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2Faculté des Sciences et Techniques (FAST), Université d’Abomey-Calavi, 01 BP 4521,
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Full Abstract in English. The COVID-19 pandemic, caused by SARS-CoV-2 and
first identified in Wuhan, China, disrupted human life worldwide. Numerous
modeling studies have aimed to understand its dynamics. This systematic review
analyzes and summarizes deep learning-based techniques used to predict COVID-
19 cases. A research approach is outlined to perform a systematic literature
review, focusing on formulating research questions, defining search criteria, and
extracting relevant data. In total, 102 papers were considered after meeting the
inclusion and exclusion criteria. Regarding scaling methods, two were reported,
with normalization being the most widely used (39.22%). Eight hyperparameter
selection processes were reported, with grid search (6.87%), Bayesian optimization
(2.94%), and manual search (2.94%) being the most commonly applied. Regarding
model validation strategies, split validation (91.2%) was the most commonly used.
For COVID-19 prediction, findings revealed that long short-term memory networks
were the most extensively used (48.31%). Other frequently used models included
hybrid models, gated recurrent units, convolutional neural networks, recurrent
neural networks, compartmental models enhanced with deep learning, multi-layer
perceptrons, and deep neural networks. Regarding what was predicted, confirmed
cases were the most frequently predicted (29.95%), followed by deaths, new
cases, recoveries, epidemiological parameters, active cases, intensive care unit
admissions, and hospitalizations. However, several papers failed to report valuable
and anticipated information derived from deep learning models. Scaling methods
were not reported in 57 articles (55.88%), and hyperparameter selection processes
were only noted in 19.61% of the papers. Additionally, the software used was
reported in only 29.41% of the studies. To ensure the reliability of COVID-19 pre-
dictions, researchers must explicitly document the conditions under which deep
learning models perform optimally and identify biases that could affect predictions.

Résumé. (Abstract in French) La pandémie de COVID-19, causée par le SARS-
CoV-2 et identifiée pour la première fois à Wuhan, en Chine, a bouleversé la
vie humaine dans le monde entier. De nombreuses études de modélisation ont
cherché à comprendre sa dynamique. Cette revue systématique analyse et résume
les techniques basées sur l’apprentissage profond utilisées pour prédire les cas
de COVID-19. Une approche de recherche est décrite pour effectuer une revue
systématique de la littérature, en mettant l’accent sur la formulation de questions
de recherche, la définition de critères de recherche et l’extraction de données perti-
nentes. Au total, 102 articles ont été pris en compte après avoir satisfait aux critères
d’inclusion et d’exclusion. En ce qui concerne les méthodes de mise à l’échelle,
deux ont été signalées, la normalisation étant la plus largement utilisée (39,22%).
Huit processus de sélection d’hyperparamètres ont été rapportés, la recherche par
grille (6,87%), l’optimisation bayésienne (2,94%) et la recherche manuelle (2,94%)
étant les plus couramment appliqués. En ce qui concerne les stratégies de vali-
dation des modèles, la validation par division (91,2%) était la plus couramment
utilisée. Pour la prédiction de la COVID-19, les résultats ont révélé que les réseaux
long short-term memory étaient les plus largement utilisés (48,31%). Parmi les
autres modèles fréquemment utilisés figuraient les modèles hybrides, les unités
récurrentes à portes, les réseaux neuronaux convolutifs, les réseaux neuronaux
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récurrents, les modèles compartimentaux améliorés par l’apprentissage profond,
les perceptrons multicouches et les réseaux neuronaux profonds. En ce qui con-
cerne les prédictions, les cas confirmés étaient les plus fréquemment prédits
(29,95%), suivis des nouveaux cas, des décès, des guérisons, des paramètres
épidémiologiques, des cas actifs, des admissions en soins intensifs et des hos-
pitalisations. Cependant, plusieurs articles n’ont pas rapporté les informations
précieuses et attendues issues des modèles d’apprentissage profond. Les méthodes
de mise à l’échelle n’ont pas été mentionnées dans 57 articles (55,88%), et les pro-
cessus de sélection des hyperparamètres n’ont été mentionnés que dans 19,51%
des articles. De plus, le logiciel utilisé n’a été mentionné que dans 29,41% des
études. Afin de garantir la fiabilité des prévisions relatives à la COVID-19, les
chercheurs doivent documenter de manière explicite les conditions dans lesquelles
les modèles d’apprentissage profond fonctionnent de manière optimale et identifier
les biais susceptibles d’influencer les prévisions.
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Romain GLELE KAKAÏ, Ph.D., is a Full Professor of Biostatistics and Forest Esti-
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1. Introduction

