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Artificial Intelligence and infectious diseases prediction have re-

cently experienced a common development and advancement. Machine learn-
ing apparition, along with deep learning emergence, extended many approaches
against diseases apparition and their spread. And despite their outstanding re-
sults in predicting infectious diseases, conflicts appeared regarding the types
of data used and how they can be studied, analyzed, and exploited using vari-
ous emerging methods. This has led to some ongoing discussions in the field.
This research aims not only to provide an overview of what has been accom-
plished, but also to highlight the difficulties related to the types of data used,
and the learning methods applied for each research objective. It categorizes
these contributions into three areas: predictions using Public Health Data to
prevent the spread of a transmissible disease within a region; predictions using
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Patients’ Medical Data to detect whether a person is infected by a transmis-
sible disease; and predictions using both Public and patient medical data to
estimate the extent of disease spread in a population. The paper also critically
assesses the potential of Artificial Intelligence and outlines its limitations in
infectious disease management.

Key words and phrases: Infectious Diseases, Artificial Intelligence, Machine
Learning, Prediction, Detection

1 Introduction

For many years, the world has experienced several tragic events, with the emergence
of diseases being among the most devastating upheavals. Considered as life com-
panions for several decades, they have caused an increasingly dangerous imbalance
in life. Defined as “a particular abnormal condition that negatively affects the struc-
ture or function of all or part of an organism ” [1], they are generally associated with
emerging signs and symptoms. Regarding causes, external factors like pathogens
and internal malfunctions can be the origin of different diseases, distributed into
various types. These include airborne diseases, foodborne diseases, lifestyle dis-
eases, non-communicable diseases, and infectious diseases. Infectious diseases, also
called communicable diseases, are among the most dangerous illnesses that haven’t
stopped manifesting and developing. They can spread from person to person or
from animal to person [2]. Infectious diseases are classified into endemic diseases,
epidemic diseases, and pandemic diseases. Endemic diseases, the first category, are
identified diseases in a given region, with predictable patterns of spread and occur-
rence rates. The second, epidemic diseases, is characterized by its rapid and brutal
spread within a given region. The third, pandemic diseases, are communicable dis-
eases that spread across continents or even the entire world, leading to the contam-
ination of an unimaginable number of people. The classification of infectious dis-
eases is still unsatisfying; it has become not enough to just identify them, but also
crucial to neutralize and prevent their spread in real time. Consequently, several
studies have made the prediction and prevention of infectious diseases their main
objective. Computers have significantly contributed to scientific advancement, es-
pecially with the vision of Artificial Intelligence (AlI) and its impact on technological
growth. The field of Machine Learning (ML) has significantly impacted research and
opened the door to what was once considered impossible. Machines equipped with
intelligence have now become essential tools in the world of science. Many ML mod-
els have therefore been designed to predict infectious diseases and forecast them.
Various detection and prediction models have been developed due to the diverse
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learning approaches available. Depending on whether supervised, unsupervised,
or semi-supervised learning (SSL) is employed, or whether classification or regres-
sion models are applied based on the research objective, several techniques can be
used to create predictive models. Examples include Support Vector Machines (SVM),
Decision Tree (DT) algorithms, clustering algorithms, Naive Bayes (NB), Artificial
Neural Networks (ANN), Deep Neural Networks (DNN) such as Convolutional Neu-
ral Networks (CNN), Long Short-Term Memory (LSTM) networks and Transformers
models, as well as emerging techniques like Transfer Learning. Understanding the
development of specific diseases and their behaviors is crucial and greatly aids in
identifying the origins of outbreaks and taking timely initiatives to combat them.
In this paper, some applications of Al techniques in prediction and prevention of
infectious diseases are introduced. The main focus is to define the various research
objectives being considered, while analyzing which type of data is used to achieve
each objective and which type of learning method to employ. A definition of the
various research categories that have been developed is introduced to ensure an
effective approach for building real-time prediction models for forecasting commu-
nicable diseases, while maintaining a swift and efficient predictive process.

This paper follows a specific structure : Section 2 presents the research methodol-
ogy used to introduce and discuss related works, which are extended in Section 3. In
Section 4, a critical analysis and discussion of the accomplished work is presented.
Finally, Section 5 concludes the paper by highlighting potential future achievements
and discussing future accomplishments.

2 Research methodology

Before taking a vision into the concepts discussed in the literature, three crucial
questions caught attention :

+ What are the various types of data that have been applied and studied?
« Which kind of learning is being used?
« How are the learning models selected based on the data?

