, o)) =¢e " (10)
The parameter o > 0 determines the degree to which media reduces the per-contact transmis-
sion rate.
Study design

We conducted several studies, including a sensitivity analysis of the model and several evalua-
tions of the model in real-world scenarios. The first study explored the sensitivity of the model
to variations in & and A. We examined both the changes to the media function and to the
resulting epidemic curve. In the second study, we incorporated real media coverage data into a
model of 2009 A(HIN1) in Mexico City. We then compared the fitted media function with
proposed approximate media functions, showing that, for this outbreak, approximate media
functions cannot replicate the observed transmission dynamics. The final study demonstrated
how the model could be used for analysis of a more typical disease outbreak. Simulations were
fit to data from the 2014-2015 influenza season in Washington, DC. We compared the reduc-
tion in cases resulting from the observed level of media coverage with that expected from hav-
ing no media coverage or increasing it ten times.

Parameter sensitivity analysis. Simulations were conducted on a network of 500,000
individuals (scale-free network with mean degree of 4), with 10 initially infected individuals.
For baseline per-contact infection probability, py = 0.35, and time to recovery, T = 1, we simu-
lated outbreaks varying the media parameters, a € {0.0, 0.005, 0.01} and A € {0.1, 0.2, 1.0}. One
week was used as the value of Tf, since influenza cases typically recover within a week. The
value of p, was selected to generate an outbreak affecting a large portion of the population.
Varying the values of py and Tr does not affect the interpretation of the roles of o and A. Simu-
lations were conducted on a network of 500,000 individuals (scale-free network with mean
degree of 4), with 10 initially infected individuals. We then examined the effects of the parame-
ters, a and A, on the shape of the media function and the disease spread. For these simulations,
there were five weeks without media, followed by five weeks with 100 articles each. The
remaining weeks had no news articles published.

Mexico City. In 2009, there were two major outbreaks of HIN1 in Mexico City. The first
began in mid-April [26]. The outbreak was relatively small and was controlled quickly via
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social distancing and a public information campaign [27]. The second outbreak began in
August and spread much more widely than the first outbreak. The spring outbreak was met
with intense media interest, while the fall outbreak received relatively little coverage. As there
is no reason to believe that there were meaningful changes in the infectivity of the HIN1 virus
or the social structure of Mexco City between the spring and fall outbreaks, the differences
between the outbreaks needed to be explained by differences in media coverage.

In the model, the spring and fall outbreaks were simulated with the same parameters (i.e.
Po» Tr, @ and A) and the network structure was unchanged between simulations. Individuals
who were infected during the spring outbreak were transferred to the recovered state prior to
beginning the simulation of the fall outbreak, since they would have been immune to the virus.
To model Mexico City we used a scale-free network [28] with mean degree 2k and 885,108
nodes [29], each representing 10 people.

The quality of fit was determined by mean absolute error (MAE) between the observed
total number of cases and the median number of simulated cases per week taken over 1000
replications of the model, with the spring and fall outbreaks weighted equally. The MAE was
weighted in order to prevent the fall outbreak, which lasted much longer, from being fit at the
expense of the spring outbreak:

MAEweighted = (MAEspring + MAEfall)/2' (11)

A greedy search of the parameter space, with random restarts, was implemented in order to
determine the parameters that minimized the MAE.

Washington, DC. We fit data from the 2014-2015 influenza season in Washington, DC in
order to evaluate the model on a typical seasonal disease outbreak. As with the Mexico City
simulations, the quality of fit was determined by mean absolute error (MAE) between the
observed total number of cases and the median number of simulated cases per week taken
over 1000 replications of the model. Using the best-fit parameters, we considered the effects of
having no media coverage or ten times more media coverage on the the spread of disease. By
doing so, we could obtain an estimate of the role of media in limiting the spread of the disease.
Simulations were to scale, with 658,893 individuals [30] reflecting the Washington, DC popu-
lation, and were conducted on a scale-free network [28] with mean degree 2k.

Data

For the Mexico City and Washington, DC studies, we collected data on the spread of disease,
as well as the volume of media coverage and the availability of vaccines.

