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Abstract. For decades, epidemiological models have been fundamental
in exploring the dynamics of infectious diseases. They have been primar-
ily used to investigate the infectious nature of diseases and to identify the
controlling parameters. With the advancement of machine learning, data-
driven models have increasingly gained the interest of researchers. In this
regard, several studies have focused on application of data-driven mod-
els in transmission of infectious diseases. However, the effectiveness of
these models relative to the epidemiological models remains largely un-
explored. This study comprehensively evaluates the effectiveness of data-
driven models in comparison to epidemiological models. For this purpose,
a probability based epidemiological model SIPRD, and two data-driven
models Cov-CNN and Cov-LSTM are developed for forecasting Covid-19
infections. For evaluation and comparison, four existing epidemiological
models; SIR, SIRD, SEIR and SEIRD are also considered. The effec-
tiveness of epidemiological and data-driven models is evaluated through
short- and long-term training and forecasting of Covid-19 infections in
Afghanistan, Iran, and Iraq. In the initial stages of infections, epidemio-
logical models are of prime importance in highlighting the important key
controlling parameters. However, in long-term forecasting these models
lack the ability to predict the infections accurately. On the other hand, the
data-driven models, more specifically Cov-LSTM demonstrate superior
performance.
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1. INTRODUCTION

Throughout history, Infectious diseases have significantly impacted the health of hu-
mans across the globe. Historically, human populations have seen a number of epidemics
that have swept through populations, causing significant mortalities and eventually disap-
pearing. Some of these epidemics have resurfaced in different years, exhibiting varying de-
grees of severity and effect on population. Over time, a considerable number of deaths have
been caused by some diseases that have become endemic. From ancient pandemics like the
Black Death to contemporary pandemic like HIV/AIDS and Covid-19, these illnesses have
impacted human history and remain a constant threat to our healthcare systems.

To better understand and effectively minimise the impact and adverse effects of infec-
tious diseases, epidemiologists have been using mathematical models to simulate transmis-
sion of infections within populations. Ronald A. Ross and Anderson Grey McKendrick
were the first ones to introduce the concept of mathematical modelling to epidemiology.
In their models, the total population are classified into multiple compartments with dif-
ferent rates of variations. In the early epidemiological models, the total population was
divided into compartments of susceptible and infections, signifying their importance in the
transmission of a disease. However, later, extended models were developed by introducing
additional compartments and taking into consideration the influence of different factors.
The foremost purpose of epidemiological modelling is to describe the infectious nature of
diseases and to facilitate policymakers in the development of effective methods to contain
the infections. Besides the inherent infectious nature of an infection, its transmission also
depends on number of external factors. Understanding of all these factors and their in-
teraction and relation is necessary for development of a mathematical model for a precise
representation of an infection. Since, the consideration of all such factors would result in
highly expensive computational models and thus not be possible. Therefore, for the sim-
plification of the epidemiological models, underlying assumptions are made, and only the
most important parameters taken into consideration. In epidemiology, the simplest and
fundamental models include Susceptible-Infected (SI), Susceptible-Infected-Susceptible
(SIS), which classify the total population into two and three compartments only. Fol-
lowed by these models are Susceptible-Infected-Recovered (SIR), Susceptible-Infected-
Recovered-Susceptible (SIRS) [29], which signify the importance of the recovery compart-
ment. At present, a number of epidemiological models with emphasis on different compart-
ments have been developed. Examples includes Susceptible-Exposed-Infected-Recovered
(SEIR), Susceptible-Exposed-Infectious-Removed-Vaccinated (SEIRV) and Susceptible-
Exposed-Infected-Quarantined-Recovered (SEIQR) [35].

In November 2019, first case of coronavirus disease (Covid-19) caused by severe acute
respiratory syndrome coronavirus 2 (SARS-Cov-2) was reported in Wuhan, China [38, 23].
In a shorter duration of few months, the infections spread globally, resulting in millions of
mortalities and thus setting off global pandemic [16]. The date of the first verified (index)
case was found to be November 17, 2019 [4]. The Covid-19 outbreak severely damaged
the global economy by forcing many nations to impose partial or complete lockdowns and
border closures [6, 22, 34]. Agriculture, a primary source of income of the people residing
in rural regions of developing countries such as Pakistan, was significantly impacted by
the sudden Covid-19 lockdown [13, 51]. The lockdown intervention policy has adversely
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affected the low-income populations and migratory labour [33, 30, 32]. To mitigate the
effect of the lockdown on low-income populations, the Pakistan government imposed a
smart lockdown targeting only the infections hotspots instead of a complete lockdown.

Epidemiological models have played a pivotal role in analyzing the transmission dy-
namics of infectious diseases. SIR, being the most fundamental epidemiological model,
has been the base of several extended infectious diseases models developed and proposed
by different researchers in the last several decades [24, 49, 58, 7]. These models also in-
clude different models proposed for transmission and forecasting of the most recent highly
infectious disease, Covid-19. Researchers have proposed different epidemiological models
focusing on various aspects of Covid-19 infections. In [10], a modified SEIR model is
introduced to analyze evaluate the influence of the various precautionary measures intro-
duced by the policymakers on the dynamics of the Covid-19 epidemic. In [44] the authors
consider a SEIQR model for the propagation of Covid-19. S. Mazhar et al [36] developed
a probabilistic model with consideration of non-severe and severe infections for the predic-
tion of Covid 19. In [18], the authors present a novel mathematical model designed to tackle
dual diagnostic strategies and the isolation of confirmed cases. An Susceptible-Exposed-
Infected-Hospitalized-Recovered-Pathogen (SEIHRP) model is introduced in [53], which
considers the shedding effect is utilized to explore the transmission dynamics of the Covid-
19 pandemic. In [57], the authors utilize a computational model to investigate the fac-
tors contributing to Covid-19 Associated Pulmonary Aspergillosis (CAPA) in immuno-
competent patients. In [20], the authors present temporal and spatio-temporal Covid-19
epidemic models considering virus mutations and vaccination influences. Besides the mod-
els, researchers have focused on different aspects of the Covid-19 outbreak and developed
number of epidemiological models taking into consideration different evolving parameter
[52, 42, 61, 1, 41, 63]. In the study [21], the author develops a fractional TB mathematical
model using a fractal–fractional differential operator (Mittag–Leffler type) to better cap-
ture the complex dynamics of tuberculosis spread in a population, with special emphasis
on hospital treatment and public health education.