To address these issues, a comprehensive analysis and visualization of the completed
work were conducted. For this, an extensive literature review was performed, fo-
cusing on relevant articles published since April 2022. This search was carried out
using various academic search engines, such as : Google Scholar, ResearchGate,
SNDL academic and Scopus. To obtain diverse and comprehensive electronic docu-
mentation on scientific research from various publishers. A combination of specific
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Figure 1: Research Methodology

set of targeted keywords are also used, to enhance the precision of the search. In
the electronic search phase, no restrictions were applied initially. Collecting early
discoveries and foundational works on infectious diseases using ML is crucial for
understanding the origins of predictions and the evolution of research. The sec-
ond search was limited to articles published within the last ten years, using various
keyword combinations. The key research areas and important topics studied are:
infectious diseases, Al, ML and predictions. These articles were initially selected
based on an assessment of their titles. Contributions were then further evaluated
in the manual review phase after reading the abstracts. The criteria for selecting
the articles and the resulting articles are illustrated in Figure 1. Section 3 lists the
contributions from the selected papers. The responses to the identified issues and
the discussed limitations are covered in Section 4.

3 Background

Human health is influenced by various life phenomena, and it depends not only
on the individual themselves, but also on their surrounding environment. Conse-
quently, individuals are called to address and adapt to these influences. Their ability
to drive positive change through the development of innovative strategies and tech-
nologies offers hope in addressing various health crises. The appearance of the first
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pandemics that marked history, along with their impact on daily life and environ-
mental changes, have pushed Al researchers around the world to develop various
prediction and prevention systems. Three major categories of prediction research
can be identified based on the research objectives and the data used: The first cate-
gory focuses on detecting and predicting the spread of infectious diseases in specific
locations. The second category aims to determine whether an individual may be in-
fected by a communicable disease. While the third category combines the two first
categories, addressing both the prediction of communicable diseases in patients and
their spread within a population. The diverse methods and databases utilized in the
detection of infectious diseases, as presented in this study, are illustrated in Figure
2.

Despite the distinctions that will be highlighted in the following sections between
the three categories, all of them rely on the use of different Al techniques and share
a common goal: preventing and controlling the spread of a disease.

3.1 Prediction Based on Public Health Data

Initial studies for preventing infectious diseases spread employed event-based and
indicator-based surveillance methods [3]. However, their limitations in providing
real-time predictions have directed research to the adoption of new technologies.
Predictions based on Public Health Data enable a diverse range of technological ap-
plications. Consequently, datasets used to study disease’s spread are not conform,
and the methods applied are not the same for each data. The analysis of data col-
lected from various sources such as social networks, news, mobile phones as well
as environmental changes through geospatial images and Epidemiological data, has
proven to be highly effective in tracking human behaviors, which helps in assess-
ing pandemic transmissions. Studies have increasingly relied on the integration of
multiple data types, including Numerical data, Textual data, and Image data.

3.1.1 Numerical Data : Time-series Epidemiological and locational Data

In predicting contagious diseases, research databases are often presented in numer-
ical formats. These data types frequently include location-related and epidemiolog-
ical information. The most available data comprises information about the number
of deaths, number of contaminated and number of recovered in regions. Epidemio-
logical data includes data on population exposure levels, which are essential for risk
assessment. The most used algorithms for this type of data are Naive Bayes (NB),
Clustering Algorithms, Long Short-Term Memory Based Models and Transformer
Based Models.
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Naive Bayes algorithms. Naive Bayes is a simple yet robust algorithm for pre-
dicting outcomes. In machine learning, the goal is often to select the best hypoth-
esis based on the given data. Naive Bayes applies Bayes’ Theorem, which offers a
method for calculating the probability of a hypothesis using prior knowledge [4].
Tiwari et al. [4] involved the use of NB along with SVM, and Linear Regression (LR),
to predict the trend of Covid-19 pandemic over the world while minimizing Mean
Absolute Error (MAE) and Mean Squared Error (MSE) (Table 1). The algorithms
were applied to a real-time series dataset containing the global record of confirmed,
recovered, deaths, and active cases of Covid-19 outbreak. Before the implemen-
tation phase, dataset pre-processing is also done for getting the effective results.
During the fourth stage (Data collection, Data preprocessing, model training and
model evaluation), the data is split into two subsets: the training set and the testing
set, where 42 % portion of the data is selected for testing predictions. The NB algo-
rithm proved its effectiveness compared to other tested techniques with an MAE of
488806.7492 and MSE of 400919367451.7439. Despite its advantages, NB only works
well with distinct and informative features [5]. Because it treats all features equally
and presumes they are conditionally independent, its performance may suffer if
there are noisy or irrelevant features [5].