The novel severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) in-
fectious disease, first identified in Wuhan, China, in December 2019, has
spread rapidly worldwide (Raja et al., 2021) with Africa’s first confirmed case re-
ported on February 14, 2020 (Organization, W.H., et al., 2022, Haileamlak, 2021).
It was declared a public health emergency by the World Health Organization
(WHO) on January 20, 2020 (Jee, 2020) and a pandemic on March 11, 2020
(Organization, W.H., et al., 2020). The pandemic has affected all aspects of life,
most notably forcing people from both developing and developed countries to
stay indoors (Reveil and Chen, 2022). In this context, information and commu-
nication technologies play a vital role in connecting communities, supporting
policy implementation, and providing guidance through the analysis of the vast
datasets generated during the COVID-19 pandemic (Arshad, 2021). SARS-CoV-
2 is transmitted through direct contact with infected individuals or via contam-
inated objects and surfaces, similar to its predecessors, Severe Acute Respira-
tory Syndrome (SARS) and Middle East Respiratory Syndrome (Zhang et al., 2020,
Ahmed, 2015). To mitigate the spread of SARS-CoV-2 during the early stages
of the pandemic, non-pharmaceutical interventions (NPIs) such as social dis-
tancing, contact tracing, quarantine, isolation, the use of face masks in pub-
lic, city or nation-wide lockdowns, and travel restrictions were implemented
(Niraula et al., 2022, Perra, 2021). However, SARS-CoV-2 remains a concern de-
spite the implementation of NPIs, with notable socio-economic consequences
worldwide (Cho, 2020, Hevia and Neumeyer, 2020). Pharmaceutical interventions,
including antivirals and vaccines, have been developed. Safe and effective vaccines,
such as those from Pfizer, Moderna, Sputnik V, Sinovac, AstraZeneca, and John-
son & Johnson, were introduced by the end of 2020 (Iwry, 2021). However, novel
SARS-CoV-2 variants have emerged and shown a partial ability to evade the protec-
tion offered by vaccines (Kustin et al., 2021). Even with the availability of vaccines,
SARS-CoV-2 continues to pose significant threats to global public health, with
over 585 million reported cases and 6.4 million reported deaths as of August 2022
(Organization, W.H., et al., 2022). In this chaotic situation, there is a pressing need
for timely evaluation of the disease to ensure the successful coordination and mobi-
lization of medical, human, and pharmaceutical resources (Surya, 2018). Around
the world, researchers have studied the patterns of the COVID-19 pandemic, using
conventional mathematical and statistical modeling techniques to model, predict,
treat, and control the disease (Ngonghala et al., 2020, Taboe et al., 2020). However,
these models have been limited in their accuracy for COVID-19 case predictions
due to data quality issues (Ceylan, 2020, Jewell et al., 2020). Deep learning (DL),
a branch of machine learning (ML) within the field of artificial intelligence (AI), has
gained prominence (Piccialli et al., 2020, Xie et al., 2020). DL methods can be cate-
gorized into supervised, semisupervised, and unsupervised learning. In supervised
learning, models are trained on labeled data that include both inputs and corre-
sponding outputs. In contrast, unsupervised learning involves training on unla-
beled data, often resulting in more complex and less interpretable solutions. Semi-
supervised learning combines both labeled and unlabeled data for training. DL is a
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modern tool that imitates human brain functions to analyze images, sounds, texts,
and various types of data (Xie et al., 2020). It has the ability to identify patterns
and relationships in data, leading to less biased estimates (Piccialli et al., 2020,
Wiens and Shenoy, 2018). DL has been increasingly used in many fields, includ-
ing public health and epidemiology (Gürsoy and Kaya, 2023). Unlike conventional
statistical models, DL can capture complex, non-linear relationships in COVID-
19 data, enabling adaptive learning and higher predictive accuracy in real-world
scenarios. It is widely recognized that DL applications in the COVID-19 pan-
demic have yielded efficient results (Dogan et al., 2021). Summarizing informa-
tion from these studies is of great importance. While previous reviews have ex-
amined ML/AI techniques for the COVID-19 pandemic, most have focused on
COVID-19 diagnosis from X-ray images and CT scans (Subramanian et al., 2022,
Arman et al., 2022, Islam et al., 2021, Sharma and Gupta, 2020). To date, and to
the best of our knowledge, there has been no comprehensive study specifically fo-
cused on case data and DL-based methods to predict COVID-19 cases. Therefore,
this review aims to fill this gap in the literature by conducting a systematic and
critical review of DL-based studies published from January 1, 2020, to October
31, 2024, on COVID-19 prediction. The main objectives of this systematic review
are to: (i) summarize trends in DL modeling techniques used to predict COVID-
19 reproduction ratios, cases, severity, hospitalization, recoveries, and deaths; (ii)
assess the reliability of predictions for COVID-19 cases, severity, hospitalizations,
recoveries, and deaths; and (iii) identify research gaps in DL applications for pre-
dicting COVID-19 cases and propose future research directions. The rest of the
paper is structured as follows: Section 2 provides an overview of DL techniques,
Section 3 details the methodology, the main results are presented in Section 4 and
a short conclusion is offered in Section 5 to finalize the paper.

2. Overview of deep learning techniques

DL is a subfield of ML within the domain of AI. It aims to simulate computer systems
that mimic the human brain. DL relies on algorithms that learn multiple levels of
representation to model complex relationships between data (Deng et al., 2014).

2.1. Deep learning evolution

The first generation of artificial neural networks (ANNs) was limited in terms of com-
putational capabilities and consisted of perceptrons arranged in neural layers. This
was followed by the development of backpropagation, which quantified the error
rate and propagated the error backward through the network (Mathew et al., 2014).
To address the limitations of backpropagation, the restricted Boltzmann ma-
chine (RBM) was introduced, making learning easier. Over time, other networks
were developed, continuing the evolution of DL models (Mathew et al., 2014,
Miikkulainen et al., 2024). The evolution of DL models, alongside traditional mod-
els, and the performance comparison between traditional ML algorithms and DL
algorithms are depicted in Fig. 1 and 2 (Mathew et al., 2014), respectively. As the
amount of data increases, the performance of DL models improves, while the per-
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formance of traditional ML algorithms stabilizes once the training data threshold
is reached.

Fig. 1. Evolution of deep learning models.

Fig. 2. Performance of Deep Learning Models and Traditional Machine Learning.

2.2. Deep learning approaches

2.2.1. Supervised Learning

In a supervised learning framework, the model is trained with labeled data, mean-
ing that both input (xi) and output (yi) are supplied to the network. The input
variables (xi) are mapped to output variables (yi) using an algorithm that learns
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the mapping function f such that:

yi = f(xi). (1)

The training error is used to improve the output.