In recent decades, AI-based technologies have significantly enhanced management, par-
ticularly in the healthcare sector. The AI-based algorithms have been of great assistance
in detecting infection through image processing, and thus in developing effective epidemic
management policies. Recently, the importance and application of AI-based systems in the
efficient management of global health emergencies such as Covid-19 have been extensively
explored. New approaches, such as machine learning, deep learning, and fuzzy reasoning,
have been implemented to accurately predict Covid-19 outbreaks. In [28, 12, 50], authors
summarize various AI-based prediction algorithms, focusing on deep learning or machine
learning methods. Xavier et al. [60] used least-squares criteria and a gradient descent
algorithm for nonlinear regression analysis to predict Covid-19 cases. Alassafi et al., [2]
simulated virus transmission across different countries to forecast mortality and confirmed
cases. Sanjita et al. [27] employed artificial neural networks to predict overseas visitors,
while [17] used a hybrid forecasting approach combining neural networks and ARIMA
models to predict daily Covid-19 cases.

Among the different types of machine learning algorithms, the most effective deep learn-
ing techniques, that has been used in many research studies to predict Covid-19 cases is,
Long Short-Term Memory (LSTM) [11, 47, 8]. Sweeti Sah, et al. [46] and Kumar Shui, et
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al. [31] used the LSTM technique to forecast the number of Covid-19 cases in India. By
applying the LSTM method in Bandung, Iksan et al. [26] forecasted the Covid 19 cases
between March 2, 2020, and November 14, 2020. [54] the bi-directional LSTM method
is applied to predict the Covid-19 infection in Indonesia between May 1, 2020, and De-
cember 15, 2021. The time series patterns of Covid-19 between the USA and India are
compared using the LSTM model in[48]. In study [55], the author develops a mathemati-
cal model along with an Artificial Neural Network (ANN) to describe how alcohol use and
addiction spread and evolve within a population. Considering the computational power
and widespread application of deep learning algorithms in image processing, researchers
have extensively explored their use in diagnosing Covid-19. In [56] the authors employed
CNN-based image processing techniques to diagnose Covid-19 in its early stage from ther-
mal image data. The authors in [9] proposed an image processing technique to distinguish
Covid-19 based pneumonia from other variants of pneumonia using CT image data. Simi-
larly, S. Wang et al.,[59] developed an AI-based model for detection of Covid-19 infection
utilizing chest CT scans. In [19], the authors developed a CNN model to identify Covid-19
infections and forecast infections and mortalities with in a population. Similarly, Arora et
al., [5] developed a stacked forecasting model named “Convolutional LSTM” for forecast-
ing Covid-19 infections in India. In the study [37], the author develops a Physics-Informed
Neural Network (PINN) alongside a novel fractional-order model to effectively capture
long-term memory and hereditary effects in neurodegeneration. In [40] Nabi et al. focused
on the comparison of multiple neutral networks i.e., LSTM, GRU, CNN and MCNN, in
forecasting Covid-19 infections.

For several decades, epidemiological models have been pivotal in describing the trans-
mission dynamics of different infectious diseases. The key objective of these models is to
explore the transmission of the infections and to identify effective control parameters. With
recent advancement in machine learning, researchers have been increasingly focusing on
the application of deep learning models in forecasting infection trajectories. Despite the
widespread use of neural networks in different research studies, the effectiveness of these
models in comparison to the foundational epidemiological models remains largely unex-
plored. This study aims to explore the effectiveness of data-driven models in comparison
to conventional epidemiological models for understanding the transmission dynamics of
infectious diseases. To achieve this, we focus on the recent Covid-19 pandemic and de-
velop a probability-based Covid19 epidemiological model named SIPRD and two purely
data-driven models. The effectiveness of these models is evaluated through comparison
with several existing epidemiological models.

The remainder of this article is organized as follows: Section 2 presents a review of
fundamental epidemiological models. Section 3 describes the methodology adopted in this
study. Section 4 presents the results and discussion, while Section 5 provides the conclusion
of the paper.

2. NOTATIONS AND PRELIMINARIES

The following abbreviations and notations are used throughout this study:

• SIR: Susceptible–Infected–Recovered model
• SIRD: Susceptible–Infected–Recovered–Deceased model
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• SEIR: Susceptible–Exposed–Infected–Recovered model
• SEIRD: Susceptible–Exposed–Infected–Recovered–Deceased model
• SIpRD: Susceptible–Infected–Recovered–Deceased model, where Ip represents

the infected population
• CNN: Convolutional Neural Network
• LSTM: Long Short-Term Memory network
• ANN: Artificial Neural Network
• MAE: Mean Absolute Error
• MSE: Mean Squared Error
• MAPE: Mean Absolute Percentage Error
• RMSE: Root Mean Squared Error
• REL: Relative Error Loss

3. REVIEW OF FUNDAMENTAL EPIDEMIOLOGICAL MODELS

During the Covid-19 pandemic, epidemiological models have been vital in predicting
disease spread and assessing intervention effectiveness. Key to these models is the repro-
duction number (R0), indicating potential spread and guiding public health responses, like
social distancing and vaccination strategies. In the following section, we have briefly de-
scribed the most used epidemiological models i.e., SIR, SIRD, SEIR, and SEIRD, with the
aim of their comparison with proposed probability-based and data-driven models. These
are the most used and fundamental and relatively simple models. Most of the advanced
models proposed by different researchers are based on the extension of these models through
incorporation of additional parameters.

