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Abstract: Infectious diseases pose a continuous challenge to the society worldwide. Recent global health crises,
such as the COVID-19 pandemic, have helped us to understand the importance of studying infectious disease
modelling. It can improve public health policy and response in epidemic situation. It also helps in taking risk
mitigation measures, prompting timely interventions, and aiding preparedness for healthcare delivery systems.
Here, I have focused on SEIR model of infectious diseases. Disease modelling incorporates many hurdles. It
depends on various factors, some of them depends on behavioral nature of mankind, some factors depend on
purely statistical interpretation. Moreover, depending upon demography, climate, economic conditions some
alteration in a base model is necessary when we change the region of study. Precautionary measures taken by
authority, such as, vaccination, awareness drive etc. also affects the modelling region wise. In this review, I
have discussed mathematical details of an infectious disease modelling, as well as, how to simulate an infectious
disease following SEIR model. Implementation of SEIR model in case of various infectious diseases and the
future trend of epidemiology have also been discussed.
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1 Introduction

Mathematical models in epidemiology are
an important tool for comprehending the
future trend and taking precautionary
measures to control any infectious disease.
However, mimicking an infectious disease
by some set of equations is really a difficult
job. Firstly, spreading of an infectious dis-
ease depends upon many factors and some
of them like personal hygiene and health,
economic situation etc. are very hard to
incorporate as a variable in a mathemat-
ical model. Secondly, effect of some fac-
tors, such as climate condition, demogra-
phy, personal awareness etc. in spreading
of a disease can only be studied statisti-
cally. For an effective mathematical model
of an infectious disease researchers have to
study a large data related with spreading
of that disease to incorporate local influ-
ences in disease spreading, behavioral na-

tures etc. in the specified model.
As epidemics and pandemics have affected
human civilization from the beginning,
researchers have tried to model an epi-
demic spreading using the tools of mod-
ern science. Most significant early mod-
els in epidemiology, known as SIR (Sus-
ceptible, Infectious, Recovered/ Immune)
model, was introduced in 1927 [1]. It is
also known as compartmental modelling
in the literature, as it divides total popu-
lations into three different compartments
named susceptible, infectious and recov-
ered/removed/immune. It is a very sim-
plified model and has many drawbacks [2,
3]. These have been discussed in the sec-
tion (2).
Since then, many attempts have been
done to make this model more realistic
incorporating various demographic, socio-
economic and behavioral natures in it and
the result is the SEIR (Susceptible, Ex-
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posed, Infectious, Recovered/ Immune)
model [4, 5, 6, 7, 8]. In this case, apart
from three compartments of SIR, one ex-
tra compartment named “exposed” was
added. SEIR models can represent many
human infectious diseases such as measles
[9, 10], pox [11, 12], flu [13, 14], dengue [15,
16], tuberculosis [17], Ebola [18], malaria
[19] etc. Recent impact of COVID-19 has
also prompted researchers to predict its fu-
ture trend of an infectious disease [20, 21,
22, 23]. The beauty of this model is that
it can incorporate many socio-economic,
environmental, precautionary measures by
local authorities and behavioral factors
which is impossible using SIR. The de-
tailed mathematics of this model has been
explained in section (3).
Now, let us briefly remember SIR mod-
elling in the following section before going
SEIR model.

2 Brief review of SIR model

As we have already discussed in the in-
troduction, classic SIR model has three
groups: susceptible S(t), infectious I(t)
and recovered R(t), with a total popula-

tion size N = S(t) + I(t) + R(t). Here, it
is assumed that although S, I and R may
vary with time but total population is con-
stant. Classic SIR model is parameterized
by the infectious period, 1

γ
(The time dura-

tion when a person with an infectious dis-
ease can transmit the illness to others), the
basic reproduction number R0 (The num-
ber of secondary cases for each infection in
a completely susceptible environment) and
the contact rate, β (the number of peo-
ple an infected individual comes into con-
tact with during their infectious period).
In general, β = γR0. Again, another ba-
sic assumption is that, once recovered peo-
ples do not get affected by the same disease
again.