2.2.2. Unsupervised learning

In an unsupervised learning framework, the model is trained with unlabeled data,
meaning that only the input is supplied to the network, and there is no output to
map. This learning method seeks to understand the data by modeling their under-
lying distribution, which leads to the discovery of interesting structures within the
data (Mathew et al., 2014).

2.2.3. Reinforcement learning

Reinforcement learning (RL) is a type of ML in which an agent learns to make
decisions by performing actions in an environment to maximize cumulative re-
wards and minimize penalties. It was introduced in 2013 with Google DeepMind
(Mnih et al., 2015, Alzubaidi et al., 2021). RL does not explicitly instruct the algo-
rithm on how to learn but instead allows it to explore and solve problems indepen-
dently (Mnih, 2016).

2.2.4. Hybrid learning

Hybrid learning refers to a learning situation in which the model is trained
using both labeled and unlabeled data by combining supervised and unsuper-
vised architectures. This approach is expected to yield significantly better re-
sults for human action recognition, particularly when using action bank features
(Deng et al., 2014).

2.3. Architectures for deep learning

DL architectures have outperformed basic ANNs. While deep structures are ineffi-
cient with respect to training time, this limitation can be addressed using transfer
learning and graphics processing unit computing (Mathew et al., 2014). The fol-
lowing are some relevant DL architectures:

2.3.1. Unsupervised pre-trained networks

In this learning framework, the model is trained unsupervised and then used for
prediction. The following unsupervised pre-training architectures are commonly
used (Erhan et al., 2010):

Autoencoders: In an autoencoder, the first layer is the encoder, and the transpose
of the encoder is the decoder. During training, the input is reconstructed using
an unsupervised method. After training, the model moves to subsequent layers of
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deep networks, fixing the weights of the previous layer. The network then returns
to the original problem to be solved (e.g., classification or regression) and optimizes
the model using stochastic gradient descent (SGD) starting with the weights ob-
tained from pre-training. The encoder and decoder are the main components of an
autoencoder network (Hubens, 2018). The input is translated by the encoder into
a latent space representation, which can be described as follows:

h = f(x). (2)

The decoder reconstructs the input from the latent space representation, which
can be described as follows:

r = g(h). (3)

Autoencoders, as described in equation (4), can be summarized as follows:

g[f(x)] = r. (4)

Deep belief networks (DBNs): DBNs rely on their first layer to learn features, and
the activation of subsequent layers continues until the final layer is reached.
The RBM and feedforward networks are responsible for training and fine-tuning
the layers of DBNs, respectively. Unlike other deep networks, DBNs learn hidden
patterns globally, rather than learning complex patterns progressively through
each layer (Salakhutdinov and Hinton, 2009).

Generative adversarial networks (GANs): Initiated by Ian Goodfellow, GANs consist
of generator and discriminator networks. The discriminator validates the content
generated by the generator. A GAN is regarded as a two-player minimax algorithm
and uses convolutional neural networks (CNNs) and feedforward neural networks
(Goodfellow et al., 2014).

2.3.2. Convolutional neural networks

CNNs are primarily designed for image processing. They assign weights and bi-
ases to different objects in an image, allowing the network to distinguish one class
from another. CNNs apply specific filters to capture the spatial and temporal re-
lationships within an image (Miikkulainen et al., 2024, Le et al., 2015). Common
CNN architectures include ResNet, ZFNet, GoogLeNet, AlexNet, VGGNet, and LeNet,
among others.

2.3.3. Recurrent Neural Networks

Recurrent neural networks (RNNs), which are known for time series pre-
diction, are an improved version of traditional neural networks. RNNs take
the outcome of the previous time step (t-1) as input for the current time
step (t) (Sherstinsky, 2020, Zhao et al., 2019), using their hidden state. RNNs
rely on their ”memory” to store all information about previous computations
(Sherstinsky, 2020, Smyl, 2020), making them useful for time series forecasting.
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However, RNNs suffer from the vanishing gradient problem when learning long-
term dependencies.

Let (x1, x2, · · · , xT ) represent a sequence of inputs, and ϕ be a non-linear mapping
function. The hidden state (ht) can be defined as follows:{

ht = ϕ(ht−1, xt), if t 6= 0
0, if t = 0.

(5)

Updating (ht) at time t can be typically implemented as follows:

ht = g(Wxt + Uht−1), (6)

where g is a smooth and bounded mapping, similar to a hyperbolic tangent (tanh)
function, and W represents the parameter matrix.

Long short-term memory (LSTM) and gated recurrent units (GRU) are two ad-
vanced versions of RNNs designed to address the vanishing gradient problem
associated with RNNs.

LSTM is an effective tool for tackling the vanishing gradient issue associated with
traditional RNNs. It has the ability to add or remove information from the cell state
through three multiplicative gates: the input gate (it), the forget gate (ft), and the
output gate (ot) (Sheikhi and Kowsari, 2023). The LSTM equations are as follows:

ft = σ(wf · [ht−1, xt] + bf )

it = σ(wi · [ht−1, xt] + bi)

c̃t = tanh(wc · [ht−1, xt] + bc)

ct = ft · ct−1 + it · c̃t

ot = σ(wo · [ht−1, xt] + bo)

ht = ot · tanh(ct),

(7)

where σ denotes the sigmoid function.

GRU is an improvement over LSTM with fewer parameters and operations
(Sheikhi and Kowsari, 2023). It uses two gates—the update gate and the reset
gate—rather than three gates, allowing it to overcome the vanishing gradient issue
without the overhead of standard LSTMs (Sheikhi and Kowsari, 2023).