3.1. SIR Model. The SIR model is the foundational epidemiological model, introduced in
1927. It is a classical mathematical model of infectious diseases, based on the assumption
of dividing the total population N into three compartments: susceptible (S), Infected (I),
and Recovered (R). and thus, the total population is given by N = S + I + R. Figure 1
illustrates the block diagram of the SIR model, showing the flow of individuals among the
three compartments. The susceptible compartment changes over time due to interactions
between susceptible and infected individuals. Disease transmission occurs at the transmis-
sion rate β. Therefore, the dynamics of the susceptible population are given by:

dS

dt
= −βSI

N
(3. 1)

The infected compartment changes over time as susceptible individuals move into the in-
fected class after exposure to the disease. Furthermore, infected individuals leave this
compartment upon recovery at the recovery rate γ. Hence, the dynamics of the infected
compartment are represented as:

dI

dt
=

βSI

N
− γI (3. 2)

Finally, the recovered compartment increases as infected individuals recover from the dis-
ease and move into the recovered class. The dynamics of the recovered compartment are
given by:

dR

dt
= γI (3. 3)
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FIGURE 1. Block diagram of SIR Model

The basic reproduction number is a vital parameter of any epidemiological model which
represents the expected number of infections that a single infectious host will cause upon
introduction to a population of N susceptible hosts. It is a measure of the infectious nature
of a disease. The basic reproduction number of SIR model is R0 = β

γ . Thus, for an
infection of transmission rate higher than the recovery rate, reproduction number will be
greater than one, indicating endemic.

3.2. SIRD Model. The SIRD model is developed by extending the classical SIR model
through introducing a Death (D) compartment, and thus dividing the total population into
four categories, as illustrated in block diagram in Figure 2. The susceptible compartment
behaves similarly to that in the SIR model. The corresponding equation is given by:

FIGURE 2. Block diagram of SIRD Model

dS

dt
= −βSI

N
(3. 4)

The infected compartment also changes in a manner similar to the SIR model, where sus-
ceptible individuals enter the infected class after disease transmission. However, infected
individuals may leave this compartment either through recovery at the rate γ or through
disease-related death at the rate µ. Therefore, the dynamics of the infected compartment
are represented as:

dI

dt
=

βSI

N
− (γ + µ)I (3. 5)

The recovered compartment is the same as in the SIR model. The corresponding equation
is:

dR

dt
= γI (3. 6)

In addition, the SIRD model includes a death compartment, which represents disease-
related deaths. Individuals enter this compartment from the infected class at the death
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rate µ. The dynamics of the death compartment are given by:

dD

dt
= µI (3. 7)

The basic reproduction number of SIRD model is R0 = β
γ+µ . The basic reproduction

number greater than one shows a higher transmission rate, resulting in an epidemic.

3.3. SEIR Model. The SIR and SIRD models describe disease transmission as a whole
and epidemic development in general. However, at compartmental level, it does not take
into consideration the incubation period. The SEIR model is extension of SIR model
through incorporation of latent population [1]. It is among the most used mathematical
models for studying the dynamics of infectious diseases in fixed population of size N. In
SEIR model, the total population N is divided into four compartments: Susceptible (S),
Exposed (E), Infected (I), and Recovered (R), as illustrated in Figure 3.

FIGURE 3. Block diagram of SEIR Model

The susceptible compartment behaves similarly to the SIR and SIRD models. The dy-
namics of the susceptible compartment are given by:

dS

dt
= −βSI

N
(3. 8)

The exposed compartment represents individuals who have been exposed to the disease
after interacting with infected individuals but are not yet infectious. These individuals
remain in the exposed compartment during the latent period and leave the compartment
after completing this period, becoming infected at the rate of σ. The dynamics of the
exposed compartment are represented as:

dE

dt
=

βSI

N
− σE (3. 9)

The infected compartment increases as exposed individuals complete the latent period and
move into the infected class. Infected individuals leave this compartment through recovery
at the recovery rate γ. Therefore, the dynamics of the infected compartment are given by:

dI

dt
= σE − γI (3. 10)

The recovered compartment behaves similarly to the SIR and SIRD models. The corre-
sponding equation is:

dR

dt
= γI (3. 11)

The basic reproduction number of SIRD model is R0 = β
γ+σ
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3.4. SEIRD Model. The SEIRD model extends the SEIR model by incorporating infection-
induced mortalities through the addition of a Deceased compartment. Thus, SEIRD model
offers a comprehensive framework for evaluating the impact of infectious diseases on pop-
ulation by considering mortality (deceased) and recovery compartments. The model is
particularly appropriate for diseases with higher mortality rates, allowing policymakers to
assess the efficacy of interventions in reducing both morbidity and mortality. The model
classifies a total population of size N, into 5 compartments, i.e., Susceptible (S), Exposed
(E), Infected (I), Recovered (R) and Deceased (D), as shown in Figure 4.

FIGURE 4. Block diagram of SEIRD Model

The susceptible compartment remains the same as in the SIR, SIRD and SEIR model.
The susceptible population decreases due to interactions with infected individuals at the
transmission rate β. The dynamics are given by:

dS

dt
= −βSI

N
(3. 12)

The Exposed compartment remains the same as in the SEIR model. The only difference is
that the individual leaves the compartment either by becoming infectious at the rate σ or
through disease-induced death at the rate µ. Therefore, the exposed compartment dynamics
are:

dE

dt
=

βSI

N
− (σ + µ)E (3. 13)

The infected compartment receives individuals from the exposed class once they complete
the latent period. In addition to recovery at the rate of γ, infected individuals may also die
due to the disease at rate µ. Hence, the infected compartment is described by:

dI

dt
= σE − (γ + µ)I (3. 14)

The recovered compartment remains the same as in previous models, where infected indi-
viduals recover at rate γ and move into the recovered class:

dR

dt
= γI (3. 15)

Finally, the death compartment accounts for disease-induced mortality. Individuals enter
this compartment from both the exposed and infected classes due to disease-related death
at rate µ. The dynamics are given by:

dD

dt
= µE + µI (3. 16)
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The Basic reproduction number for the SEIRD model is R0 = βσ
(σ+µ)(γ+µ) .