2a. Mathematical Formulations

According to the above considerations, the
basic mathematical equations which gov-
ern this model are as follows [24, 25, 26,
27, 28]:

S(t) + I(t) + R(t) = N or

s(t) + i(t) + r(t) = 1
(1)

Figure 1: Schematic diagram of Classic SIR model. It has three compartments namely “Susceptible”,
“Infectious” and “Recovered”. It is parameterized by contact rate β and infectious rate 1

γ
.

dS

dt
+
dI

dt
+
dR

dt
=
ds

dt
+
di

dt
+
dr

dt
(2)

dS

dt
= −βI(t)× S(t)

N
(3)

dI

dt
= βI(t)× S(t)

N
− γI(t) (4)

dR

dt
= γI(t) (5)

Here, s(t), i(t) and r(t) are fraction of to-
tal population belongs to susceptible, in-
fectious and recovered compartments re-
spectively.

2b. Equilibrium

In case of any infectious disease there ex-
ists two types of equilibrium. First one
is disease-free equilibrium (DFE). It rep-
resents a state where a disease is absent
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from a population. The second one is en-
demic equilibrium (EE). It signifies a state
where the disease is consistently present
and circulating within the population but
the number of infected people does not
increase exponentially. If number of in-
fected people increases exponentially, then
the situation is called pandemic. The state
of equilibrium is estimated by the basic re-
production number, R0. Here, R0 < 1
indicates the DFE (disease dies out) and
R0 > 1 suggesting the EE (disease per-
sists). In case of EE,

R0 × S(t) = S0 (6)

From equation (3) and (5), one can derive
the following expression,

St = S0e
−Rt

N
(Rt−R0) (7)

Here, Rt is called “real time reproduction
number” and Rt = R0 when t=0. Again,
equation (4) and (6) reduces to

dI

dt
=

(
Rt
S(t)

N
− 1

)
γI

= (Re − 1) γI

(8)

where,
Re = Rt

S(t)

N
(9)

Re is called “real time effective reproduc-
tion number”. When,Re ≥ 1, I grows ex-
ponentially and when Re ≤ 1, I decays
exponentially. When, Re = 1, Temporal
plot of I reaches a steady state.Considering
γ(t) ≈ constant for a particular period of
time (in case of endemic equilibrium), in-
tegrating equation (8), we get

It = eγt(Re−1) (10)
Equation (7) and (10) gives number of sus-
ceptible and infected people at the time of
endemic equilibrium. Here we have faced
the basic reproduction number (R0) and
the effective reproduction number (Re). I
have already discussed that R0 is the av-
erage number of new infections caused by
a single infectious individual in a fully sus-
ceptible population during their infectious

period i.e. at the beginning of the infec-
tion. On the other hand, effective repro-
duction number, Re represents the aver-
age number of secondary cases generated
by an infectious individual at time t, con-
sidering the population’s current immunity
and public health interventions. Unlike
R0, Re reflects changes in susceptibility,
contact patterns, and other mitigation ef-
fects. Like R0, if Re > 1, the epidemic is
growing; if Re < 1, the epidemic is shrink-
ing. Re provides a real-time picture of the
transmission dynamics and is crucial for in-
dicating public health interventions during
an epidemic. Re is defined by equation (9).
It implies that Re is directly proportional
to R0 and the proportion of the population
that is still susceptible.