The update gate in a gated combines the functions of the inpute gate and forget
gate from an LSTM, regulating the retention of past information and ensuring
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that important features are preserved without being lost or overwritten. This also
creates shortcuts across time steps to mitigate the vanishing gradient problem
(Sheikhi and Kowsari, 2023).

The mathematics behind GRU is expressed as follows:

rt = σ(wr · xt + Ur · ht−1 + br)

zt = σ(wz · xt + Uz · ht−1 + bz)

h̃t = φh(wh · xt + Uh · (rt � ht−1) + bc)

ht = (1− zt)� ht−1 + zt � h̃t,

(8)

where xt, ht and h̃t are the input vector, output vector, and candidate activation
vector, respectively. zt, rt and � represent the update gate vector, reset gate vector,
and Hadamard product (element-wise multiplication), respectively. Finally, W, U,
and b represent the parameter matrices (for both the input vector and the hidden
state) and the bias vector, respectively.

3. Methodology

This research mainly focuses on the methodology of the Systematic and Critical
Literature Reviews (SCLR). SCLR is a technique used to identify, evaluate, and in-
terpret all existing works related to a particular research question, subject area,
or field of interest (Brereton et al., 2007). Consequently, this review identifies pub-
lished papers that describe the use of DL approaches for predicting COVID-19
cases based on case data.

3.1. Search strategy

COVID-19 outbreak modeling papers were searched from January 1, 2020, to Oc-
tober 31, 2024, using the following keywords: ”machine learning methods,” ”deep
learning methods,” OR ”artificial intelligence methods” combined with terms such
as ”coronavirus disease,” ”COVID-19 disease,” “corona disease,” “SARS virus dis-
ease,” “SARS-CoV-2 disease,” OR “2019-nCoV disease”. The search was conducted
across the following scientific databases: Scopus, Web of Science, and Google
Scholar. For additional relevant studies, the bibliographies of retrieved articles,
as well as those of current reviews and texts, were also examined. This process
identified 1,026 articles, including 302 duplicates. After duplicates were removed,
the screening process was conducted by reviewing the title, abstract, and content
of each paper to ensure relevance to the use of DL for predicting COVID-19 cases
based on case data. Through this screening, 622 papers were excluded, including
422 that addressed topics unrelated to COVID-19 modeling and 200 that focused
on risk factors, socio-economic factors, patient diagnosis models, human behavior

Journal home page: http://www.jafristatap.net. This issue will be closed on
December 31, 2025



F. S. Tinhoun; T. J. Doumate and R. G. Kakaı̈, Afrika Statistika, Vol. 11 (2), 2024, 1577 -
1612. Deep learning-based methods for predicting COVID-19: A critical review. 1587

in response to control measures, or were non-English written studies. The method-
ology used in this review follows the Preferred Reporting Items for Systematic Re-
views and Meta-Analyses (PRISMA) guidelines, as outlined by Gnanvi et al., (2021),
and is summarized in Fig. 3.

3.2. Defining Research Questions

Research questions are essential for structuring systematic reviews. The primary
focus of this review was to investigate the role of DL methods in predicting COVID-
19 cases. Data, being a critical component of any scientific application, were cat-
egorized by type, size, and source. Additionally, we examined the DL techniques,
scaling methods, hyperparameters, validation strategies, and metrics applied in the
selected papers. Finally, we identified the difficulties encountered by researchers
and practitioners. Table 1 reformulates each research question for clarity.

3.3. Literature synthesis and analysis

The literature synthesis was conducted in three parts. The first part focuses on
the characteristics of the selected papers. The second part involves a bibliometric
analysis, which was performed using VOSviewer to analyze keyword co-occurrence
networks (Van Eck and Waltman, 2011). VOSviewer provides various user-friendly
visualizations, primarily for the analysis of bibliometric maps. The third part ad-
dresses the research questions directly. The frequency of each response was de-
termined based on its occurrences, with similar terms combined to simplify the
analysis. Results are presented using tables or bar charts. Additionally, R software
was used for further data analysis via the ’ggplot’ function in the ’ggplot2’ package.

4. RESULTS

4.1. Characteristics of selected articles

Journal-Wise Categorization

In this research process, we aimed to include articles that adhered to the PRISMA
guidelines, without considering the publisher. However, in terms of academic and
applied research publications, all the databases used are well recognized and
relevant. Fig. 4c shows the distribution of selected papers by publisher. Almost
38.24% of the selected papers were published by Elsevier, making it one of the
most prominent platforms for publishing high-quality papers. This was followed by
MDPI (14.71%), Springer (13.73%), PLS (4.90%), Wiley (4.90%), Frontiers Media
SA (2.94%), and others (Taylor & Francis, Royal Society, BMC, IEEE), which made
up 6.86% of the publications. However, 13.73% of the papers had unreported pub-
lisher information.
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Fig. 3. Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow
diagram of the selection process.

Continent-wise and country-wise statistics of data used in selected papers

Fig. 4a and 4b show the distribution of data used across continents and the cov-
erage of countries within each continent. The results show that Asia accounted
for 71.13% of all studies, with India (35 studies) and China (18 studies) being
the countries with the highest number of papers. This was followed by Europa
(44.33%), the Americas (43.30%), Africa (18.56%), and Oceania (2.06%). Regard-
ing country coverage within continents, Africa ranked highest, with studies con-
ducted in 83.33% of its countries (45 out of 54). South Africa and Egypt had
the most studies, with seven each. In the Europa, 31 out of 44 countries were
represented in the selected papers. Additionally, some studies (Anno et al., 2022,
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Miralles-Pechuán et al., 2023, Zain and Alturki, 2021, Guo et al., 2023) focused
on global trends, providing a broader view of the pandemic.
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Fig. 4. Distribution of data used in selected articles across continents (a), country
coverage across continents (b), distribution across publishers (c), and distribution
of deep learning models (d).