4. METHODOLOGY

In this study, a broad comparison is performed between classical epidemiological mod-
els and artificial neural network (ANN) models. On one side, the basic epidemiological
models, namely SIR model, SIRD model, SEIR model, SEIRD model, and a novel pro-
posed epidemiological model, the SIpRD model, are considered. On the other side, the
widely used ANN models, belonging to the class of deep learning architectures, namely
Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM), are em-
ployed. The performance of the epidemiological models is then compared with that of the
ANN-based models. The rationale behind this comparison is that epidemiological mod-
els describe disease transmission dynamics and provide insight into the progression of an
outbreak. These models can estimate important epidemiological quantities, such as the re-
production number, and help determine whether a disease is likely to become epidemic or
endemic. In contrast, ANN models are primarily data-driven approaches that learn patterns
directly from historical data and are capable of capturing complex nonlinear relationships
without relying on epidemiological assumptions. However, they generally require large
amounts of data for effective training. Therefore, this comparison helps in understand-
ing whether ANN-based models can provide improved short-term forecasting performance
compared to deterministic epidemiological models. For the analysis, each epidemiolog-
ical model was calibrated using reported epidemic data to perform short-term fitting and
prediction. Similarly, the CNN and LSTM models were trained on the same datasets for
forecasting purposes. The predictive performances of all models were then compared using
appropriate error measures and statistical indicators.

4.1. Dataset Description. The dataset used in this study consists of the reported infected
cases obtained from the World Health Organization for three countries: Afghanistan, Iran,
and Iraq. The data include daily confirmed COVID-19 cases recorded from 1 March 2020
to 29 January 2022. Prior to model implementation, the datasets were pre-processed to re-
move inconsistencies and prepare the data for model fitting and validation. The processed
data were then used for calibration, training, and performance evaluation of both the epi-
demiological and deep learning models. All epidemiological as well as ANN-based models
were trained using 80 percent of the data, while the remaining 20 percent of the data were
reserved for validation and prediction performance assessment.

4.2. Proposed Probability-Based SIpRD Epidemiological Model. Most of the epidemi-
ological models effectively describe the transmission dynamics of infections and are useful
in identification of controlling parameters in the infectious diseases. However, these models
lack the capability to accurately forecast infection trends over time. This limitation hinders
their effectiveness in predicting future outbreaks and understanding the potential trajectory
of disease spread, which is critical for public health planning and intervention strategies.
For this purpose, a novel epidemiological model named SIpRD that uses probability-
based factors to describe the transmission of infections among different compartments, is
proposed. The SIpRD model consists of four compartments i.e., Susceptible (S)-Infected
(I)-Recovered (R)-Death(D), as shown in the block diagram in Figure 5. The mortalities in
susceptible and recovered compartments are denoted by a parameter b. The mortality due
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to infections is assumed to occur within the infected compartment only, denoted by µ. For
simplification purposes, the natural death and fertility rate are assumed equal, and both are
denoted by b. Thus, the total population remains constant and is denoted by N, and at any
instant of time t, it is equivalent to the sum of populations in all compartments. The flow
of the populations among different compartments is depicted in Figure 5.

FIGURE 5. Block diagram of SIpRD Model

The transmission of Covid-19 infections depends on exposure of a susceptible individ-
ual to an infected individual. Let p be the probability of a susceptible individuals getting
infectious upon their contact with an infected person. Similarly, q denotes the probabil-
ity of the susceptible individual remaining susceptible despite its exposure to infection.
Thus, the probability that to become an infectious individual is SpI

pI+qS and similarly the
probability of the individual to remains susceptible is qS

pI+qS . If β is the transmission rate,
the rate at which susceptible individuals become infected and transition into the infected
compartments is determined by the incidence function βSpI

pI+qS . Based on the assumptions,
the following model is constituted: The susceptible compartment changes over time due to
the incidence function describing disease transmission. In addition, individuals enter the
population through recruitment at rate b, while natural death also occurs in the population
at rate b. Therefore, the dynamics of the susceptible compartment are given by:

dS

dt
= bN − βSpI

pI + qS
− bS (4. 17)

The infected compartment receives individuals from the susceptible compartment through
the incidence term. Infected individuals leave the compartment either by recovery at rate γ
or by ,disease-induced death at rate µ. Hence, the infected dynamics are:

dI

dt
=

βSpI

pI + qS
− (γ + µ)I (4. 18)

The recovered compartment consists of individuals who recover from the infected compart-
ment at rate γ. In addition, natural death also affects this compartment at rate b. Therefore,
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the recovered compartment is given by:

dR

dt
= γI − bR (4. 19)

The death compartment changes over time by accounting for disease-related mortality oc-
curring in the infected compartment. Specifically, individuals who die due to the infection
are transferred from the infected compartment to the death compartment at the rate µ.
Therefore, the dynamics of the death compartment are given by:

dD

dt
= µI (4. 20)

Equation ( 4. 17 )-( 4. 20 ) consists of system of first order differential equations which
represents the time rate of change of population in susceptible, infected, Recovered and
Death compartments. To compute the basic reproduction number, the Next Generation
Matrix approach is used. For this purpose, the infected compartment is set to zero, which
leads to the disease-free equilibrium point of the model. At this equilibrium, the susceptible
population is given by S∗ = N . The infected compartment of the model is given by the
following equation:

dI

dt
=

βSpI

pI + qS
− (γ + µ)I (4. 21)