Clustering Algorithms. Ravi et al. [6] proposed a novel ML approach to track
COVID-19 contact details that utilizes the DBSCAN algorithm, recognized as one
of the most effective clustering algorithms. This approach incorporates time-series
location data and prediction techniques to enhance tracking accuracy. The authors
have proposed an innovative approach to prevent the spread of new infections in
densely populated areas. DBSCAN is used as a clustering algorithm to locate in-
fected individuals and their close contacts, in order to stop the transmission of the
virus (Table 1). In the study of Gupta et al. [7], Two different clustering techniques,
density-based clustering and partitioning-based clustering, were used to analyze
COVID-19 infection cases. A comparative analysis was conducted between the
DBSCAN and K-means algorithms, with DBSCAN showing better performance for
clustering tasks. Although using time series locational data can provide valuable in-
formation about the movement patterns and interactions of individuals over time,
DBSCAN has some disadvantages. Including high computational complexity and
the need for careful selection of clustering parameters to ensure reliable results [8].
Additionally, it does not work well with data of different densities and is not appro-
priate for high-dimensional data.
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Table 1: Performance evaluation of cited contributions in Time-series Epidemiolog-
ical and locational Data observations with NB and Clustering algorithms

Evaluation Metrics

Ref Title Dataset Method MAE (%) MSE (%) RMSE (%)
Pandemi i dis- real-time  series NBN 488806.74 400919367451.74
andemic coronavirus dis- 4.1 cet that holds SVM 718150.13 565545811024.16

[4] (2022) ;asf (Colvm-’lg):d Wogl-dt-Eff the global record LR 648733.00 913583889578.49
ects anal ySlS and pre 1ction Of COnﬁl"mCd,

using machine-learning tech-
K e g recovered, deaths
niques

A Novel Machine Learning
Framework for  Tracing
[6] (2023) Covid Contact Details by time series loca- MLDBSCAN
Using Time Series Locational tional data
data & Prediction Techniques

No evaluation metric provided.
The proposed system helps in
indicating to the user their
respective output clusters and
their contacts.

Long short-term memory based models. Since LSTM based models are spe-
cialized in the exploration of times series data, they have the potential applications
in the field of public health for forecasting epidemic cases, deaths, and recoveries.
Some authors like Masum et al. [9] have produced a sustainable prognostic method
of COVID-19 outbreak in Bangladesh using the Deep Learning (DL) models. The
article presents a forecast on the counting number of infectious cases in Bangladesh
from May 15th, 2020 until June 15th, 2020 (30 days). The LSTM network is used to
predict the upcoming per day confirmed, death, and recovered cases in Bangladesh
on patient data taken from the Institute of Epidemiology Disease Control & Research
(IEDCR) healthcare (Table 2). The authors have also made a comparative analysis by
the RMSE rate among the LSTM, Random Forest (RF) regression, and Support Vec-
tor Regression (SVR) models. Where LSTM proved higher performances on time
series analysis. Zhou et al. [10] have also presented a novel approach to forecast-
ing COVID-19 using DL models. The proposed LSTM-based DL model is considered
among the most advanced models to forecast time series data. They can take nonlin-
ear factors into account and have the potential to provide more accurate predictions
of COVID-19 cases, deaths, and recoveries. The proposed methodology in the pa-
per involves constructing a prediction model of emergency material demand based
on the infectious disease prediction model. The model uses a time-varying demand
and LSTM sequential decision model to provide a scientific and effective predic-
tion method for actual emergency rescue work (Table 2 : MAE and MSE for death
cases in United States). The approach combines traditional infectious disease pre-
diction methods and DL prediction techniques. The proposed model also includes
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different countries’ migration data, which helps to retrieve other characteristics re-
lated to the epidemic and accurately build the model. Rakhshan et al. [11] for their
part, have presented a combined approach for modeling and forecasting COVID-19,
which can aid in determining interventions and predicting future growth patterns.
The used dataset is sourced from the World Health Organization (WHO) and in-
cludes daily COVID-19 reports and global geographical distributions. The authors
used this dataset to examine data from different countries, select targeted countries
for their study, and collect COVID-19 data for analysis. In the authors’ approach,
dynamic epidemic models and ML methods work together to develop a package
for predicting COVID-19. The authors used a dynamic model, along with five dif-
ferent ML models, to process the training and testing data. The dynamic model
is a time-dependent compartmental model that captures fluctuations in the num-
ber of susceptible, infectious, and confirmed cases with controlled infectivity. The
ML models, including LSTM, Multilayer perceptron (MLP), Adaptive neuro fuzzy
inference system (ANFIS), General regression neural network (GRNN), and Radial
basis function (RBF), are used to compare whether the classic dynamic model means
would be best suited for predicting COVID-19 or the selected modern ML methods
(Table 2). And some metrics, including Root Mean Squared Error (RMSE), Relative
Squared Error (RSE), and Accuracy, are used to evaluate the presented models. An-
other novel RNN-based model has been developed by Mufioz-Organero et al. [12]
to predict COVID-19 incidence in Madrid by integrating mobility data from a bike-
sharing service. The model combines an LSTM-based RNN alongside mobility data
to improve prediction accuracy. The analysis utilizes weekly COVID-19 case counts
per district in Madrid and the number of bike rides recorded by the city’s bike-
sharing service, BiciMAD. The bike-sharing data serves to estimate human mobility
patterns between districts, while The LSTM RNN captures temporal patterns in the
data. The proposed model achieves an RMSE of 0.0205 (Table 2), outperforming the
baseline model, which has an RMSE of 0.02296. This represents an 11.7% improve-
ment in prediction accuracy compared to the baseline model that excludes mobility
data.