2c. Simulation and Data Interpreta-
tion

Solving the equations (3), (4) and (5) for
some pre-assumed β, γ and total popula-
tion N one can predict the number of in-
fectious and recovered people. β, γ will
depend upon the nature of precise infec-
tious disease and other factors. In Figure
2 (right plot), I have shown one such tem-
poral variation of infectious and recovered
people considering = 0.0026, γ = 0.5 and
total population N = 762. Now comparing
number of infectious people obtained from
SIR model (Shown by red line in Figure
2) with actual number of infectious people
obtained from observed data/survey, one
can comprehend how far the model mim-
ics the actual situation. One such compar-
ison plot has been shown in Figure 2 (left
plot). The simulation has been done using
“R” programming language. This example
is purely a toy model to understand the
actual situation.
Classic SIR Model is very simplified model.
Some of its assumptions like: homoge-
neous mixing of the infected and suscepti-
ble populations, susceptible become infec-
tious without any latency, the total pop-
ulation is constant in time, the suscepti-
ble population decreases monotonically to-
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wards zero and the recovered population
do not infect again etc. are not correct
in reality. Moreover, there is very lim-
ited scope to include taking care of pre-
cautionary methods such as vaccinations,
awareness campaign etc. which reduce ef-

fect of spreading of an infectious disease.
Actually, SIR model can mimic a disease
for short-term intervals only [29,30]. The
modified form of SIR is SEIR model.In
the next section, I shall elaborately discuss
mathematics of SEIR model.

Figure 2: (left plot) Plot of susceptible, infectious and recovered people obtained from solving SIR model
considering = 0.0026, γ = 0.5 and N = 762.(Right plot): Comparison of Model forecast data with
observed data.

.

SEIR Model

SEIR model has four compartments. The
new edition “exposed” was introduced to
counter the latency period of any infec-
tion. Moreover, depending upon nature of
disease and local factors, mitigation mea-
sure taken, the four compartments may
be interrelated with each other [31, 32,
33, 34]. As for example, for many res-
piratory infections, immunity after recov-
ery is temporary and recovered individ-
uals will lose immunity and return to S
after an average protected period which
one can include here [35]. Demography
contributes to flows in and out of each
compartment. In reality, all groups will
experience background death from other
causes. At the same time, in a stable pop-
ulation,background deaths are balanced by
births into susceptible compartment.

3a. Mathematics

As I have already discussed that in SEIR
model, people may impose various types
of new relations among the four compart-
ments depending upon nature of the dis-
ease, mitigation measures taken, demo-

graphic and weather conditions. Some-
time some new compartments may also be
added with the above four. All of them
are nothing but minor modification of ba-
sic SEIR model. In this case, I shall fol-
low the schematic diagram of SEIR model
given in Figure 3 for writing mathemati-
cal equations. This particular scheme is
very much convenient to describe disease
like COVID-19 [36]. Here, upon being in-
fected from the susceptible group S(t), the
individual will move to exposed group E(t)
with the transmission rate β at a rate β IS

N
and remain there for an average period of
1
ν

before moving to infected group I(t). At
the same time, for disease like COVID-19,
some asymptotic people will directly move
to infected group with a rate, ρ. Death due
to the particular infection will cause a loss
of individuals from the group I(t) at a rate
α and recovery of people from I(t) to R(t)
at a rate γ. The parameter λ represents
the import to the susceptible population
from outside (due to birth) and δ is the
background death due to other causes. In
SEIR model, “susceptible S(t)”, “exposed
E(t)”, “infected I(t)” and “recovered R(t)”
denote the instantaneous size of the popu-
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lation, i.e. at any instant, if N is the total
population.
So, in this model β, ρ, ν, γ, α known
as transmission rate, asymptomatic trans-
mission rate, inverse of incubation pe-
riod/latency period, inverse of mean infec-
tion period and death rate due to infectious
disease will purely depend upon nature of
infectious disease. While birth rate, λ and
death rate due to other normal causes, δ

will depend on local demographic data [22,
31, 32, 36].
Now, according to preliminary assump-
tions of the SEIR model for this particular
case,

S(t) + E(t) + I(t) + R(t)+

αI(Death due to pandemic) = N

(11)