At the disease-free equilibrium point, where S∗ = N , the equation reduces to:

dI

dt
=

βpI

q
− (γ + µ)I (4. 22)

The new infection term be F = βp
q I and the transition term be V = (γ + µ)I . So,

the basic reproduction number R0 is calculated as the dominant eigenvalue of the matrix
FV −1. Hence, the basic reproduction number is given by the following:R0 = βp

q(γ+µ) . The
system of first order differential equations needs to be numerically solved to determine the
population in each compartment of the model at each instant of time. In this study, fourth
order Runge-Kutta method is used to solve the differential equations. The initial population
(value) in each compartment is obtained from the historically Covid-19 data. Besides the
initial values, the model also requires the initial values of the unknown parameter i.e.,
β, q, γ, µ, p. For this purpose, initial guess of the unknown parameters is also provided
and are iteratively updated to determine the optimum values through minimization of the
objective function. The optimum values of the parameters are used for Covid-19 forecasts.
An in-house MATLAB based on the Runge-Kutta method is developed to perform the
fitting and forecasting of the Covid-19 infections.

4.3. Data-driven Covid-19 Models. For decades, epidemiological models have been of
great assistance to policy makers in public health and their importance cannot be denied.
However, recent years have witnessed a surge in interest among researchers towards data-
driven models, particularly in the realm of infectious diseases. In this section, we have
formulated two distinct data-driven models, named Cov-CNN and Cov-LSTM, particu-
larly designed for prediction of Covid-19 infections. The former model is based on Con-
volutional Neural Network (CNN) architecture to assess its efficacy in capturing the trans-
mission dynamics of the infections. The later one is based on Long Short-Term Memory
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(LSTM) neural network architecture to explore its effectiveness in modeling the dynamics 
of infections.

4.3.1. Cov-CNN. Convolutional Neural Network (CNN) is a class of deep learning algo-
rithms, initially introduced in 1980 by LeCun [53], and primarily used for analyzing visual 
data. Nowadays, the CNN based neural networks are commonly used in the problems of 
classification through object detection and image p r ocessing. It is widely used in different 
fields o  f science and technology. Despite being a  powerul tool in c lassification and object 
detection, CNN based models have also been employed in forecasting of time series data 
due to their robust feature extraction capabilities, examples include forecasting stock prices, 
air quality, and energy load [54-56, 62]. In the current study, a CNN based 
algorithm named Cov-CNN is developed with the aim of its application in forecasting of 
Covid-19 infections trajectory within a population. The Cov-CNN architecture 
comprises of Con-volutional, pooling and finally a fully connected layer. The 
convolutional layer identifies patterns in sequential data through filters and the pooling 
layer down-samples and combines data to reduce dimensionality while preserving 
essential the features. The fully connected layer captures complex patterns and 
relationships within the extracted features, facilitating the model’s comprehensive 
understanding and prediction capabilities. The general archi-tecture of Cov-CNN is 
illustrated in Figure 6.

FIGURE 6. Schematic illustration of Cov-CNN Architecture

The Cov-CNN model architecture begins with a 1D convolutional layer with 64 kernels
of size 3, designed to identify patterns in daily infection cases. The model uses ReLU
activation for non-linearity. The convolutional layer is followed by a pooling layer with
the purpose of the reducing the size and thus the computational cost of the model. In Cov-
CNN, the down-sampling is performed through a 1D max-pooling layer with a pool size
of 2. The input is divided into one-dimensional pooling region, and the maximum of each
region is computed. The pooling layer is followed by a fully connected dense layer and thus
its acts as bridge between the convolutional and fully connected layer. The convolutional
layer consists of 50 neurons, and it uses ReLU activation function. The ReLU function
enables the neural network to learn complex patterns and variation in the data through the
introduction of non-linearity. The flattened output from the previous is received as input by
the fully connected dense layer.
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4.3.2. Cov-LSTM. Long Short-Term Memory (LSTM) is an extension of Recurrent Neu-
ral Network (RNN) primarily designed to overcome the shortcomings of the conventional 
RNN. It was first presented in 1997 by [25]. The primary limitation of RNN is its inability 
to store information for longer duration, when it might be required in forecast of an out-
put. Thus, the conventional RNN is incapable of handling long-term dependencies in data. 
The LSTM neural network was designed to effectively overcome the vanishing gradient 
limitation of the RNN. The LSTM neural networks have been found to be very effective 
in time-series forecasting and have been extensively used in different fields of science and 
technology. In the current study, a Cov-LSTM i.e., an LSTM based architecture is de-
veloped to evaluate its effectiveness in time short and long-term forecasting of Covid-19 
infections. Figure 7 illustrates the single LSTM cell with three gates to regulate the flow of 
information i.e., the forget, input and output gates. Detailed explanations of the three gates 
are provided as follows:

FIGURE 7. LSTM single cell

The forget gate determines which information to discard by using the input xt and pre-
vious hidden state h(t− 1) with a sigmoid function to produce the forget gate

ft = σ (Wf [ht−1, xt] + bf ) (4. 23)

The input gate decides which information to store, processing xt and h(t−1) through a
sigmoid function and a tanh function to create a vector c̃t, given as

it = σ (Wi [ht−1, xt] + bi) (4. 24)

c̃t = tanh (Wc [ht−1, xt] + bc) (4. 25)

The cell state is then updated:
ct = ft ct−1 + it c̃t (4. 26)

The output gate determines the output information using xt and h(t−1) with another sig-
moid function. The output gate activation values are determined as

ot = σ (Wo [ht−1, xt] + bo) (4. 27)

The output gate regulates and controls the flow of information from the current cell state.
Point-by-point multiplication is performed on the two outputs to compute ht at time t, given
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as
ht = ot tanh(ct) (4. 28)

The architecture of Cov-LSTM model consists of a number of layers to detect long-term
dependencies in sequential data. The initial Cov-LSTM layer has 100 units with a sigmoid
activation function, followed by other layers of 75- and 50-units using tanh and ReLU
activations, respectively. The final output of the model is computed by a dense layer single
unit. The schematic illustration of the Cov-LSTM architecture is shown in Figure 8. The
model uses the Adam optimiser based on the stochastic gradient descent method and mean
squared error loss function, and it is trained for 300 epochs, ensuring effective parameter
updates and accurate evaluation. The detailed features of the Cov-CNN and Cov-LSTM
are given in Table 1.

