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Objectives: Disease burden and high financial cost of seasonal influenza emphasize the

importance of studying the epidemics transmission dynamics. Our aim in this article is to

extend the Susceptible Exposed Infectious Recovered (SEIR) model, a well-studied classical

compartmental epidemic model, by incorporating socio-environmental factors. Particu-

larly, the potential influence of mass media function and absolute humidity are examined

on the model simultaneously.

Study design: The proposed model is fitted to Center for Disease Control and Prevention

(CDC) influenza data of region five of the US for four outbreak seasons. Then, a full-

performance comparison between the conventional and extended model is carried out.

Methods: Implementing the mass media and climate factors into the classical epidemic

models, e.g., Susceptible Infectious Recovered (SIR) and SEIR, is a promising and ongoing

research field in the public health area. In this article, we particularly address the potential

effect of mass media and absolute humidity to modify the SEIR model.

Results: Computational simulations are carried out for both standard and extended models

for four influenza seasons in CDC region five of the US. Moreover, the accuracy assessment

is performed based on the following criteria: i) the root mean square error (RMSE); ii) the

Akaike information criterion (AIC); iii) the outbreak peak time; and iv) the number of

infected individuals at the peak time. Based on these criteria, the proposed model provided

a better fit than a null model with smaller RMSE and AIC values for the last three study

seasons. Specifically, RMSE values declined from 20 to 11.08 and from 26.87 to 19.15 for

seasons 2010/11 and 2011/12, respectively; also, lower AIC values for these seasons indicate

that the modified SEIR (referred to M-SEIR) model is a better-fitting model.

Conclusions: Parameter estimation techniques are important tools to determine the key

parameters of the epidemic models. Based on our results, introducing the mass media and

climate factors into the classic models will improve the model precision.
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Introduction

Flu outbreaks occur around the world annually and cause a

significant number of deaths.1 According to US statistics, the

annual prevalence of influenza is between 5% and 20% of the

population, with 3000 to 49,000 death reports.2,3 In spite of the

widespread outbreak of influenza and its serious threat to the

public health, various characteristics of the disease e for

example, flu transmissibility and virus survival mechanisms

e are still not fully understood. Researchers have long sus-

pected the impact of socio-environmental and geographic

factors4 on the spread of influenza. This association might be

attributed to the seasonal nature of the influenza outbreaks.

Previous studies have revealed that the solar radiation re-

duces the survival time of the influenza virus.5,6 Similar

studies also show that low relative humidity and air temper-

ature provide a favorite condition for influenza virus main-

tenance and transmission.7,8 In a comprehensive study

conducted in 365 US cities, authors provide evidence for an

association between absolute humidity and influenza death

rate; this correlation is expressed as a non-linear relationship

between flu mortality rate and absolute humidity.3 Our study

also set out to examine the influence of mass media on the

classical epidemic models. In recent years, more precise

influenza surveillances have been developed by using social

media data streams, e.g., Twitter and the google search

query.9e11 Providing a real-time influenza predictor, some

scholars have also used Twitter data to extend the classic

epidemic models.12e14 (Fig. 1).

A data-driven approach is presented to achieve a mathe-

matical paradigm developed by the implementation of social

media and meteorological factors into the Susceptible

Exposed Infectious Recovered (SEIR) model. In this investiga-

tion, a more accurate and efficient method is introduced to

simulate the transmission of influenza disease. The modifi-

cation ismade through embedding amassmedia function and

absolute humidity into the classic SEIR models. Then, the

Center for Disease Control and Prevention (CDC) data for the

region five of the US are fitted with both the modified and null

model. Our computation was carried out over the influenza
Fig. 1 e The number of H3N2 cases reported weekly by CDC

for season 2006/07. CDC, Center for Disease Control and

Prevention.
season, spanning 25weeks starting fromweek 50 of each year.