Transformer Based Models. Transformers are neural network models that re-
place the commonly used recurrent layers in encoder-decoder architectures with
multi-head self-attention. By relying entirely on attention mechanisms, transform-
ers effectively capture global dependencies in data sequences and allow for much
greater parallelization [13]. Ming et al. [14] developed a computational tool, Host-
Net, to predict virus hosts using deep neural networks. HostNet integrates Trans-
former, CNN, and BiGRU models, and was tested on a benchmark dataset of 'Rabies
lyssavirus’ and an in-house "Flavivirus’ dataset. It outperforms existing methods in
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Table 2: Performance evaluation of cited contributions in Time-series Epidemiolog-

ical and locational Data observations using LSTM based models

Evaluation Metrics

Ref Title Dataset Method MAE (%) MSE(%)  RMSE (%)
LSTM 65.83
Confirmed RFR 184.21
SVR 166.15
COVID-19 in
Bangladesh:  a LSTM 2.95
deeper  outlook Death RFR 3.28
[9] (2020) into the forecast SVR 4.73
with prediction
of upcoming per LSTM 163.21
day cases using Recovery RFR 170.15
time series SVR 215.08
Epidemiological LSTM 0.01962 0.00102
[10] (2023) col\)IID-w prf diction using Bi-LSTM 0.00623 0.25110
s Dense-LSTM 0.00763 0.00016
optimized approach
daily COVID-19 GRNN 0.03
reports and global geo- RBF 0.006
graphical distributions LSTM 0.25
Global analysis and predic- : Trained data MLP 0.005
tion scenario of infectious ANFIS 0.005
[11] (2023) outbreaks by recurrent dy- )
namic model and machine daily COVID-19 GRNN 0.06
learning models: A case  reports and global geo-  RBF 0.011
study on COVID-19 graphical distributions  LSTM 0.02
: Tested data MLP 0.02
ANFIS 0.01
A new RNN based machine weekly COVID- LSTM-based 0.0205
19 case counts RNN

[12] (2023)

learning model to forecast
COVID-19 incidence, en-
hanced by the use of mobility
data from the bike-sharing
service in Madrid

per district in
Madrid and the
number of bike
rides recorded by
the city’s bike-
sharing service,
BiciMAD

accuracy and F1 score, thanks to its enhanced representation modules. Transform-
ers are highly effective for time series forecasting tasks. Another Transformer-based
model was also developed by Li et al. [15] to predict the long-term spread of sea-

sonal influenza. It includes a source selection module to merge data from various
sources and capture spatial dependencies. The model was tested on datasets from
the United States and Japan, which included weekly influenza statistics from differ-
ent regions. Demonstrating superior long-term forecasting performance compared
to traditional autoregressive and RNN-based models, achieving an RMSE of 0.52 for
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short-term predictions and 0.87 for long-term predictions on the Japan dataset. For
the US-HSS dataset, the model achieved an RMSE of 0.54 for short-term predictions
and 0.89 for long-term predictions (Table 3). Due to the limitations of traditional epi-
demiological and ML models in forecasting the COVID-19 pandemic such as chal-
lenges with generalization, scalability, and the lack of sufficient surveillance data,
Wang et al. [16] have proposed a novel approach that combines epidemiological
theories with Generative Adversarial Networks (GANs). Their model, T-SIRGAN,
integrates the Susceptible Infectious Recovered (SIR) model to generate epidemio-
logical simulation data, while GANs are employed for data augmentation. Trans-
formers are then used to predict future trends. The study utilized COVID-19 data,
including cumulative confirmed cases and deaths, from the Center for Systems Sci-
ence and Engineering (CSSE) at Johns Hopkins University. The T-SIRGAN model
outperformed other methods, demonstrating superior accuracy in predicting epi-
demic trends by integrating epidemiological simulations and GANs. Specifically,
the model achieved the lowest RMSE of 0.0188 for predicting confirmed cases, and
an RMSE of 0.0243 for predicting death cases, outperforming other models in both
metrics (Table 3). Some other challenges in infectious disease prediction are ad-
dressed, such as the variability in incubation periods and the progression dynamics
of different diseases. Wang et al. [17] introduces an Oriented Transformer (ORIT),
which improves upon traditional Multiple Representation Fusion (MRF) methods by
capturing multi-dimensional temporal relationships within disease case data. ORIT
incorporates a Multi-head Oriented Attention Unit (MOAU), designed to learn cor-
relations from various orientations within the time series data, enabling the model to
capture complex patterns in infectious disease progression. Two real-world datasets
were used for evaluation: the Hand, Foot, and Mouth Disease (HFMD) dataset with
49,677 records, and the Hepatitis B Virus (HBV) dataset with 48,359 records. After
data preprocessing, the MOAU captures attention from different orientations of the
time series, including the impact of diverse time steps, correlations between differ-
ent time series, and the significance of temporal segments. A comparison with 21
other models showed that ORIT demonstrated superior performance, achieving an
RMSE of 16.8450 on the HFMD dataset and 28.2686 on the HBV dataset (Table 3).