FIGURE 8. Schematic illustration of Cov-LSTM Architecture

TABLE 1. Model configuration of Cov-LSTM and Cov-CNN

Parameter Cov-LSTM Cov-CNN
Optimization method Adam (stochastic gradient descent) Adam (stochastic gradient descent)
Nonlinear Activation Sigmoid, Tanh, ReLU ReLU
Kernel 3
Hidden Units 100, 75, 50, 50 50
Hidden Layers 4 1
Number of Epochs 300 300
Convolutional Filters 64

4.4. Data Processing and Models Training. In the development of data-driven models
such as Cov-CNN and Cov-LSTM, the initial step is data collection from a database and its
preprocessing. The construction and monitoring of the WHO Covid-19 database consists
of a complex data flow process from multiple sources. In this study, Covid-19 is data
is collected from Our World in Data [14], a database coordinated with WHO Covid-19
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surveillance database [14, 15, 3]. The acquired data is normalized to a standard range and 
is divided into two sets, i.e., training and testing datasets. The training dataset is used 
for training the Cov-LSTM and Cov-CNN models, while the testing dataset is used for 
validation testing purposes. The trained model can then be used for prediction of Covid-19 
infections. The stepwise training process is illustrated in Figure 9.

FIGURE 9. Data processing and training flowchart of data-driven model

Following the training, the performance of Cov-CNN and Cov-LSTM in terms of their
ability to forecast the infections are assessed through comparison with the actual Covid-19
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infections. For this purpose, four different evaluation metrics i.e., Mean Absolute Error
(MAE), Mean Square Error (MSE), Mean Absolute Percentage Error (MAPE), Root Mean
Square Error (RMSE), and Relative Error (REL), are employed to evaluate the accuracy of
the model’s forecast.

MAPE =
1

n

n∑
i=1

∣∣yih − yip
∣∣

yih
× 100% (4. 29)

MAE =
1

n

n∑
i=1

∣∣yih − yip
∣∣ (4. 30)

RMSE =

√√√√ 1

n

n∑
i=1

(
yih − yip

)2
(4. 31)

REL =

n∑
i=1

(
yih − yip

)2(
yih

)2 (4. 32)

where historical Covid-19 data is denoted by yih and forecasted Covid-19 infections are
denoted by yip. The total number of data points are denoted by n. The purpose of using
multiple evaluation matrices is to provide a more detailed understanding of the strength and
weakness of each of the two data-driven models. Each evaluation matrix provides insights
into different aspects of the model such as precision, sensitivity, and accuracy. MAPE
computes the mean percentage difference between the historical value and the forecasted
value of the infection. Due to its error computation in terms of percentage, therefore, it is
quick to understand and interpret and is independent of the scale. MAE provides the mean
absolute difference between the historical value and the forecasted value of the infection. It
provides errors in the unit of the input data. RMSE provides the square root of the mean of
square difference between the historical value and the forecasted value of the infection. It
focuses on the error aspect of the model and is more appropriate for optimization algorithm
with undesirable large errors. The final evaluation matric REL simply provides an average
squared difference between the historical value and the forecasted value of the infection.

5. RESULTS AND DISCUSSIONS

For the analysis of epidemiological and data-driven models, Covid-19 data of three
Asian countries, i.e., Afghanistan, Iran, and Iraq, is acquired from [59]. To evaluate the
effectiveness of the data-driven models, a comparison of data fitting and prediction is con-
ducted in two stages, i.e., short- and long-term. The purpose of the short-term data fitting
and prediction is to identify the most effectives models that can be further analysed in the
long-term prediction.

5.1. Short-term models analysis. For evaluation of epidemiological and data-driven mod-
els in short-term data analysis, Covid-19 data of 600 days, i.e., March 01, 2020, till October
22, 2021, is used for fitting and training purposes. The subsequent 100 days Covid-19 data,
i.e., October 23, 2021, till January 29, 2022, is used for forecasting purposes, as given in
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Table 2. The fitting accuracy of the models significantly varies across different epidemi-
ological models. In this study, we have evaluated the basic models, SIR and SIRD, inter-
mediate models, SEIR and SEIRD, and advanced models SIpRD and data-driven models,
Cov-CNN and Cov-LSTM, as discussed in the following sections.

TABLE 2. short-term training and forecasting daily data

Data set Days Date
Training 600 01/03/2020 – 22/10/2021
Forecasting 100 23/10/2021 – 29/01/2022

The SIR and SIRD models are fundamental in understanding transmission dynamics of
infections; however, demonstrates poor fit to the Covid-19 infection data across all three
countries. These models are basic and simple as they do not consider the latent period and
detailed recovery, death, and re-infections, which likely contributes to their poor perfor-
mance. Figure 10(a), 11(a) and 12(a) shows short-term fitting of the SIR and SIRD models
across three different countries i.e., Afghanistan, Iran and Iraq, respectively. These models
oversimplify the disease dynamics and thus do not perform well in fitting and forecasting.
The SEIR and SEIRD models, which introduce an exposed compartment into the model,
prior to infections of individuals, are relatively better in fitting to the actual infections in
comparison to the basic models. The introduction of the exposed compartment allows these
models (SEIR and SEIRD) to account for incubation period of the infection, which adds to
the better fitting performance of the models. The improved fitting of the SEIR and SERID
models across all three countries, as shown in Figure 10(b), 11(b) and 12(b), highlights the
importance of the latent period of infections.