It should be noted that for the sake of clarity, results will be

illustrated from week 10 of the influenza season.
Methods

The CDC provides different forms of valuable sets of infor-

mation. In this research, weekly laboratory-confirmed (Viro-

logic Surveillance) data in US Environmental Protection

Agency (EPA) region 5 (including Illinois, Indiana, Michigan,

Minnesota, Ohio, and Wisconsin) are collected from the CDC

homepage for four seasons from 2006/07 to 2011/12.15

Pandemic seasons 2008/09 and 2009/10 were excluded from

the data set. The proposed methodology investigates the

behavior of subtype H3N2 because it was the dominant virus

for the studied seasons.

Daily 2-m specific humidity data were obtained from the

National Centers for Environmental Prediction-Department of

Energy (NCEP-DOE) Reanalysis two data set. The data are

publicly available at Earth System Research Laboratory (ESRL),

which is a division of the National Oceanic and Atmospheric

Administration (NOAA).16,17 The daily data in a rectangular

block of 36.5776Ne48.9994N to 81.9097W-97.2382W, that

covers the area of interest, have been downloaded for the time

period between 2000 and 2016.18 Then, to get a single value for

every week, a temporal average filter on the original data was

applied.

Mathematical modeling has provided various robust and

effective techniques to study the transmission of infectious

diseases.19 Tomodel the seasonal influenza behavior, the SEIR

model is used as the basic model.20e22 In the SEIR model, the

population is divided into four subgroups: hosts who are

susceptible to influenza (S), hosts who are exposed to influ-

enza (E), hosts with influenza infection (I), and the rest of the

population who are immune to the influenza disease (R). In

this model, b represents the effective transmission rate, 1=g is

the average infectious period, and 1
=s

is the average latent

period. The SEIR system of equations is given in the following:

vS
vt

¼ �bSI

vI
vt

¼ bSI� sE

vI
vt

¼ sE� gI

(1)

where t is the time period. To examine the influence of social

and environmental factors on the disease transmission, a

modified SEIR (M-SEIR) model is developed by embedding

media effect and specific humidity, i.e., an important envi-

ronmental parameter and a common measure of absolute

humidity. In this new model, transmission rate, b, is allowed

to be adjusted by a time-dependent linear factor of average

absolute humidity:23

bt ¼ b1ð1þ b2AHÞ (2)

where b1 and b2 are constant coefficients and AH is the

normalized absolute humidity. Moreover, the media coverage

influence, on the other hand, is usually modeled by an expo-

nential or a reciprocal function of I.13,14,24 For the
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measurements of this study, a reciprocal function is chosen.

Therefore, the final M-SEIR is presented in the following

equations:

vS
vt

¼ � bt

1� pI
SI

vI
vt

¼ bt

1� pI
SI� sE

vI
vt

¼ sE� gI

(3)

To examine the performance of the proposed model, the

values of the model parameters are determined by means of a

curve-fitting strategy. Dozens of research works have been

conducted on parameter estimation of epidemiologicalmodels

using computational techniques including Monte Carlo,

maximum likelihood, and least square.22,25 Least square fitting

is a mathematical process to find the best fitting curve for a

given set of data. M-SEIR parameters are estimated by mini-

mizing the least square function. The optimization process of

the least squares cost function is carriedout inMatlabusing the

‘lsqcurvefit’ function and the ‘trust region reflective’ algorithm.

Given all constant coefficients and initial conditions, a

unique solution exists for Eqs. (1) and (3). Therefore, the un-

known set of parameters for Eqs. (1) or (3) uniquely corre-

sponds to an optimal state. Generally speaking, any least

square optimization problem aims to minimize the stan-

dardized difference between predictions and observations.

Subsequently, estimated parameters of SEIR and M-SEIR

areq ¼ ðS0; E0; I0; b; s; gÞ and ~q ¼ ðS0; E0; I0; b; s; g; p; b2Þ,
respectively. At each iteration of the algorithm, the estimated

parameters obtained from the previous step are used to

calculate S, E, I, and R by solving Eqs. (1) and (3). Afterward,

SEIR-based and M-SEIRebased estimations of weekly number

of infected cases are calculated as follows:23

bYi ¼ SðiÞ þ EðiÞ � Sði� 1Þ � Eði� 1Þ (4)

where i is the week number in the studied influenza season.