Mexico City. Data on number of HIN1 influenza cases per week were collected by the
Mexican Social Security Institute [26]. HIN1 vaccines were not available until late November,
2009—too late to have had a large effect on the spread of disease in Mexico. Therefore, we did
not consider vaccination in our analysis.

For influenza, reported confirmed cases represent only a small fraction of total cases. There-
fore, it was necessary to scale the confirmed influenza cases. Seroprevalence studies, which
estimate the percentage of the population with antibodies against the disease, are rare, and
none is available for Mexico City. The best estimate of seroprevalence comes from a study con-
ducted in Monterrey, Mexico. The researchers found that 33% of the general population of
Monterrey had been infected [31]. We assumed that the disease prevalence in Mexico City was
also 33%, and scaled the confirmed cases appropriately. We note, however, that there is sub-
stantial uncertainty surrounding the true size of the outbreak.

News articles published online which specifically reference the HINI influenza outbreak in
Mexico City were collected by HealthMap, an Internet-based biosurveillance company [32].
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The spring outbreak of HIN1 in Mexico City attracted intense media interest. There were 815
breaking news articles collected by HealthMap prior to June 1—about 20 articles per day from
April 22 to June 1. News coverage of the fall outbreak was much more limited. Between Sep-
tember 17 and December 6, 66 published articles were collected by HealthMap—Tless than 1
article per day.

Washington, DC. The number of new influenza type A hospitalizations per week for the
2014-2015 influenza season was obtained from the Washington, DC Department of Health
[33]. There were 615 hospitalizations during the season, which is typical for seasonal influenza
in Washington, DC. The Washington, DC hospitalized cases were scaled to reflect total cases,
assuming a hospitalization rate equal to the US hospitalization rate during the 2009-2010
HIN1 epidemic [34]. Data on the number of vaccinations per month was gathered from the
US CDC [35]. The number of vaccinations during each week was estimated by assuming that
all days within the month had the same number of vaccinations. The 2014-2015 influenza vac-
cine had low effectiveness, only 18% [36]. News articles about influenza in HHS Region 3—the
region containing Washington, DC—were collected by HealthMap. Coverage of the outbreak
was limited. The number of news articles per week peaked at the height of the influenza season,
with 25 articles collected for the week ending January 1, 2015.

Results
Parameter sensitivity analysis

In our proposed formulation, media exposure causes individuals to implement protective
behaviors, reducing the per-contact transmission probability. Two parameters, a and A, deter-
mine how the media signal affects the rate of transmission. Specifically, A determines the rela-
tive importance of recent and prior news coverage in determining individual behavior. As A
increases, the relative weight of recent news articles increases, compared with prior news arti-
cles. The parameter o controls the degree to which media affects behavior. As a increases,
media exerts greater influence on behavior, leading to greater reduction in the per contact
transmission probability. The effects of A and o on the number of cases and the media function
gare shown in Fig 1 for an outbreak in a population of size 500,000 with five weeks of constant
media coverage beginning five weeks after the beginning of the outbreak. As A increases, the
effect of media becomes more prominent but for a shorter duration. As A increases, peak
height of media function increases (for o greater than 0), indicating that the effect of media
gets stronger (lower transmission probability). On the other hand, the rate at which the media
function value goes back to one (no media effect) from the peak (maximum media effect) also
increases as A increases, suggesting a shorter duration of media effect. This phenomenon is
explained by exponentially-weighted moving average function describing A: smaller A consid-
ers the media coverage from further back in the past, creating the lingering media effect as
observed in the long tail of the media function curve for A = 1. High values of A can produce
two wave outbreaks, if the value of  is high enough to dramatically slow transmission but not
high enough to altogether stop transmission for long enough for the outbreak to die out. As o
increases, media causes greater reductions in the rate of transmission.