FIGURE 10. Performance comparison of epidemiological and data-
driven models fitted to Afghanistan’s COVID-19 short-term dataset over
600 days.

Although the intermediate models such as SEIR and SEIRD performs well than the fun-
damental models, they still lack the dynamics of infections in detail. In this regard, our
proposed SIPRD demonstrates improved performance over the traditional epidemiologi-
cal models (SIR, SIRD, SEIRD and SEIRD). The proposed model incorporates additional
parameters to better capture the dynamics of disease transmission and progression, result-
ing in a more accurate fit to the actual infection data of three countries, as shown in Figure
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10(c), 11(c) and 12(c). The data-driven models, i.e., Cov-CNN and Cov-LSTM outper-
formed all the considered epidemiological models in terms of fitting to the Covid-19 in-
fection data. These models capture complex dynamic behavior and learn the patterns in
the data that are not accurately captured by the epidemiological models. Among the data-
driven models the Cov-LSTM model is superior in terms of fitting to the Covid-19 data in
comparison to the Cov-CNN, across all three countries, as illustrated in Figure 10(c), 11(c)
and 12(c).

FIGURE 11. Performance comparison of epidemiological and data-
driven models fitted to Iran’s COVID-19 short-term dataset over 600
days.

FIGURE 12. Performance comparison of epidemiological and data-
driven models fitted to Iraq’s COVID-19 short-term dataset over 600
days.

Short-term fitting of the models shows that the Epidemiological models such as SIR,
SIRD, SEIR and SERID do not fit well to the actual Covid-19 data, and thus they are
not advanced enough to forecast the trend of the infections accurately. Since the pro-
posed SIPRD, Cov-CNN and Cov-LSTM perform well in terms of fitting, thus we have
only considered these models to analyze the effectiveness of these models in forecasting
the infections. Figure 14 shows forecasted trajectories of Covid-19 infections computed
through SIPRD, Cov-CNN, and Cov-LSTM. The results show that the epidemiological
model SIpRD forecasts the general trend of the infection transmission, providing a broad
understanding of how the infection spreads and peaks. The data-driven models Cov-CNN
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and Cov-LSTM significantly outperform the SIpRD model in terms of forecasting accu-
racy. Among the two data-driven models, the Cov-LSTM has superior forecasting accuracy
to the counter Cov-CNN model. The difference in the forecasting accuracy of the Cov-CNN
and Cov-LSTM is clearer in Figure 13. These results show that data-driven approaches are
a promising tool for real-time infections forecasting.

FIGURE 13. Short-term (100-day) forecasting of infected cases.

5.2. Long-Term models analysis. Following the short-term fitting and forecasting anal-
ysis, we intended to evaluate the effectiveness of the SIPRDdata-driven models in long-
term analysis. For this purpose, we have conducted the data fitting and training of the
selected models for 944 days with a subsequent forecasting of infections for 405 days. The
details of training data and forecasting data are provided in Table 3.

TABLE 3. Daily training and validation data long-term

Data set Days Date
Training 944 01/03/2020 – 30/09/2022
Forecasting 405 01/10/2022 – 09/11/2023

In the long-term performance evaluation, the proposed SIpRD model shows limitation
in terms of fitting accurately to the historical Covid-19 infection data of three countries. The
epidemiological model SIpRD shows the global trend of the Covid-19 infections; how-
ever, it does not represent the local variation in the infections, as shown in Figure 14. The
results highlight the limitation of the epidemiological models in representing the dynamics
of infectious diseases over an extended period. The presumptions made in epidemiological
models limit their ability to take into consideration the evolving factors and their influence
on disease transmission for an extended period. In contrast to the epidemiological model,
the data-driven models perform very well and fit accurately to the Covid-19 data of all the
three countries, as shown in Figure 14. The data-driven models capture the variation in the
disease dynamics with significant accuracy. This highlights the strength of the data-driven
models over epidemiological models.

To evaluate the effectiveness of the epidemiological model, i.e., SIPRD and data-
driven models, Cov-CNN and Cov-LSTM, in long-term forecasting, a 405-day forecast
was conducted and plotted against the actual infection data of Afghanistan, Iran, and Iraq.
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FIGURE 14. Fitting of SIPRD, Cov-LSTM, and Cov-CNN of 944 days

The SIPRD model, while able to show the general transmission trend, lacks accuracy
and reliability in long-term forecasting, as shown in Figure 15. The inherent limitation in
the epidemiological models is due to the underlying assumptions and the static optimised
parameters. The Cov-CNN and Cov-LSTM model demonstrations significantly improved
performance in long-term forecasting of Covid-19 infections across all three countries, as
shown in Figure 15. Among the two data-driven models, the Cov-LSTM model exhibits su-
perior forecasting accuracy due to its capability of retaining long-term dependencies, which
allows it to adapt to variation in infections. Cov-CNN also forecasts the transmission of
infections with acceptable accuracy.