4.2. Bibliometric analysis of keywords

Table 2 presents the most frequent keywords that highlight the essential topics
covered in the selected papers, along with their number of occurrences and total
link strength. To improve accuracy, we resolved inconsistencies by consolidating
similar keywords, such as ”LSTM” and ”long short-term memory”. The total link
strength represents the overall strength of the co-occurrence links between a given
keyword and other keywords. The keyword co-occurrence network is depicted in
Fig. 6, which further clarifies the data presented in Table 2. Fig. 5 shows the trend
in the publication years of the selected papers. The analysis reveals an increase in
the use of DL techniques to predict COVID-19 cases from 2020 to 2021, followed
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by a decrease from 2021 to 2024.

Analyzing keywords associated with DL methods to predict COVID-19 cases re-
veals notable trends (Fig. 6). The widespread adoption of DL methods, with 44
occurrences, reinforces a data-driven strategy focused on predicting COVID-19
cases with less bias in disease management. LSTM gained significant prominence
with 33 occurrences, highlighting its crucial role in COVID-19 disease prediction.
Additionally, RNN and GRU were each used 6 times, indicating their usefulness
in COVID-19 prediction. The application of CNN, primarily known for image pro-
cessing, for predicting COVID-19 cases reveals the importance of its 1D version.
Furthermore, the most important 17 keywords are grouped into four clusters by
VOSviewer, as shown in Fig. 6.

Fig. 5. Year-wise distribution of the articles

4.3. What is the reason of using DL in COVID-19 prediction?

According to the authors, several reasons underlie the use of DL models for COVID-
19 prediction. First, DL models are used to forecast the spread of infectious dis-
eases and address the limitations of traditional methods. They have proven to be
highly effective in providing better pattern analysis for both structured and un-
structured data. Moreover, DL methods are used to predict COVID-19 because they
can adapt to the nonlinear patterns in COVID-19 datasets and unrelated func-
tions, potentially achieving state-of-the-art results with temporal data. They are
also highly effective in implementing time series models. These models have out-
performed traditional approaches by using cross-validation and improving perfor-
mance through reduced uncertainty (Chimmula and Zhang, 2020). Additionally,
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Fig. 6. Map of co-occurrence of the most used keywords network

Table 2. Most used keywords from the selected papers.

Keyword Occurrences Total link strength

Covid-19 70 139
Deep Learning 44 102
LSTM 28 73
Forcasting 16 43
Prediction 13 35
Machine learning 16 31
Time series 7 24
RNN 6 21
GRU 6 20
Pandemic 5 15
Data-driven 5 14
Sars-Cov-2 5 14
CNN 4 12
Modeling 4 10
Time series prediction 4 7
Covid-19 pandemic 4 4
Covid-19 prediction 4 4

DL models are used for public health security, supporting economic stability, and
enabling the responsible allocation of medical resources.
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4.4. What are the scaling method used?

In time series data analysis, feature scaling of the input is an important step
that significantly impacts the model’s accuracy (Shahin and Almotairi, 2021,
Al-Jabery et al., 2019). Normalization and standardization are the
two primary methods of feature scaling applied to time series data
(Katris, 2021, Yan et al., 2020).

Scaling features using normalization can be expressed mathematically as follows:

Yn =
O −Omin

Omax −Omin
, (9)

where Yn represents the normalized data, scaled between 0 and 1, for input data
O. Omax and Omin represent the maximum and minimum values of the input O,
respectively.

Scaling features using the standardization technique can be expressed mathe-
matically as follows:

Ys =
O − µ
σ

, (10)

where Ys represents the standardized data for the input data O. µ represents the
mean value of the input O, and σ represents the standard deviation of the input
O.

Table 3 shows the scaling methods used in the reviewed papers. Normalization
was the most commonly used scaling method, employed in 39.22%, of the selected
papers, while 4.90% used feature standardization. The remaining, 55.88% of the
papers did not report their method of feature scaling.

Table 3. Table of feature scaling methods used in DL models.

Feature scaling methods Number of article (%)
Normalization 40 (39.22%)
Standardization 5 (4.90%)
NR 57 (55.88%)

NR = Not Reported.

4.5. What are the hyperparameters optimization tuned method used?

Optimization refers to the process of identifying the best model parameters dur-
ing the training phase. Its goal is to minimize the loss function while maintaining

Journal home page: http://www.jafristatap.net. This issue will be closed on
December 31, 2025



F. S. Tinhoun; T. J. Doumate and R. G. Kakaı̈, Afrika Statistika, Vol. 11 (2), 2024, 1577 -
1612. Deep learning-based methods for predicting COVID-19: A critical review. 1595

the model’s ability to generalize. However, the resulting model accuracy is sensi-
tive to certain hyperparameters (e.g., number of epochs, batch size, and hidden
layers) that are not optimized during training (Houetohossou et al., 2023). Table 4
presents the optimization methods used in the selected papers. Among these, man-
ual hyperparameter optimization becomes increasingly challenging as the search
space expands. Of the assessed papers, 6.87% used the grid search algorithm,
while both manual and Bayesian optimization algorithms were used in 2.94% of
the papers. Particle swarm optimization and random search were used in 1.96% of
the papers, and whale optimization, jellyfish search, and exhaustive search were
used in 0.98%. The remaining 80.39% of the selected papers did not report the
optimization algorithm used.

Table 4. Table of hyperparmeters optimization algorithm used.