Case study: Mexico City

Best fit simulations. We fit the simulated epidemic curve from our model to the spring
and fall outbreaks of HIN1 in Mexico City. An excellent overall fit was achieved, with a
weighted mean absolute error of 1243 cases. In particular, the protective action implemented
as a result of the media surge during the spring outbreak was sufficient to slow the outbreak.
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Fig 1. The effects of media function parameters. The effects of the media parameters, A and @, on (A) the median
number of cases per week and (B) the media function, g, are shown. As ) increases, the effect of media influence

becomes more prominent but for a shorter duration. As & increases, media causes greater reductions in the rate of
transmission.

https://doi.org/10.1371/journal.pone.0197646.g001

The fall outbreak, in contrast, spread nearly uninhibited, without generating extensive media
attention. Fig 2 shows the simulation fit to the observed weekly influenza cases in Mexico City.
The best-fit parameters are listed in Table 1. The best-fit value of A = 0.15 indicates that
prior information about the disease decayed slowly. The largest value of 6, was 92.5, and was
achieved during the week starting April 26. During the week of April 26, the baseline per-
contact infection probability was reduced by 89%. During the spring outbreak (April 5 through
July 5, 2009), the average reduction in the baseline per-contact infection probability, resulting
from media influence, was 62.4%. During the fall outbreak, the average reduction was 17.0%.

600,000 Spring Outbreak i Fall Outbreak

»—a median simulated weekly cases
500,000 - . . .

instances of simulated weekly cases
o——e oObserved weekly cases

400,000 .
300,000 - 9

200,000 .

New Influenza Cases

100,000 -

0= . T T T T
May Jun Sep Oct Nov Dec
Fig 2. Simulation fit for 2009 A(H1N1) in Mexico City. Individuals took protective action after receiving a signal from the media that the disease was

spreading. This protective action alone was sufficient to control the disease spread in the spring outbreak, accurately replicating the overall dynamics of
the disease in Mexico City.

https://doi.org/10.1371/journal.pone.0197646.9002
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Table 1. Best-fit parameters for Mexico City 2009 A(H1N1). All parameters were fit to data.

Parameter Description Value
Po Baseline per-contact infection probability 0.336
k 1 the mean degree of the network 2

a Effect of media on protective behavior 0.024
A Relative weight of recent information compared with prior information 0.15

https://doi.org/10.1371/journal.pone.0197646.t001

Comparing model performance using different media functions and not using a media
function. The most common media function from the literature takes the form:

f(I,%,a, b> — e—max{[), u1+b%} . (12)

In this formulation, the transition rate from the susceptible to infected disease states decreases
with f. When a = 0 and b > 0, increases in the rate of change of the infected population lead to
reductions in the transmission rate. When a > 0 and b = 0, increases in the size of the infected
population lead to reductions in the transmission rate. When a > 0 and b > 0, both the size of
the infected population and the rate of change affect the transmission rate. Fig 3A compares
the proposed media function, g, with the media function, f, each using its best-fit parameters

(A)
& 1.009 T Media Function
7]
@ :
S oo . o o-(0.02461)
= o o-(MaX{0, al + b(dl/lt)})
§ 0501 T where a = 1.2 x 10°
3 b=9.4x10°
i 0.25- -
o
=)
[0}
E 000 & 1 T =3 T ] ] T
(B)
» 500~ -
2
Q
£
< 250 e
[
3
z X . .

0- T T | — T

Weekly Cases

©) %106 y
o 4.0 - o= observed
Q
§ m=—a median simulated
> 204 - with media function g
é A=h median simulated
= o0 . it : with media function f

1 1 1 1
May Jun Sep Oct Nov Dec

Fig 3. Comparison of media functions and simulated best-fit curves for 2009 A(HIN1) in Mexico City. (A) The proposed media function, g, based
on the number of published news articles (red line with square markers) is compared with the media function, f, based on the number of infected
individuals and the change in the number of infected individuals (blue line with triangular markers). (B) The number of news articles per week is
depicted. (C) The best-fit curve using the proposed media function is compared with the best-fit curve using the media function f. The proposed media
function accurately captures both the large reduction in the spread of disease during the spring outbreak, due to social distancing, and the insignificant
reduction during the fall outbreak. Media functions based on the number of cases and rate of spread reduce the spread of disease more substantially
during the fall than during the spring, largely underestimating the fall outbreak.

https://doi.org/10.1371/journal.pone.0197646.9003
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Table 2. Best-fit parameters for 2014-2015 influenza in Washington, DC. All parameters were fit to data.