Discussion

Using time series data to predict infectious diseases involves analyzing the epidemi-
ological growth and contact tracing of the illness (Tables 4, 5). Locational data, for
example, can help in identifying potential contacts and understanding the spread of
the virus within a specific area. By analyzing their temporal aspect, it may be pos-
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Table 3: Performance evaluation of cited contributions in Time-series Epidemiolog-

ical and locational Data observations using Transformer based models

Ref

Title

Evaluation Metrics

Dataset Method RMSE (%)
Long-term prediction for tem- weekly influenza-like-illness Transformer Short-term 0.52
[15] (2021) poral propagation of seasonal statistics JAPAN Transformer Long-term 0.87
influenza using Transformer-
based model
weekly influenza activity levels for Transformer Short-term 0.54
10 HHS regions of the U.S US-HSS Transformer Long-term 0.89
Predicting the epidemics COVID-19 data, in- Transformer 0.0188
[16] (2022) tr e.nd »Of X COVID-19  using cluding cumulative T-SIRGAN
epidemiological-based  genera- confirmed cases
tive adversarial networks
COVID-19 data, in- Transformer 0.0243
cluding cumulative T-SIRGAN
deaths cases
Oriented Trans-
i i - HFMD Dataset 16.8450
[17] (2023) Oriented transformer for infec: former (ORIT)

tious disease case prediction

HBV Dataset

Oriented Trans-

28.2686

former (ORIT)

sible to track the movements of infected individuals and identify individuals who
may have come into proximity with them. This can aid in effective contact tracing
and containment strategies. However, due to limited accurate data on COVID-19
records and locations, as well as inherent uncertainties, traditional methods have
struggled to accurately predict the global impact of the pandemic [4]. Recent ML
models have shown improved efficiency in forecasting infectious diseases. Naive
Bayes proved its effectiveness in handling uncertainty by estimating the probabil-
ities of outcomes, making it useful for both predictive and diagnostic tasks [19].
Clustering-based machine learning techniques can also automate contact tracing,
resulting in more accurate and efficient outcomes [7]. Recurrent Neural Networks
(RNN5s) have gained significant attention in the field of deep learning for their ability
to model nonlinear relationships. However, traditional RNNs face vanishing gradi-
ent issues and failed with capturing long-term dependencies [20]. Long Short-Term
Memory (LSTM) networks and their variants have been applied to sequence model-
ing, addressing these challenges and achieving success in various applications [21].
Transformer models have further demonstrated superior performance in capturing
long-range dependencies compared to RNNs [13], as their self-attention mechanism
reduces the signal transmission path within the network, removing the need for a
recurrent structure [22].
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ObservationDate Province/State Country/Region Last Update Confirmed Deaths Recovered
01/22/2020 Anhui Mainland China 1/22/2020 17:00 1.0 0.0 0.0
01/22/2020 Beijing Mainland China 1/22/2020 17:00 14.0 0.0 0.0
01/22/2020 Chongqing Mainland China 1/22/2020 17:00 6.0 0.0 0.0
01/22/2020 Fujian Mainland China 1/22/2020 17:00 1.0 0.0 0.0
01/22/2020 Gansu Mainland China 1/22/2020 17:00 0.0 0.0 0.0
01/22/2020 Guangdong Mainland China 1/22/2020 17:00 26.0 0.0 0.0
01/22/2020 Guangxi Mainland China 1/22/2020 17:00 2.0 0.0 0.0
01/22/2020 Guizhou Mainland China 1/22/2020 17:00 1.0 0.0 0.0
01/22/2020 Hainan Mainland China 1/22/2020 17:00 4.0 0.0 0.0
01/22/2020 Hebei Mainland China 1/22/2020 17:00 1.0 0.0 0.0
01/22/2020 Heilongjiang Mainland China 1/22/2020 17:00 0.0 0.0 0.0
01/22/2020 Henan Mainland China 1/22/2020 17:00 5.0 0.0 0.0
01/22/2020 Hong Kong Hong Kong 1/22/2020 17:00 0.0 0.0 0.0
01/22/2020 Hubei Mainland China 1/22/2020 17:00 444.0 17.0 28.0
01/22/2020 Hunan Mainland China 1/22/2020 17:00 4.0 0.0 0.0
01/22/2020 Inner Mongolia Mainland China 1/22/2020 17:00 0.0 0.0 0.0
01/22/2020 Jiangsu Mainland China 1/22/2020 17:00 1.0 0.0 0.0
01/22/2020 Jiangxi Mainland China 1/22/2020 17:00 2.0 0.0 0.0
01/22/2020 Jilin Mainland China 1/22/2020 17:00 0.0 0.0 0.0
01/22/2020 Liaoning Mainland China 1/22/2020 17:00 2.0 0.0 0.0