Optimization algorithms Number of article (%)
Grid search 7 (6.87%)
manual 3 (2.94%)
bayesian optimization 3 (2.94%)
particle swarm optimization 2(1.96%)
Random search 2 (1.96%)
Whale optimization 1 (0.98%)
Jellyfish search 1 (0.98%)
exhaustive search 1 (0.98%)
NR 82 (80.39%)

NR = Not Reported.

4.6. What Validation Strategies were used?

Fig. 7a presents the validation strategies used in the assessed papers and their
respective proportions. The results reveal that the split validation strategy (91.2%)
is the most extensively used, followed by the cross-validation strategy (8.8%). The
widespread adoption of the split validation method is likely due to the limited avail-
ability of data.

4.7. What are the most frequently applied DL techniques and cases predict in
COVID-19 modeling?

All DL models used in the selected papers were trained within a supervised learning
framework. Table 5 presents the percentage usage, strengths, and limitations of the
top DL techniques used in the assessed papers.
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Fig. 4d displays the DL models used in the assessed papers, which can be cate-
gorized into nine groups. The most frequently used predictive model was LSTM
(48.31%). Other commonly used models included hybrid models (HMs), GRUs,
CNNs, RNNs, compartmental models enhanced with deep learning (CEDL), multi-
layer perceptrons (MLPs), deep neural networks (DNNs), and other models, such
as temporal convolutional networks, temporal fusion transformers, neural hi-
erarchical interpolation for time series, transformer networks, and neural ba-
sis expansion analysis for time series. Recall that a compartmental model is
one in which the population is divided into homogeneous sub-populations, such
as susceptible, infectious, and recovered, representing different health states
(Blackwood and Childs, 2018).

Fig. 7. Validation strategy (a) and COVID-19 case predicted (b).

Regarding prediction, diverse COVID19 cases were predicted and categorized
into nine groups, as shown in Figure 7b. The most predicted case was con-
firmed cases (29.95%), followed by deaths (25.12%), new cases (19.32%), recov-
ered cases (12.08%), epidemiological parameters (6.28%), active cases (1.45%),
intensive care unit (ICU) cases (0.97%), hospitalization (0.97%), and other cases
(3.86%), which include quarantine, peak date, epidemic final size, and suscepti-
ble–exposed–infected–recovered cases.

4.8. What are the type and source of data used?

The outcome of the modeling approach depends on the quality of the data. There-
fore, data are considered a fundamental component in the application of scien-
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tific methods. Researchers generally adopt either open or closed sources as their
primary data approaches (Dogan et al., 2021, Shuja et al., 2021). Closed-source
data are regarded as exclusive to proprietary assets, while open-source data are
associated with higher intrinsic value, transparency, verifiability, and usability
(Xu et al., 2020, Frazer et al., 2020). Fig. 8 shows the distribution of data used in
the selected papers, categorized by source, along with some statistics. Of the data
used, 84.6% come from open sources while 15.4% are from closed sources (Fig.
8a). They were collected from distinct databases (Fig. 8b). The relative contribution
of each source to the overall dataset is as follows: Government, Johns Hopkins
University (JHU) Center for Systems Science and Engineering, World Health Or-
ganization (WHO), Our world in Data (OWD), Center for Disease Control and Pre-
vention (CDC), Humanitarian Data Exchange (HDE), Kaggle and other (Real-world
TSF, covid19india.org website, SNU ARIC) with 28.2%, 24.3%, 15.5%, 8.7%, 8.7%,
3.9%, 2.9%, 2.9% and 4.9%, respectively (Fig. 8b). Table 6 presents various features
related to the use of data. All data used in the selected papers consist of case data,
including new cases, confirmed cases, active cases, recoveries, deaths, quarantine
data, mortality rates, and hospitalization, all within a defined timeframe.

Table 6. Table of sample size, training (rate and size), testing (rate and size), ob-
servation windows size and predictive windows size.
Abbreviations: O.W.: Observation windows; P.W.: Predictive windows

Sample size Training Testing O.W. P.W.
Rate (%) Size Rate (%) Size

Min 62 51 55 10 7 1 1
Max 1073 92 751 49 161 144 200

4.9. What software platforms are used?

The software platforms used to run the DL models are presented in Table 7. As
indicated by the results, 57.85% of the selected articles used Python, 8.82% used
Matlab, 1.96% used R, and 1.96% used other software (such as UMPA and AMOR).
The remaining 29.41% of the models in the selected articles did not report the
software used.

4.10. What are the hyper-parameters used to implement the models?

Table 8 presents relevant information regarding the DL hyperparameters in the
assessed papers, in accordance with (Nabi et al., 2021, Ayoobi et al., 2021). These
hyperparameters include the number of layers, hidden units, epochs, batch size,
learning rate, optimizer, loss function, activation function, window size, kernel
size and number of filters.
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Fig. 8. Data source status and distribution of data.

Table 7. Table of software platforms used in DL models.

Statistical software used Number of articles (%)
Python 59 (57.85%)
Matlab 9 (8.82%)
R 2 (1.96%)
Other 2 (1.96%)
NA 30 (29.41%)

NA = Not Avaible.

Batch size refers to the number of training examples used in one iteration. Its
impact on DL models has been well-established (Usmani et al., 2023). Among the
applied models, 49.44% explicitly reported the batch size used, while 50.56% did
not (Table 8).

Learning is an essential component in any intelligent system, particularly during
the training phase (Igiri et al., 2023). In the DL framework, the learning rate is an
essential hyperparameter that affects how the model’s weights are updated during
training. It is also recognized that a model’s performance is sensitive to learning
rate scheduling (Gonzalez, 2020). When a very large number of training samples
is available, the model may struggle with generalization (Igiri et al., 2023). The
learning rate is a positive value, typically ranging from 0.0 to 1.0, and controls the
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step size at each iteration as the model moves toward minimizing the loss function.
Additionally, it indicates the model’s learning speed from the data. Of the models
assessed, 65.54% reported the learning rate used, while the remaining 34.46%
did not disclose the learning rate used to achieve the reported performance (Table
8).