Parameter Description Value
Po Baseline per-contact infection probability 0.199
k 1 the mean degree of the network 2

a Effect of media on protective behavior 0.004
A Relative weight of recent information compared with prior information 0.23

https://doi.org/10.1371/journal.pone.0197646.t002

for Mexico City. Function fwas fit using the same implementation, the best-fit parameters val-
ues equal to py = 0.319,k=2,a=1.2x 10", and b = 9.4 x 10~°. The actual number of news
articles per week and the observed number of new cases per week are shown in Fig 3B and 3C.
Fig 3C compares the best-fit curve obtained using the proposed media function with the best-
fit curve obtained using the media function f.

Since fis dependent upon the rate of change and size of the infected population, f results in
the greatest reduction in transmission during the fall outbreak, instead of the spring outbreak.
As depicted in Fig 3C, f overestimates the fall outbreak and underestimates the spring out-
break, resulting in much greater mean absolute error of 3733, three times the MAE obtained
using the proposed media function. We have also compared the best-fit curve obtained using
the proposed media function, g, with the best-fit curve obtained without using a media func-
tion to evaluate the effectiveness of the media function. The best-fit parameters were py =
0.289 and k = 2. The model without a media function overestimates both the spring and fall
outbreaks, resulting in MAE of 1865, fifty percent over the MAE obtained using the proposed
media function. During the spring outbreak where significant media coverage was observed,
the model overestimates the peak by over twice as much. In order to replicate the dynamics of
the two outbreaks of disease without considering additional control measures, consideration
of factors affecting behavior other than the number of infected cases or rate of change in the
number of infected cases is necessary. We found that use of actual media data fills the void,
allowing us to account for the heightened attention to the disease in the spring that led to the
extreme social distancing that eventually curtailed the outbreak.

The proposed model relies on volume of news coverage to estimate the media signal. We
have compared the results of modeling disease spread dynamics over time using real data on
news coverage as a proxy of media signal versus that utilizing the number of cases and their
temporal change and that not using any media signal. We have demonstrated a significantly
better model fit when utilizing the proposed media signal.

Case study: Washington, DC

We fit our model to the epidemic curve from the 2014-2015 influenza season in Washington,
DC. The resulting fit had a MAE of 2818 cases. Our simulations indicate that media had lim-
ited effect on behavior during the 2014-2015 influenza season in Washington, DC, due to the
small number of news articles published. In the best-fit simulations, the effect of each news
article on protective behavior was moderate (a = 0.004, Table 2), but the overall effect of media
was small. Excluding the effects of media resulted in only a 3.5% increase in the median num-
ber of cases (Fig 4). When the number of news articles per week was increased ten-fold in our
simulations, media played a greater role, with a 33.5% decrease in the median number of cases.

Discussion

Previous models of infectious disease transmission that incorporate media influence have
modeled media as a function of the rate of transmission and the number of cases of a disease,
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Fig 4. Simulated epidemic curves for 2014-2015 influenza season in Washington, DC. (A) The best-fit parameters achieved an excellent fit to the
observed cases, with a mean absolute error of 2818 cases. (B) Few news articles were published about influenza in HHS Region 3, during the 2014-2015
influenza season. (C) Using the best-fit parameters, we simulated outbreaks with varying levels of media coverage. The median number of cases in
simulations conducted with the observed level of media coverage was not substantially different than the median number in simulations conducted
assuming no media coverage. Increasing the number of news articles per week by ten times, resulted in a 33.5% decrease in the median number of cases,
compared with the simulations conducted with the observed number of news articles per week.

https://doi.org/10.1371/journal.pone.0197646.9004

making it dependent upon the size of the outbreak. We have shown that media signal can be
successfully modeled using real data on news coverage, and that using actual news coverage
data better captures the disease dynamics compared to the estimation using the media function
that uses the number of cases and rate of change in the number of cases.

First, we demonstrated the theoretical properties of the proposed media function. The
media function is affected by the observed volume of media coverage, as well as two parame-
ters, A and ¢, with A controlling the relative weight of recent and prior information in deter-
mining behavior and & controlling the extent to which transmission is slowed by media
exposure. As A increases, the effect of media is more prominent and has shorter duration. As o
increases, the spread of disease is slowed more quickly, though there can be multiple waves of
infection when the values of @ and A are both relatively high.