Table 4: Time series example for confirmed, deaths and recovered cases [18] [4]
Country/Region Confirmed Active Deaths
US 1.528.568 1.147.255 91.921
Russia 299.941 220.974 2837
Brazil 271.885 147.108 17.983
UK 250.138 213.617 35.422
Spain 232.037 204.259 27.778
Italy 226.699 65.129 32.169
France 180.933 90.230 28.025
Germany 177.778 14.016 8081
Turkey 151.615 34.521 4199
Iran 124.603 20.311 7119
India 106.475 60.864 3302
Peru 99.483 60.045 2914
Mainland China 82.963 88 4634
Canada 80.493 34.396 6028
Saudi Arabia 59.854 27.891 329
Belgium 55.791 31.996 9108
Mexico 54.346 11.355 5666
Chile 49.579 27.563 509
The Netherlands 44.449 38.548 5734
Pakistan 43.966 30.538 939

Table 5: Top 20 Covid-19 affected countries record (confirmed, active and deaths)
collected from 22 January 2020 to 19 May 2020 [4]
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3.1.2 Textual Data: Social and News Data

Textual data is becoming increasingly important among the various types of data
used to predict transmissible diseases, as it enhances monitoring and prevention
efforts. Known for their real-time acquisition, many approaches are developed using
social and news data. Techniques such as: superviseed matrix factorization, SSL,
SVM and DNN have showed promising results.

Matrix factorization. Chakraborty et al. [23] used a supervised matrix factor-
ization method to extract features of each disease from news streams. For each
study, independent words collected from news related to the diseases are modeled
into a matrix and combined with structured time series data from different out-
breaks. Matrix factorization is then applied to factorize the initial matrix into two
other matrixes, each one contains latent features which are used to detect disease
apparition (Table 6). The method of detection used in this study involved collecting
each word in relation to outbreaks, which proved to be time-consuming and less
accurate. Although the study paid some attention to word extraction, these words
were considered non-dependent, which contradicts the common addiction where
the appearance of one word can influence the appearance of another [5].

Semi-supervised learning based models. The ability of using News data has
involved other approaches using different ML techniques. Kim et al. [24] employed
articles and reports to predict infectious diseases that did not occur for six months in
various countries, testing models based on SVM, SSL, and DNN. The number of ar-
ticles related to each disease was calculated, and diseases were then labeled for each
country based on whether they have appeared or not. Known as an ML technique
that combines labeled and unlabeled data, SSL based models showed outstanding
performance compared with SVM and DNN (Table 6).Because SSL makes good use
of both labeled and unlabeled data, it has attracted a lot of interest. This is particu-
larly crucial in practical applications when very little data is labeled [25]. However,
a lot of unimportant or noisy elements in real-world raw data are frequently missed
by SSL approaches. To enhance semi-supervised classification performance, it is
crucial to choose pertinent neighbors and characteristics for every sample [25]. And
despite the quality of the study conducted in [24], the experience in their proposed
work was conducted during two distinct periods, which can lead to a contradiction
due to the existence of seasonal diseases.

Support vector machine models. Since the SVM based models can handle high-
dimensional problems with limited training data [26], Kim et al. [27] developed a
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prediction model using SVM based on an analysis of articles related to influenza
pandemics and infectious diseases. The authors extracted several keywords that
were closely related to influenza and used word2vec to determine which keywords
were related to the keyword ‘influenza’. Then, SVM was applied to the extracted
data to predict if the number of influenza patients would increase or decrease at
a specific week. The prediction results using news text data with SVM achieved
a mean accuracy of 86.7% in forecasting whether the weekly influenza-like illness
(ILI) patient ratio would increase or decrease, and an RMSE of 0.611% in estimating
the weekly ILI patient ratio (Table 6). Thapen et al. [28] used novel data-analytics
to detect and forecast epidemics while developing DEFENDER system : Detecting
and Forecasting Epidemics Using Novel Data-Analytics for Enhanced Response. The
system ensures three services : early warning detection, situational awareness and
nowcasting of epidemics. The number of tweets matching each symptom captured
on the online database Freebase, was tracked daily for each geographical area mon-
itored. To distinguish between health-related and non-health-related tweets and
articles, two classifiers were used: SVM and NB (Table 6). The areas of high tweet
activity were located in a country or region using the DBSCAN algorithm. The num-
ber of cases from the current data is predicted by adjusting the observed symptom
levels to the previously available clinical data containing week, disease, location
and count. Although SVM outperforms many other systems, it has limitations with
complex data due to the high computational cost of solving quadratic programming
problems [29]. Its performance also heavily depends on the choice of kernel func-
tions and their parameters [29].