The loss function is another crucial component of a DL model. It evaluates the
model’s predicted performance by measuring the difference between the predicted
output and the actual target values. During training, the loss function is used to
guide the optimization process by quantifying the error in the model’s predictions.
The efficiency of the optimization process depends on the choice of loss function.
Given its importance in training, it is notable that 58.43% of the models in the
assessed papers did not mention the loss function used, while 41.57% did report
it (Table 8). Among those that mentioned the loss function, mean square error
(MSE), mean absolute error (MAE), root mean square error (RMSE), cross entropy,
relative error (RE) and Huber were used by 71.8%, 10.0%, 6.4%, 5.5%, 3.6% and
2.7% of the models, respectively (Fig. 9c).

Table 8. Table of hyperparameters status.

Hyperparameters Report status Number of models (%)

Batch size Yes 132 (49.44%)
No 135 (50.56%)

Learning rate Yes 175 (65.54%)
No 92 (34.46%)

Loss function Yes 111 (41.57%)
No 156 (58.43%)

Optimizer Yes 165 (65.38%)
No 97 (36.33%)

Activation function Yes 139 (50%)
No 139 (50%)

Number of epoch Yes 165 (61.80%)
No 102 (38.20%)

Number of layers Yes 175 (65.54%)
No 92 (34.46%)

Number of hidden units Yes 157 (58.58%)
No 111 (41.42%)

Window size Yes 115 (43.07%)
No 152 (56.93%)

Kernel size Yes 30 (60%)
No 20 (40%)

Number of filters Yes 28 (56%)
No 22 (44%)
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In the DL framework, an optimizer is an algorithm used during the training
phase to minimize the model’s error or loss function. However, in 36.33% of the
applied models, the optimizers were not reported (Table 8). Among those that were
reported (65.38%), the adaptive moment estimation (Adam) optimizer was the
most extensively used, with 79.41% (Fig. 9a). Additionally, there was low usage
of other optimizers, such as root mean square propagation, SGD, Adamax (a
variant of the Adam algorithm), Bayesian optimization (BO), AdaGrad, and other
optimizers (ADLR and SGDM), with usage rates of 7.65%, 4.71%, 4.71%, 1.18%,
1.18%, and 1.18%, respectively (Fig. 9a).

The activation function is a mathematical function that determines the output
of each neuron in a neural network. It transforms a linear relationship into a
non-linear one, enabling the network to capture complex patterns in real-world
data. Unfortunately, the activation functions used were not reported in 50% of the
applied models (Table 8). Among those that were reported, the rectified linear unit
(Relu) activation function was the most extensively used, with 55.40% (Fig. 9b).
This was followed by the hyperbolic tangent (tanh), sigmoid, linear, and Gaussian
error linear unit (gelu) activation functions, with usage rates of 19.4%, 13.7%,
10.8%, and 0.70%, respectively (Fig. 9b).

An epoch refers to the training situation in which all data samples have been
exposed to the neural network for learning patterns. Once all samples have
been processed, one epoch is considered complete. The performance of DL
models typically correlates positively with an increase in the number of epochs
(Ajayi and Ashi, 2023). The number of epochs used was reported in 61.80% of the
applied models, while 38.20% did not report the number of epochs (Table 8).

In the DL context, a layer is a crucial building block that processes input data and
passes them to subsequent layers, forming the network topology. Each layer often
performs a specific type of transformation on its input data, which enables the
model to learn complex patterns. The performance of DNNs is related to the num-
ber of trainable layers (Basha et al., 2020). In this study, the number of layers was
reported in 65.54% of the applied models, while the remaining 34.46% did not re-
port the number of layers used (Table 8), despite its impact on model performance.

The number of hidden units is defined as the number of neurons in a hidden layer
of a neural network. It is a key component of DL models, performing the neces-
sary computational tasks that allow the network to learn from data and make
predictions. Some previous studies have revealed the sensitivity of DL models’ per-
formance to the number of hidden units (Berglund et al., 2015, Sun et al., 2016).
The number of hidden units was documented in 58.58% of the models used, while
41.42% did not report the number of hidden units (Table 8).

Window size, which significantly impacts the accuracy of DL models, refers to
the number of time steps in a time series to be used as input for the prediction
model (Azlan et al., 2019). In the models used, the window size was not reported
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Fig. 9. List of optimizer used in selected papers (a), list of activation function used
in selected papers (b), list of loss function used in selected papers (c) and list of
evaluation metric used in selected papers (d).

in 56.93% of cases, compared to 43.07% where the window length was reported
(Table 8).

In the context of CNNs, kernel size refers to the dimensions of the fil-
ter used to perform convolutional operations. The kernel size has an
impact on the performance of CNNs, regardless of the architecture
(Agrawal and Mittal, 2020, Chen and Shen, 2017). It was reported in 60% of
the CNNs used in the selected papers, while in 40% of the models, the kernel size
was not reported (Table 8).

In a CNN, filters are fundamental components used to detect patterns in the input
data. During training, filters with smaller dimensions tend to result in less loss
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than those with larger dimensions (Khanday and Ashi, 2020). A total of 56% of the
models used reported the number of filters, while 44% did not specify the number
of filters (Table 8).