Figure 3: Schematic diagram of a typical SEIR model. It consists of four basic compartments, namely
Susceptible (S), Exposed (E), Infected (I) and “Recovered (R)”. Depending on the disease and its local
parameters some extra compartments may be attached with specific relationship

.

dS

dt
= dN − (β + ρ)

IS

N
− δS (12)

dE

dt
= β

IS

N
− νE − δE (13)

dI

dt
= νE + ρ

IS

N
− γI − (δ + α)I (14)

dR

dt
= γI − δR (15)

Note that, if we consider ν → ∞, ρ → 0,
β = constant, δ = 0, α = 0 and R is
removed/ recovered population, then the
above model reduces to classic SIR model.

3b. Equilibrium

As we are already aware that, in case of
infectious disease spreading, there are two
types of equilibrium, Disease-Free Equi-
librium (DFE) and endemic equilibrium
(EE).

Disease-Free Equilibrium (DFE)

Let us first discuss DFE. In this case,
presently there is no infectious disease, i.e.,
I(t) = E(t) = R(t) = 0 and S(t) = N.
So, if number of total populations remains
constant, then birth rate, λ should be bal-
anced by death rate due to other causes
except infectious disease, i.e. δS = δN .
This leads to λ = δS, i.e.

(S,E, I, R) =

(
λ

δ
, 0, 0, 0

)
(15a)

Now, I have to calculate basic reproduc-
tion number for DFE. In general,R0 is cal-
culatedin the literature following next gen-
eration matrix method [37,38,39].
Let us briefly explain what is this tech-
nique. Let x = (x1, x2, ..., xn)

T be the
number of individuals in each compart-
ment, where the first m ≤ n compart-
ments contain infected individuals. In case
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of DFE one can write,
dxi
dt

= Fi(x)− Vi(x) (16)

for i = 1,2, ..., m. Here, Fi (x) is the rate
of appearance of the new infections in com-
partment i, and Vi (x) is the rate of tran-
sitions between compartment i and other
infected compartments. If

F =

[
∂Fi(x0)

∂xj

]
and V =

[
∂Vi(x0)

∂xj

]
(17)

for 1 ≤ i, j ≤ m. As per definition of Fi

and Vi, F is entry wise non-negative and
V is a non-singular M-matrix [10], so V −1

is entry wise non-negative. Let ψ(0) be
the number of initially infected individu-
als. Then FV −1ψ(0) is an entrywise non-
negative vector giving the expected num-
ber of new infections. Matrix FV −1 has
(i,j) entry equal to the expected number
of secondary infections in compartment i
produced by an infected individual intro-
duced in compartment j. Thus, FV −1 is
the next generation matrix and

R0 = f(FV −1) (18)
where, f denotes the spectral radius. In
case of our model, n = 4 and x = (E,I,S,R).
where only the first two compartments, i.e.
E and I contain infected individuals. Re-
membering that at DFE, S ≈ N and fol-
lowing equation (16), we can write (for i =
1(E), 2(I)),

F
(
β
IS

N
, ρ
IS

N

)
≈ (βI, ρI) (19)

V = (( + δ)E − E+

(γ + δ + α)I)
(20)

where +ve sign indicates transfer into the
i-th component and -ve sign for out of it.

F =

(
0 β
0 ρ

)
and

V =

(
v + δ 0
−v γ + δ + α

)
.

(21)

Thus,

V −1 =
A

(v + δ)(γ + δ + α)
(22)

where,

A =

(
γ + δ + α 0

v v + δ

)

R0 =
βv + ρ(v + δ)

(v + δ)(γ + δ + α)
(23)

Here one can notice that value of basic re-
production rate, R0 will depend on value
of death rate of the infectious disease, α,
transmission rate, β, asymptomatic trans-
mission rate, ρ, inverse of incubation pe-
riod/latency period, ν inverse of mean in-
fection period, γ and the death rate due to
other causes, δ.