Secondly, we provided a real world example that illustrates where models incorporating
data on actual media coverage can be most useful. Although there were no significant differ-
ences in the per-contact transmission rate of the HIN1 virus or population structure, the
spring outbreak of HINI in Mexico City was quickly contained, while the fall outbreak grew
to epidemic proportions. Differences in social distancing help to explain the different dynam-
ics of the two outbreaks. The spring outbreak received extensive attention in the Mexican
press. By incorporating data on the volume of media coverage of the outbreak and by assuming
that media influence leads to increased protective practices and therefore reduction in the per-
contact transmission probability, we were able to account for the social distancing that took
place during the spring outbreak but which did not occur during the fall outbreak, achieving a
good overall fit to the epidemic curves for the spring and fall outbreaks using the same model
for both outbreaks. The Mexico City HIN1 example shows that there is not always a the direct
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link between case counts and media attention. Therefore, it is important to quantify actual
media attention in infectious disease models.

Public reaction to common or seasonal diseases can be limited [14], even though such dis-
eases are often deadly. Using data from the 2014-2015 influenza season in Washington, DC,
we explored the role of media in a typical, seasonal outbreak and demonstrated that the low
level media interest exhibited during the influenza season was associated with only a small
reduction in the number of cases. Media may be a tool for public health officials to communi-
cate preventive measures to the public during disease outbreaks. Therefore, the effect of signifi-
cantly increasing the volume of media coverage was explored. It was found that a ten-fold
increase in the volume of media coverage resulted in a 33.5% decrease in the median number
of infections. Thus, media may be a moderately effective means to prevent disease
transmission.

In conclusion, we have proposed a data-driven approach to incorporating the effect of
media into models of infectious disease transmission, and have illustrated the effectiveness of
the approach by fitting data from recent disease outbreaks. We believe media reaction can
serve as a good proxy for the population reaction to disease outbreaks, and is substantially eas-
ier to measure accurately and quickly. Thus, as our study illustrates, incorporating media cov-
erage allows for more accurate modeling of infectious disease outbreaks during which there
are substantial changes in population behavior.

Acknowledgments

We would like to thank Emily Cohn and Susan Aman for their assistance in acquiring the
data.

Author Contributions

Data curation: Louis Kim, Shannon M. Fast.

Formal analysis: Shannon M. Fast.

Funding acquisition: Natasha Markuzon.
Investigation: Louis Kim, Shannon M. Fast.
Methodology: Louis Kim, Shannon M. Fast.

Project administration: Natasha Markuzon.
Validation: Louis Kim.

Writing - original draft: Louis Kim, Shannon M. Fast.

Writing - review & editing: Louis Kim, Shannon M. Fast, Natasha Markuzon.

References

1. PerraN, Balcan D, Goncalves B, Vespignani A. Towards a characterization of behavior-disease mod-
els. PLOS One. 2011; 6(8):€23084. https://doi.org/10.1371/journal.pone.0023084 PMID: 21826228

2. Bauch CT, Galvani AP. Social factors in epidemiology. Science. 2013; 342(6154):47—49. https://doi.
org/10.1126/science.1244492 PMID: 24092718

3. Vardavas R, Breban R, Blower S. Can influenza epidemics be prevented by voluntary vaccination?
PLOS Comput. Biol. 2007; 3(5):e85 https://doi.org/10.1371/journal.pcbi.0030085 PMID: 17480117

4. Fast SM, Mekaru S, Brownstein JS, Postlethwaite TA, Markuzon N. The role of social mobilization in
controlling Ebola Virus in Lofa County, Liberia. PLOS Currents. 2015; 7. https://doi.org/10.1371/
currents.outbreaks.c3576278c66b22ab54a25e122fcdbec1 PMID: 26075140