4.11. What metrics were used to measure how the model performed?

The evaluation metrics enable scholars to measure and assess the quality
of the work presented in any study, as well as effectively present results
(Langfeldt et al., 2021). Their choice is intrinsically linked to the applied models.
Fig. 9d depicts the most commonly used regression metrics for model assessment
in the selected papers. These metrics include root mean square error (RMSE),
mean absolute percentage error (MAPE), mean absolute error (MAE), coefficient
of determination (R2), mean percentage error (MPE), mean square error (MSE), as
well as recall, accuracy, sensitivity, Fscore, and specificity (used less frequently),
with usage rates of 32.3%, 19.4%, 18.6%, 12.9%, 9.9%, 2.3%, 1.5%, 1.1%, 1.1%
and 0.8% (Fig. 9d). The aforementioned metrics are not necessarily the best
evaluation metrics, but are mentioned to highlight the range of potential metrics
that can be applied in DL-based methods for predicting COVID-19 based on case
data.

RMSE represents the error between the predicted f̂(t) and observed f(t) data and
can be calculated as follows:

RMSE =

√√√√ 1

n

n∑
t=1

(ft − f̂t)2. (11)

R2 represents the square of the correlation between the predicted and observed
data and has values ranging from 0.0 to 1.0. It can be expressed as follows:

R2 = 1−
∑n

i=1(ft − f̂t)2∑n
i=1(f̄t − ft)2

· (12)

MAE is used to assess the model’s accuracy and goodness of fit for the datasets. It
is the average absolute difference between the predicted value f̂(t) and the desired
(correct) value f(t). MAE can be calculated as follows:

MAE =
1

n

n∑
t=1

|ft − f̂t|· (13)

MSE is the average squared difference between the predicted value f̂(t) and the
desired (correct) value f(t). It can be calculated as follows:

MSE =
1

n

n∑
t=1

(ft − f̂t)2. (14)

MAPE is the average percentage difference between the predicted and observed
values, calculated as follows:

MAPE = 100× 1

n

n∑
t=1

|ft − f̂t
ft
|· (15)
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The following evaluation metrics were used less frequently compared to the ones
mentioned above:

Recall =
tp

tp+ fn
(16)

Precision =
tp

tp+ fp
(17)

Accuracy =
tp+ tn

tp+ tn+ fn+ fp
(18)

Fscore = 2× tp× tn
tp+ fp

· (19)

Despite their predictive power, DL models for COVID-19 prediction face challenges,
such as data scarcity, overfitting to short-term trends, and difficulty generalizing
across regions with varying outbreak dynamics. Future research should focus on
exploring transfer learning techniques to address these issues.

4.12. What are the research gaps and future directions?

Predicting COVID-19 cases during a pandemic is critically important and re-
quires the use of advanced tools. This research highlights the significant progress
made by scientists in developing DL algorithms to predict COVID-19 cases based
on case data. However, limitations and gaps in research have hindered the cre-
ation of fully integrated COVID-19 case prediction systems. Firstly, we did not
include articles published in the PubMed, Rxiv, and MedRxiv repositories due
to their lack of peer review. Secondly, only English-written papers were included
in this review. Third, articles were downloaded from Google Scholar, Web of Sci-
ence, and Scopus databases for the review. However, the exclusion of published
studies in non-English written (NEW) resulted in potentiel biais in outcomes re-
lated to systematic review studies (Jackson and Kuriyama, 2019). It is therefore
important to include NEW articles in systematic review to ensure generalization
and less biased outcomes. In spite of that, Walpole, (2019) pointed out that at-
tention may be paid when removing language barrier, as it related to some chal-
lenges like costs, time and expertise of non-English languages. On the other hand,
future studies could explore additional databases including non-peer ones as
there is no significance improvement between preprints and peer-reviewed jour-
nal articles, specifically on COVID-19 trials (Davidson et al., 2024). Additionally,
Yadav and Shukla (2016) emphasized the importance and quality of the cross-
validation strategy for model validation. However, this approach is rarely used
due to the lack of large datasets. Therefore, in line with Saleem et al., (2022),
future research should focus on (a) making datasets available on public plat-
forms, (b) utilizing data augmentation methods, and (c) evaluating the differences
between the two validation strategies. Furthermore, because scaling methods,
model hyperparameters, and hyperparameter optimization techniques affect the
performance of DL models (Shahin and Almotairi, 2021, Al-Jabery et al., 2019,
Hoque and Aljamaan, 2021, Liao et al., 2022), the results of future studies should
specify the conditions under which the research was carried out.
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5. Conclusion

The COVID-19 pandemic has had a profound global impact. This systematic and
critical review examines 102 studies from three databases to address the research
questions. The primary goal of this research is to organize and synthesize relevant
literature, making it more accessible for scholars, practitioners, and academics to
understand the existing methods, applications, and datasets. A key contribution
of this study is the identification of DL methods used for disease prediction, as well
as the scaling methods, hyperparameter optimization processes, validation strate-
gies, and the types of data and datasets utilized. Among the most extensively used
models for combating the pandemic were LSTM, HM, GRU, CNN, RNN, CEDL, MLP,
and DNN. The most frequently used scaling method was normalization, while grid
search, Bayesian optimization, manual search, particle swarm optimization, and
random search were the most commonly used methods for hyperparameter tuning.
The effectiveness of these methods varied widely across studies. The split method
was the most commonly used, with various assessment metrics used, including
RMSE, MAE, MAPE, R2, MSE, accuracy, Fscore, recall, sensitivity, and specificity.
The predictions covered a wide range of outcomes, such as confirmed cases, deaths,
new cases, recoveries, epidemiological parameters, active cases, ICU admissions,
and hospitalizations. Future research should focus on systematically comparing
hyperparameter tuning methods and validation strategies to improve the robust-
ness of DL-based COVID-19 predictions.
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