Endemic equilibrium (EE)

We have already discussed that endemic
equilibrium means disease persists in the
society however infectious people do not
grow following power law. Here disease
persists with constant number of popula-
tions in each compartment. So, in this case
following equations (12, 13, 14 and 15) one
can write,

(β + ρ)
IEESEE

N
= λ− δSEE (24)

β
IEESEE

N
= (ν + δ)EEE (25)

ρ
IEESEE

N
= (γ + δ + α)IEE − νEEE (26)

IEE =
δ

γ
REE (27)

Again, from equation (13),

SEE + EEE + IEE +REE + αIEE

= N =
λ

δ

(28)
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Figure 4: Simulation of infectious disease using SEIR model. Here we have chosen β=0.7, ν=0.5, γ=0.2
and total population N = 10000. All other parameters have been set as zero for simplicity. Four different
population has been represented by different colours.

.

This leads to the following solutions,

SEE =
S0

R0

=
λ

δR0

(29)

IEE =
λ(δ − 1)

δ(α + 2γ − αδ)
(30)

REE =
γ

δ
IEE =

γλ(δ − 1)

δ2(α + 2γ − αδ)
(31)

Now, one can easily calculate EEE by sub-
tracting susceptible, infectious and recov-
ered people from the total population.

3c. Simulation

Solving equations (12), (13), (14) and (15)
and considering precise values for α, β, γ,
δ, λ, ν and N one can mimic a real in-
fectious disease using SEIR model. One
such simulation has been shown in Figure
4. Here I have considered α=0, β=0.7,
γ=0.2, ν=0.5, λ=0, δ=0. It is a sim-
ple toy model to show how one can sim-
ulate an actual disease. Depending upon
the nature of disease and other factors one
has to define relations among the com-
partments of SEIR and necessary parame-
ters. Then suitable estimations of the re-
quired parameters and solving differential
equations which describe the model using
appropriate computing technique one can

mimic the disease mathematically. Here
I have used R programming language to
plot Figure 4. Now matching temporal
variation of infectious and recovered peo-
ple gather from survey data with the re-
sult obtained from simulation using SEIR
model, one can check the effectiveness of
the simulation.

4 Implementation of SEIR
model

We have already discussed that SEIR mod-
els may vary in number of compartments
and their interactions depending upon
complexity of the infectious disease and
the factors affecting it. For suitable mod-
eling of an infectious disease, thoughtful
design of these compartments is crucial.
One has to keep in mind the specific prob-
lems, available data, and existing knowl-
edge about the disease etc. Selection of es-
timation methods is also very much impor-
tant, as different methods may rely on var-
ied assumptions and yield different results.
This may be confusing.Further, sensitivity
analysis plays a vital role. Again, model
validation and calibration are indispens-
able for ensuring the model’s fidelity to
real-world data.Validating models against
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historical outbreak data and calibrating
them using current, real-world data makes
the model relevant and accurate over time.
In the introduction and at the beginning
of section 3, I have given many refer-
ences from the literature which informs
that SEIR model has been used to mimic
various infectious diseases like influenza,
pox, dengue, tuberculosis etc. Over the
time it has proved its effectiveness. Re-
cently COVID-19 pandemic has hit the
world and we can find various example in
the literature where SEIR model has been
used to predict and handle COVID-19 in
various countries [22,31,36, 40-45]. Here
the authors efficiently expressed COVID-
19 mathematically using SEIR modelling.

They have also successfully incorporated
various mitigation factors such as lock-
down, social distancing, vaccination etc,
weather and climatic conditions etc. to
study its spreading nature. It has helped
the policymakers to choose suitable miti-
gation methods to curb COVID-19 so that
our life can be saved. Not only this, it
has helped to distribute vaccine in accord-
ing to need basis. Thus, SEIR model has
been implemented successfully to analyze
and modelling of infectious diseases in the
field of epidemiology.
In the next subsection I have given an es-
timate of SEIR variants for an infectious
disease like COVID-19 in India.