PLOS ONE | https://doi.org/10.1371/journal.pone.0197646 February 4, 2019 11/13


https://doi.org/10.1371/journal.pone.0023084
http://www.ncbi.nlm.nih.gov/pubmed/21826228
https://doi.org/10.1126/science.1244492
https://doi.org/10.1126/science.1244492
http://www.ncbi.nlm.nih.gov/pubmed/24092718
https://doi.org/10.1371/journal.pcbi.0030085
http://www.ncbi.nlm.nih.gov/pubmed/17480117
https://doi.org/10.1371/currents.outbreaks.c3576278c66b22ab54a25e122fcdbec1
https://doi.org/10.1371/currents.outbreaks.c3576278c66b22ab54a25e122fcdbec1
http://www.ncbi.nlm.nih.gov/pubmed/26075140
https://doi.org/10.1371/journal.pone.0197646

®PLOS | one

Media-based infectious disease transmission model

10.

11.

12

13.

14.

15.

16.
17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

Riley S, Fraser C, Donnelly CA, Ghani AC, Abu-Raddad LJ, Hedley AJ, et al. Transmission Dynamics
of the Etiological Agent of SARS in Hong Kong: Impact of Public Health Interventions. Science. 2003
Jun; 300(5627):1961-1966. Available from: http://science.sciencemag.org/content/300/5627/1961.
abstract. PMID: 12766206

Springborn M, Chowell G, MacLachlan M, Fenichel EP. Accounting for behavioral response during a flu
epidemic using home television viewing. BMC Infect Dis. 2015; 15(21). https://doi.org/10.1186/s12879-
014-0691-0 PMID: 25616673

Sun C, Yang W, Arino J, Khan K. Effect of media-induced social distancing on disease transmissionin a
two patch setting. Math Biosci. 2011 Apr; 230(2):87-95. https://doi.org/10.1016/j.mbs.2011.01.005
PMID: 21296092

Liu R, Wu J, Zhu H. Media/pyschological impact on multiple outbreaks of emerging infectious diseases.
Comput Math Methods Med. 2007; 8(3):153—164. https://doi.org/10.1080/17486700701425870

Cui J, Sun'Y, Zhu H. The impact of media on the control of infectious diseases. Journal of Dynamics
and Differential Equations. 2008; 20(1):31-53. https://doi.org/10.1007/s10884-007-9075-0

Tchuenche JM, Bauch CT. Dynamics of an infectious disease where media coverage influences trans-
mission. ISRN Biomath. 2012;. https://doi.org/10.5402/2012/581274

Xiao Y, Tang S, Wu J. Media impact switching surface during an infectious disease outbreak. Sci Rep.
2015; 5 (7838).

Collinson S, Heffernan JM. Modelling the effects of media during an influenza outbreak. BMC Public
Health. 2014; 14(376). https://doi.org/10.1186/1471-2458-14-376 PMID: 24742139

Collinson S, Khan K, Heffernan JM. The effects of media reports on disease spread and important pub-
lic health measurements. PLOS One. 2015; 10(11):e0141423. https://doi.org/10.1371/journal.pone.
0141423 PMID: 26528909

Fast SM, Gonzalez MC, Wilson JM, Markuzon N. Modelling the propagation of social response during a
disease outbreak. Journal of The Royal Society Interface. 2015; 12(104). https://doi.org/10.1098/rsif.
2014.1105

Kermack WO, McKendrick AG. A contribution to the mathematical theory of epidemics. J R Soc Proc A.
1927 Aug; 115(772):700-721. https://doi.org/10.1098/rspa.1927.0118

Newman MEJ. Networks: An introduction. Oxford University Press; 2010.

Kim L, Abramson M, Drakopoulos K, Kolitz S, Ozdaglar A. Estimating social network structure and prop-
agation dynamics for an infectious disease. Social Computing, Behavioral-Cultural Modeling and Pre-
diction. SBP 2014. Lecture Notes in Computer Science, vol 8393. Springer, Cham.

CDC. Key facts about seasonal flu vaccine; 2015. Available from: http://www.cdc.gov/flu/protect/
keyfacts.htm.