Then, the sum of the squared differences between

estimations,bYi, and observations isminimized by applying the

trust region reflective algorithm in Matlab. For the sake of

numerical stability of the optimization process, the following

constrained conditions are implemented: 1=s is varied from 1

to 3 days and 1
=g

is varied from 1 to 5 days.24 Also, it is sup-

posed that b2 is bounded in the interval [�1, 1] and p lies in the

interval [�0.2, 0].
Fig. 2 e Absolute humidity for seasons 2006/2007 to 2011/

2012 are displayed in terms of temporal functions. The

black solid curve illustrates the average absolute humidity.
Results

As mentioned in the previous section, the present study im-

plements absolute humidity and mass media into the SEIR

model. The mass media effect on the influenza behavior dy-

namics is modeled by using a media function, f(I), in Eq. (3)

which is inversely proportional to I (number of infected in-

dividuals). On the other hand, the transmission rate (b) is

updated to a time-varying coefficient in terms of a linear

factor of AH (Eq. (1)). The absolute humidity trend was ob-

tained by averaging time-aligned data over 15 years

(2000e2015); then, it is normalized between �1 and 1. We let
AH adapt the transmission rate, bt, by a scale factor varied

from 0.8 to 1.2 (1± 0:2). Finally, the efficiency of the proposed

model is determined by using root mean square error (RMSE),

Akaike information criterion (AIC), and outbreak peak timing/

magnitude (Fig. 2).

The weekly CDC data are fitted with both SEIR and M-SEIR

models for four influenza seasons. It should be noted that

there are 6 and 8 unknown parameters in the classical and

modified models, respectively. The results of the curve-fitting

procedure for both models are shown in Fig. 3. In this figure,

the solid squares represent the CDC influenza data and red

and green lines fit to the standard and extended models,

respectively. The details of the model performance evalua-

tions are provided in the following.

The RMSE, AIC, the peak time of the outbreak, and the

outbreak magnitude at the peak time have been used as

standards for performance comparisons. These criteria are

summarized in Table 1. Generally speaking, the M-SEIRmodel

captures more accurately the influenza dynamics than the

SEIR model that is conventionally used. The proposed model

considerably improves the outbreak peak time estimation and

do slightly better in terms of the number of infections at the

peak time. In addition, the extended model outperforms the

basic model in terms of RMSE and AIC errors for the last three

study seasons. Specifically, the RMSEhas been decreased from

20 to 11.08 and from 26.87 to 19.15 for seasons 2010/11 and

2011/12, respectively. Furthermore, as shown in Table 1, AIC

values declined for the last three seasons, and also, the peak

time is estimated correctly for all study seasons.

As shown in Fig. 3 and Table 1, in some cases that the data

are not smooth enough, the proposed approach to fitting the

CDC data is more appropriate than the standard model.

Finally, the M-SEIRebased estimations of Susceptible,

Exposed, Infected, and Removed parameters for season 2010/

11 are illustrated in Fig 4.
Discussion

The advance of mass media in the recent decades has shaped

our social behavior and decisions. The role of modern media

https://doi.org/10.1016/j.puhe.2019.02.006
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Fig. 3 e Weekly number of infected individuals and corresponding standard SEIRebased and modified SEIRebased

estimations for studied outbreak seasons are depicted. Solid purple squares, green lines, and red lines represent the real

data, SEIR-, and M-SEIRebased estimations, respectively. SEIR, Susceptible Exposed Infectious Recovered; M-SEIR, Modified

Susceptible Exposed Infectious Recovered. (For interpretation of the references to colour in this figure legend, the reader is

referred to the Web version of this article.)
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in promoting the health in the society is inevitable. Media

coverage of recent epidemics in news and social networks, for

example, has helped to slow the effects of the flu virus.

Because human behavior can influence the spreading dy-

namics of the epidemics, new computational models are

therefore necessary to study this subject. In recent years,

many researchers attempted to modify the conventional

epidemic models through implementation of Twitter and
Table 1 e The performance comparison of the SEIR and
M-SEIR models in terms of RMSE, AIC, the outbreak peak
time, and themagnitude of the outbreak at the peak time.