FIGURE 15. Long-term prediction of models

5.3. Training Behavior and Error Metrics. For the training and validation of the Cov-
CNN and Cov-LSTM, total data is divided into training and validation dataset. Where
the training dataset consists of 80 percent of the total infections data and the remaining
20 percent is used for validation purposes. For training of Cov-CNN and Cov-LSTM 300
epochs are used. The training and validation losses of the Cov-CNN are shown in Figure 16,
which illustrates the training and validation loss of the Cov-CNN model for Afghanistan,
Iran, and Iraq over 300 epochs. In all three countries, the training loss shows a steady
decreasing trend, indicating effective learning of the underlying data patterns. Similarly,
the validation loss decreases alongside the training loss and gradually stabilises, suggesting
consistent convergence of the model. The close alignment between training and validation
loss curves indicates good generalisation performance and minimal overfitting. Overall, the
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Cov-CNN model demonstrates stable learning behaviour and strong predictive capability
across all three datasets, confirming its robustness for modelling Covid-19 dynamics in
different regional contexts.

FIGURE 16. Long-term prediction of models

Furthermore, the training and validation loss of the Cov-LSTM model is shown in Figure
17 for Afghanistan, Iran, and Iraq over 300 epochs exhibit a similar parallel behaviour in
all three countries. This indicates that the model effectively learns the underlying data pat-
terns while maintaining stable generalisation performance. The close alignment between
training and validation loss curves suggests consistent convergence and minimal overfit-
ting. Overall, the Cov-LSTM model demonstrates improved and more stable performance
compared to the Cov-CNN model, yielding better predictive results across all datasets.

FIGURE 17. Long-term prediction of models

To further evaluate the performance of both ANN-based models, Cov-CNN and Cov-
LSTM, a comparative analysis of error metrics has been presented using bar plots in Figure
18. The figure illustrates the performance comparison in terms of MAE, MAPE, RMSE,
and REL for Afghanistan, Iran, and Iraq. In the visualisation, the yellow bars represent
the Cov-CNN model, while the pink bars correspond to the Cov-LSTM model. The re-
sults indicate that both models achieve promising predictive performance across all three
countries. However, the Cov-LSTM model consistently outperforms the Cov-CNN model
in terms of lower error values, as also confirmed in the corresponding results in Table 4.
This demonstrates the superior accuracy and robustness of the Cov-LSTM approach for
modelling and forecasting Covid-19 dynamics.
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TABLE 4. Evaluation metrics values for Cov-LSTM and Cov-CNN

Country Models MAE MAPE RMSE REL
Afghanistan Cov-LSTM 82.19763 0.0386% 132.88517 0.0001581

Cov-CNN 817.2139 0.3813% 826.6836248 0.006052709
Iran Cov-LSTM 808.7599 0.0107% 1020.4604 0.0000073513

Cov-CNN 51900 0.683% 51800 0.0188
Iraq Cov-LSTM 2046.176 0.083% 2045.2473 0.00027815

Cov-CNN 18662.17 0.757% 18639.95175 0.0231

FIGURE 18. Comparative visualization of Cov-LSTM and Cov-CNN
model performance across Afghanistan, Iran, and Iraq using MAE,
MAPE, RMSE, and REL error metrics

6. CONCLUSIONS AND FUTURE WORK

For decades, epidemiological models have been extensively used for modeling the in-
fectious diseases and their dynamics, thus facilitating the policymakers in the mitigation
of infections. In recent years, a significant increase has been seen in the application of
data-driven models for forecasting infections. In this study, we have evaluated the effec-
tiveness of data-driven models in forecasting infections in comparison to the conventional
epidemiological models. For this purpose, we have used the Covid-19 infections data of
Afghanistan, Iran, and Iraq. Based on the comparison of short-term and long-term fitting
and forecasting of Covid-19, the following conclusions are drawn:

i. The basic epidemiological models such as SIR and SIRD, although foundational in
understanding the disease dynamics, demonstrates poor fitting performance, and thus lacks
the ability to forecast infections. The intermediate models SEIR and SEIRD show improved
performance in terms of fitting, highlighting the importance of the latent period. However,
it fails to forecast the Covid-19 infections.

ii. The proposed SIPRD model demonstrates improvement over the SIR, SIRD, SEIR
and SEIRD models in terms of fitting and forecasting. The SIPRD model exhibits the
ability to forecast the trend of Covid-19 infections for a short time i.e., up to 100 days.
However, it lacks accuracy in forecasting for over extended periods.
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iii. The data-driven models, i.e., Cov-CNN and Cov-LSTM, exhibit excellent perfor-
mance in terms of short- and long-term forecasting of infections. Both the data-driven 
models outperform the epidemiological models in terms of forecasting.

iv. Among the two data-driven models, the Cov-LSTM outperforms the Cov-CNN in 
accurately forecasting the Covid-19 infections. This is attributed to its ability to retain long-
term dependencies and thus capturing the effect of evolving factors in infection dynamics 
over an extended period.

v. Epidemiological models can play a significant role in initial stages of infections to 
identify important control parameters and thus help policymakers. The data-driven models 
depend on a significant amount of infections data and thus are not as useful in the initial 
stages of the infectious disease due to the unavailability of data.

Overall, the proposed study presents a comprehensive comparison between classical 
epidemiological models and ANN-based models. Classical epidemiological models are 
useful for providing early-stage insights into disease dynamics; however, they generally 
struggle to capture long-term fitting a nd f orecasting b ehaviour. A lthough m ore detailed 
epidemiological formulations can improve performance by incorporating additional infor-
mation, they require large and often unavailable datasets. In contrast, ANN-based models 
demonstrate strong performance in both short-term and long-term prediction tasks, making 
them more effective for epidemic forecasting. For future work, an agent-based modelling 
framework will be developed to capture individual-level interactions, including mobility 
and vaccination effects. Furthermore, sensitivity analysis can be effectively applied to 
agent-based models to quantify the influence of key parameters on epidemic dynamics and 
to identify the most critical factors driving disease transmission. In addition, large language 
models (LLMs) will be integrated to enhance interpretation and support decision-making. 
A comparative analysis between agent-based models with mobility and vaccination com-
ponents and LLM-enhanced approaches will be conducted to evaluate their effectiveness 
in epidemic modelling and forecasting.
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