Table 1: SEIR variants following section 3 for estimating COVID-19 outbreak in India

Symbol Description Value Method
β Transmission

Rate
Different for differ-
ent states

Assumption (depends
upon various factors)

ρ Asymptomatic
Transmis-
sion Rate

Different for differ-
ent states

Assumption (depends
upon various factors)

1
ν Incubation

Period
Different for differ-
ent states (≤ 14
days)

Based on results from pre-
vious studies [46]

1
γ Mean Infec-

tion Period
∼ 21 Days Based on results from pre-

vious studies [47]
δ Normal

Death
Rate be-
fore COVID
period

∼ 7.1 per 1000 pop-
ulation per year

Based on census data and
World Bank Open data
[48,49]

α Death Rate
due to
Covid-19

Less than ∼ 345 per
million per day

Based on results from pre-
vious studies [50]

N Total popu-
lation

1.4 Billion in 2020 Based on population data
[51]

λ Susceptible
birth Rate

∼17 per 1000 per
year

Based on census data
[48,49]

4a. SEIR variants for COVID-
19 in India

To estimate the number of infected, recov-
ered and dead people using SEIR model
depicted in Section 3, one has to put the
values of SEIR variants in the program-
ming. The probable values for estimating
COVID-19 situation in India been given

in Table 1. Here we observe that except
β and ρ all other variants depends on the
nature of the infectious disease. As, trans-
mission rate and its corresponding asymp-
tomatic value for an infectious disease also
dependent on various other factors, such
as susceptible age group, social awareness,
climate etc., so they have no fixed value.
They also depend upon time. Mostly, β
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and ρ are estimated purely from assump-
tion so that the number of Infected (I),
“Recovered (R)” and dead people calcu-
lated from SEIR model simulation matches
with the real data obtained from survey.
For more information one can go through
[36,52,53].

5 Future directions and emerg-
ing trends

With time we have progressed a lot in com-
putational physics. This has taught us
handling large amount of data and find-
ing suitable outcomes by analyzing it. At
the same time with the development in e-
governance, large amount of data related
with various infectious diseases is being
uploaded for common people. As infec-
tious disease depends upon various param-
eters which depends upon behavioral na-
ture of the people, they can only be taken
care of using statistical methods. This re-
quires handling large amount of data to
understand behavioral nature. This has
prompted researchers to integrate SEIR
models with machine learning and data-
driven approaches to improve their accu-
racy and robustness. Using machine learn-
ing algorithms to estimate SEIR model pa-
rameters from large datasets is being turn-
ing very common now-a-days. Incorporat-
ing data-driven approaches, such as Google
mobility data, to inform SEIR model pa-
rameters and improve predictions. Real-
time data analytics and big data tech-
nologies offer unprecedented opportunities
for infectious disease modeling. High-
resolution, real-time data from sources
such as social media, mobile phones, and
satellite imagery allow models to become
more dynamic and responsive to changing
out-break conditions. By leveraging these
data streams, future models can improve
the timeliness and accuracy of predictions,
facilitating more effective response strate-
gies. The integration of ML and AI into
infectious disease modeling enhances the
potential of these real-time data sources.

They can analyze complex datasets, iden-
tify patterns, and predict outbreak trends
with high accuracy. They could also help
analyze vast amounts of raw data collected
during outbreaks, further empowering pre-
dictive capabilities and enabling the identi-
fication of mitigation techniques. Combin-
ing real-time data analytics with ML and
AI methods will provide more accurate and
timely insights, ultimately improving pub-
lic health interventions and outcomes.
Moreover, to improve epidemiology better
and realistic way, a proper coordination
among expertise from epidemiology, statis-
tics, biology, policy makers, and social sci-
ences is very much necessary. This in-
terdisciplinary approach can amalgam the
multi-dimensional impacts of outbreaks,
including direct health effects, economic
disruptions, and societal changes. This is
necessity of time.
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