Season/Criterion 2006/07 2007/08 2010/11 2011/12

RMSE

SEIR 3.56 27.86 20.00 26.87

M-SEIR 3.55 22.23 11.08 9.15

AIC

SEIR 77.12 184.00 166.78 182.00

M-SEIR 80.92 182.84 142.07 168.52

Peak time (week)

SEIR 12 11 9 13

M-SEIR 11 12 13 14

Real 11 12 13 14

Peak mag. (case)

SEIR 51 197 155 394

M-SEIR 52 209 156 418

Real 52 246 166 443

AIC, Akaike information criterion; RMSE, root mean square error;

SEIR, Susceptible Exposed Infectious Recovered; M-SEIR, Modified

Susceptible Exposed Infectious Recovered.
Google Flu Trend as the complementary data streams.26,27 To

model this phenomenon, a time-varying scaling factor is

introduced, referred to as the media function, into the SEIR

model. Media function usually is a non-linear decreasing

function of the number of infected cases, f(I). As given in Eq.

(3), a first-order reciprocal media function was included in the

model in which p is the corresponding media factor and I is

the number of infected individuals at the present time (week).

The results indicated that the extended model better fitted to

the CDC data in the area of interest. According to our mea-

surements, implementation of the appropriate media func-

tions in the conventional epidemic models is inevitable. The

findings of the present study is consistent with those of pre-

vious studies, suggesting that social media influence the

transmission dynamics of influenza virus.10,11 Mitchell and

Ross24 showed that implementation of mass media function

into the Susceptible Infectious Recovered (SIR) model led to a

considerable enhancement of influenza modeling. In another

analogous study of the relationship between mass media and

influenza dynamics, Paul et al. 27 reduced the forecasting error

by using a basic linear autoregressive model incorporating

secondary data from Twitter.

In cold and dry weather conditions, experimental results

confirm that the influenza virus survives longer outside the

human body due to the higher transmission rate.3,28 However,

the association of climate drivers with the virus behavior in

different climates is not fully understood yet. Some studies

address the role of absolute humidity in temperate regions, for

example, Lowen et al.7 for the first time showed that cold

temperatures and low relative humidity are favorable to the

spread of influenza virus. On the other hand, Chong et al. 29

https://doi.org/10.1016/j.puhe.2019.02.006
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Fig. 4 e Plots A to D display M-SEIRebased Susceptible, Exposed, Infected, and Removed populations for season 2011/12,

respectively. M-SEIR, Modified Susceptible Exposed Infectious Recovered.
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studied the role of climate drivers in Hong Kong that has a

subtropical climate. They showed that absolute humidity does

not have any strong correlationwith the number of infections.

Besidesmassmedia factor, the influence of absolute humidity

to the influenza dynamics has also been investigated. As given

in Eq. (2), we let the transmission rate to be updated by using

an adjusting scale factor varied from 0.8 to 1.2. A substantial

improvement was not observed in the absence of absolute

humidity compared to mass media.

In this study, however, our results address the significant

influenceofsocial andenvironmental factors into the infectious

diseasemodeling, and further investigations inmore areaswith

different socio-environmental conditions are required. The use

of spatially averaged climate data over a relatively vast area is a

clear limitation of the present study. In addition, the homoge-

neity assumption of the studied population in the SEIRmodel is

also obviously violated in the real-life data.

Conclusion

The influenza virus is a contagious respiratory illness that

causes a tremendous amount of financial expenses and high

morbidity andmortality rate annually. In this article, the effect

of mass media and environmental parameters on the flu virus

behavior has been closely examined. This research suggests

that using mass media function associated to social network

yields more remarkable findings than embedding absolute

humidity into the epidemic model in EPA region 5. However, a

comprehensive study of epidemic models for different regions

is required. In the case of data availability, further similar

studies can be conducted on smaller areas, possibly at county

level, with different climate and social conditions.
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