Shim E, Galvani AP. Distinguishing vaccine efficacy and effectiveness. Vaccine. 2012 Oct; 30(47):
6700-6705. https://doi.org/10.1016/j.vaccine.2012.08.045 PMID: 22944629

Park JH, Cheong HK, Son DY, Kim SU, Ha CM. Perceptions and behaviors related to hand hygiene for
the prevention of HIN1 influenza transmission among Korean university students during the peak pan-
demic period. BMC Infect Dis. 2010; 222(10).

Wakefield MA, Loken B, Hornik RC. User of mass media campaigns to change health behavior. Lancet.
2010; 376(9748):1261-1271. https://doi.org/10.1016/S0140-6736(10)60809-4 PMID: 20933263

Lau J, Tsui H, Lau M, Yang X. SARS transmission, risk factors, and prevention in Hong Kong. Emerg
Infect Dis. 2004; 10(4):587-592. https://doi.org/10.3201/eid1004.030628 PMID: 15200846

Jung M, Lin L, Viswanath K. Associations between health communication behaviours, neighbourhood
social capital, vaccine knowledge, and parents’ H1N1 vaccination of their children. Vaccine. 2013;
31(42):4860—-4866. https://doi.org/10.1016/j.vaccine.2013.07.068 PMID: 23954379

Seto W, Tsang D, Yung R, Ching T, Ng T, Ho M, et al. Effectiveness of precautions against droplets and
contact in prevention of nosocomial transmission of severe acute respiratory syndrome (SARS). Lan-
cet. 2003; 361(9368):1519-1520. https://doi.org/10.1016/S0140-6736(03)13168-6 PMID: 12737864

Warren-Gash C, Fragaszy E, Hayward AC. Hand hygiene to reduce community transmission of influ-
enza and acute respiratory tract infection: A systematic review. Influenza Other Respir Viruses. 2013;
7(5):738-749. https://doi.org/10.1111/irv.12015 PMID: 23043518

Chowell G, Echevarria-Zuno S, Viboud C, Simonsen L, Tamerius J, Miller MA, et al. Characterizing the
epidemiology of the 2009 influenza A/H1N1 pandemic in Mexico. PLoS Medicine. 2011 Apr; 8(5):
e€1000436. https://doi.org/10.1371/journal.pmed.1000436 PMID: 21629683

CDC. 2009 update: novel influenza A (H1N1) virus infection—Mexico, March-May. MMWR. 2009;
58(21):585-589. PMID: 19498336

PLOS ONE | https://doi.org/10.1371/journal.pone.0197646 February 4, 2019 12/13


http://science.sciencemag.org/content/300/5627/1961.abstract
http://science.sciencemag.org/content/300/5627/1961.abstract
http://www.ncbi.nlm.nih.gov/pubmed/12766206
https://doi.org/10.1186/s12879-014-0691-0
https://doi.org/10.1186/s12879-014-0691-0
http://www.ncbi.nlm.nih.gov/pubmed/25616673
https://doi.org/10.1016/j.mbs.2011.01.005
http://www.ncbi.nlm.nih.gov/pubmed/21296092
https://doi.org/10.1080/17486700701425870
https://doi.org/10.1007/s10884-007-9075-0
https://doi.org/10.5402/2012/581274
https://doi.org/10.1186/1471-2458-14-376
http://www.ncbi.nlm.nih.gov/pubmed/24742139
https://doi.org/10.1371/journal.pone.0141423
https://doi.org/10.1371/journal.pone.0141423
http://www.ncbi.nlm.nih.gov/pubmed/26528909
https://doi.org/10.1098/rsif.2014.1105
https://doi.org/10.1098/rsif.2014.1105
https://doi.org/10.1098/rspa.1927.0118
http://www.cdc.gov/flu/protect/keyfacts.htm
http://www.cdc.gov/flu/protect/keyfacts.htm
https://doi.org/10.1016/j.vaccine.2012.08.045
http://www.ncbi.nlm.nih.gov/pubmed/22944629
https://doi.org/10.1016/S0140-6736(10)60809-4
http://www.ncbi.nlm.nih.gov/pubmed/20933263
https://doi.org/10.3201/eid1004.030628
http://www.ncbi.nlm.nih.gov/pubmed/15200846
https://doi.org/10.1016/j.vaccine.2013.07.068
http://www.ncbi.nlm.nih.gov/pubmed/23954379
https://doi.org/10.1016/S0140-6736(03)13168-6
http://www.ncbi.nlm.nih.gov/pubmed/12737864
https://doi.org/10.1111/irv.12015
http://www.ncbi.nlm.nih.gov/pubmed/23043518
https://doi.org/10.1371/journal.pmed.1000436
http://www.ncbi.nlm.nih.gov/pubmed/21629683
http://www.ncbi.nlm.nih.gov/pubmed/19498336
https://doi.org/10.1371/journal.pone.0197646

®PLOS | one

Media-based infectious disease transmission model

28.