Deep neural network based models. Since the study of Thapen et al. [28] con-
sidered only a limited number of symptoms, Serban et al. [30] proposed an im-
provement called SENTINEL of the previous system (DEFENDER), that aims to ex-
plore a boarder range of symptoms and diseases. DNN based models (CNN, LSTM)
were then selected to differentiate between health-related and non-health-related
tweets (Table 6). In both studies [28] and [30], the social media twitter was ana-
lyzed. Given the strong correlation between infectious diseases and Twitter data
[31], Chae et al. [32] presents a novel approach for predicting infectious diseases
using deep learning models, specifically DNN and LSTM, combined with big data
sources like Twitter mentions along with Naver search queries and weather data.
The study addresses limitations of traditional models like autoregressive integrated
moving average (ARIMA), by incorporating real-time data to predict the spread of
diseases such as chickenpox, scarlet fever, and malaria. The DL models significantly
outperformed traditional methods, with DNN improving prediction performance by
24% and LSTM by 19% for chickenpox. The main evaluation metric, RMSE, showed
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that these models better captured trends. The mean RMSE of the top 10 DNN mod-
els for chickenpox was 72.8215, while the top 10 LSTM models had a mean RMSE
of 78.2850, particularly during rapid disease spread (Table 6). Demonstrating their
potential to enhance infectious disease forecasting systems. Despite Twitter’s rep-
utation for being used by credible individuals sharing accurate information, it is
not widely used by numerous people. Consequently, the conclusions obtained are
then restricted. Drinkall et al. [33], for their part, have introduced a novel ap-
proach that incorporates transformer-based language models into infectious dis-
ease modeling using Reddit posts. The analysis uses Reddit comments extracted via
the Pushshift API, state-level epidemiological data, government response data, and
Google’s COVID-19 Community Mobility Reports, which provide local movement
data. In the feature identification process, sentence-level encoding, dimensionality
reduction, and clustering (HDBSCAN) are applied to isolate predictive features from
Reddit comments. For evaluation, the resulting features are compared to traditional
datasets in both a threshold-classification task and a time-series forecasting task.
In the threshold-classification task, a Random Forest model utilizing the extracted
features achieved the highest accuracy across various prediction horizons. Particu-
larly in identifying upward trend signals for extreme events, with an average per-
formance score of 0.880. In the time-series forecasting task, the transformer model
consistently outperformed Gaussian Process and Martingale models. Achieving the
lowest Root Mean Square Error (RMSE) of 0.0284 when the extracted features were
used as covariates (Table 6). The method clearly outperforms traditional models in
predicting COVID-19 trends, particularly in regions with unreliable epidemiological
data.

Discussion

Some disease surveillance systems scan news articles from global sources like Google
News and social media platforms such as Twitter [28]. They filter and classify these
articles based on the type of epidemic, location, and news source. However, a major
limitation of these systems is that they primarily focus on collecting disease-related
information from various sources and compiling it for information dissemination
or surveillance purposes [23]. A more precise and refined application of ML mod-
els is crucial for achieving optimal control over predictive systems. This ensures
higher accuracy and effectiveness in decision-making processes. SSL based models,
SVM based models along with DNN models showed high effectiveness in accurately
distinguishing between health-related and non-health-related articles and tweets.
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Table 6: Performance evaluation of cited contributions in News Data observations
with Matrix factorization, SSL SVM and DNN models

Evaluation Metrics

Ref Title Dataset Method Precision Recall Accuracy ROC F1 score
(%) (%) (%) (%) (%)
Dengue 83.5 62.5
Flu 79.3 58.5
Extracting signals from news  Malaria Supervised 81.2 68.5
[23] (2016)  streams for disease outbreak Matrix
prediction Diabetes Factori-sation 772 59.1
TB 79.3 69.5
Articles SSL 833 79.1 83.2
Infectious disease outbreak and
[24] (2021) prediction using media arti- Reports SVM 73.2 65 76.9
ii;e‘ﬁuh machine learning DNN 80.6 746 819
. Evaluation Metrics
Ref Title Dataset Method Precision Accuracy RMSE
(%) (%) (%)
Weekly ILI patient ratio change predic- {\rticles SVM 86.7 0.611
[27](2019)  tion using news articles with support influenza
vector machine infectious diseases
Social ~ Medi Twitter),
DEFENDER: detecting and forecasting N(;i:?s Clini‘j:aia];ata( witter) SVM, NB 8.20
[28] (2016)  epidemics using novel data-analytics for ’
enhanced response
. Evaluation Metrics
Ref Title Accuracy
Dataset Method RMSE *
Real-time processing of social me-
N CNN 93.9
dia with SENTINEL: A syndromic o0 oy
[30] (2019) surveillance system incorporating :
deep learning for health classifica-
tion
Predicting infectious di ) Twitter  men- DNN 72.8215
[32] (2018) re 1ctmg.m ectlou-s isease using tions, Naver LSTM 78.2850
deep learning and big data search  queries
and weather data
Reddit -
Forecasting COVID-19 caseloads meentls statej:f;l Transformer 00284
[33] (2022) using unsupervised embedding epidemiological

clusters of social media posts data, government

response  data
and Google’s
COVID-19 Com-
munity Mobility
Reports




Al for Infectious Disease Prediction and Prevention 177

3.1.3 Image Data : Geospatial Images

Geospatial images, such as satellite images, are known as one of the most powerful
and important tools for monitoring the earth [34]. They track the physical envi-
ronment (water, air, land, vegetation) and the changing human footprint across the
globe. And some DL techniques specialized in image processing have given specific
interest to explore Geospatial images to detect different symptoms related with a
disease.