29.

30.

31.

32.

33.

34.

35.

36.

Barabasi AL, Albert R. Emergence of Scaling in Random Networks. Science. 1999; 286(5439):
509-512. https://doi.org/10.1126/science.286.5439.509 PMID: 10521342

Instituto Nacional de Estadistica y Geografia (National Institute of Statistics and Geography). México
en Cifras; 2010. Available from: http://www.beta.inegi.org.mx/app/areasgeograficas/?ag=15.

US Census Bureau. State & County QuickFacts; 2015. Available from: http://quickfacts.census.gov/
gfd/states/11000.html.

Elizondo-Montemayor L, Alvarez MM, Hernandez-Torre M, Ugalde-Casas PA, Lam-Franco L, Busta-
mante-Careaga H, et al. Seroprevalence of antibodies to influenza A/H1N1/2009 among transmission
risk groups after the second wave in Mexico, by a virus-free ELISA method. Int J Infect Dis. 2011 Aug;
15(11):e781-€786. https://doi.org/10.1016/j.ijid.2011.07.002 PMID: 21855383

Brownstein JS, Freifeld CC, Reis BY, Mandl KD. Surveillance Sans Frontieres: Internet-based emerg-
ing infectious disease intelligence and the HealthMap project. PLoS Med. 2008 Jul; 5(7):e151. https:/
doi.org/10.1371/journal.pmed.0050151 PMID: 18613747

Washington, DC DoH. Influenza Season; 2015. Available from: http://doh.dc.gov/page/influenza-
season.

Shrestha SS, Swerdlow DL, Borse RH, Prabhu VS, Finelli L, Atkins CY, et al. Estimating the Burden of
2009 Pandemic Influenza A (H1N1) in the United States (April 2009—April 2010). Clinical Infectious Dis-
eases. 2011 Jan; 52:75-82. https://doi.org/10.1093/cid/ciq012

CDC. 2014-15 state, regional, and national vaccination report I1; 2015. Available from: http://www.cdc.
gov/flu/fluvaxview/reportshtml/reporti1415/reportii/index.html.

CDC. CDC presents updated estimates of flu vaccine effectiveness for the 2014-2015 season; 2015.
Available from: http://www.cdc.gov/flu/news/updated-vaccine-effectiveness-2014-15.htm.

PLOS ONE | https://doi.org/10.1371/journal.pone.0197646 February 4, 2019 13/13


https://doi.org/10.1126/science.286.5439.509
http://www.ncbi.nlm.nih.gov/pubmed/10521342
http://www.beta.inegi.org.mx/app/areasgeograficas/?ag=15
http://quickfacts.census.gov/qfd/states/11000.html
http://quickfacts.census.gov/qfd/states/11000.html
https://doi.org/10.1016/j.ijid.2011.07.002
http://www.ncbi.nlm.nih.gov/pubmed/21855383
https://doi.org/10.1371/journal.pmed.0050151
https://doi.org/10.1371/journal.pmed.0050151
http://www.ncbi.nlm.nih.gov/pubmed/18613747
http://doh.dc.gov/page/influenza-season
http://doh.dc.gov/page/influenza-season
https://doi.org/10.1093/cid/ciq012
http://www.cdc.gov/flu/fluvaxview/reportshtml/reporti1415/reportii/index.html
http://www.cdc.gov/flu/fluvaxview/reportshtml/reporti1415/reportii/index.html
http://www.cdc.gov/flu/news/updated-vaccine-effectiveness-2014-15.htm
https://doi.org/10.1371/journal.pone.0197646