Convolutional Neural Network based models. Regarding the importance of
natural and environmental details, some authors ( Li et al.) [35] started on the cre-
ation of a multi-source natural feature benchmark dataset called GeolmageNet for
GeoAl and supervised ML. The dataset was created by combining color imagery
and Digital Elevation Model (DEM) data. GeolmageNet contains location informa-
tion for each image scene, making geographic validation and training data expan-
sion easy to achieve. The multi-source dataset empowers the machine to gain more
geospatial intelligence and automation, resulting in higher prediction accuracy than
commonly used single data sources. The authors have evaluated the dataset using
two popular and representative object detection models, Faster-RCNN and Retina-
Net, and its validity was proved for aiding a GeoAl model to achieve convergence
and satisfactory detection performance (Table 7). CNN-based models excel at identi-
fying important characteristics and successfully completing classification or predic-
tion tasks [35]. Thus, GeolmageNet has demonstrated its ability to support research
on a wide range of environmental and health issues, including tracking the spread
of infectious diseases.

LSTM based models. In order to examine the real world environment, Lee et
al. [36] tried to develop a prediction model for the number of influenza patients
at the national level using satellite images (Table 7). The authors developed a con-
volutional LSTM-LSTM neural network model, which demonstrated a strong cor-
relation between the predicted and actual numbers of influenza patients, with an
average MAE of 5.9010 per million population. Their study highlights the potential
of using satellite image data as a valuable resource for predicting influenza inci-
dence, which could facilitate timely national interventions. While the use of satel-
lite images marks significant progress in real-time data acquisition, extracting and
analyzing these images can be costly and requires specialized expertise [37]. Ad-
ditionally, satellite images are limited in their effectiveness for indoor localization
due to restricted accessibility in indoor environments.
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Table 7: Performance evaluation of cited contributions in Geospatial Images data
observations with LSTM and CNN based models

Evaluation Metrics
Dataset Method MAE Precision (%)

Ref Title

GeolmageNet: a  multi-
source  natural  feature

[35] (2023) benchmark  dataset  for
GeoAlI and supervised ma-
chine learning

single-source data Faster-RCNN and 50
RetinaNet

GeolmageNet 80

5.9010 per mil-

Convolutional LSTM-LSTM Sattelite Images LSTM . .
lion population

model for predicting the daily

[36] (2024) number of influenza patients
in South Korea using satellite
images

Discussion

Despite the use of various prediction models for infectious disease forecasting, most
studies rely on local meteorological data, such as temperature, humidity, precipita-
tion, and solar radiation. This limits predictions to specific regions and reduces their
applicability at the national level [36]. Alternatively, satellite images provide a more
comprehensive means of capturing weather patterns nationwide. These images are
available through multiple channels, allowing the detection of key meteorological
factors such as temperature, moisture, clouds, and precipitation. By proposing a
national-level influenza prediction model based on satellite images and analyzing
the relationship between influenza incidence and these meteorological factors, Lee
et al. [36] present a model capable of forecasting influenza across the country. The
integration of LSTM and CNN based models has, for instance, proven to be highly
effective for forecasting infectious diseases using satellite imagery. However, due
to the presence of certain areas that satellite images cannot capture, their use can
be challenging [38].

3.2 Detection Using Patients’ Medical Data

The detection Using Patients’ Medical Data category is focused in predicting whether
a person is contaminated by the disease or not. Most researchers estimated that,
more disease detection is quickly identified in a person, more the spread of disease
will be controlled. This kind of detection is manifested through numerical data, cat-
egorical data and images data, using multiple techniques based on ML algorithms.
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3.2.1 Numerical Data : Routine Blood Tests

To evaluate the performance rate of ML applications in predicting diseases through
routine blood tests, many collaborations test various ML models and algorithms.
Peiffer-Smadja et al. [39] examined the exploration rate of ML in clinical microbiol-
ogy. They concluded that : ANN, SVM, RF, LR, k-nearest neighbors (k-NN), and NB
can be explored for targeting different diseases such as : bacterial infections, para-
sitic infections, viral infections, microorganism detection and diseases classification
using diverse sources of data : microorganisms, microscopic-images and protein
structure. Cabitza et al. [40] for their part, developed, evaluated and validated ML
models for COVID-19 detection using routine blood tests. ML models are developed
following four steps : Imputation, Data normalization, Feature Selection and Clas-
sification. For the classification step, five different models (RF, NB, LR, SVM, k-NN)
are developed for each kind of data: OSR patients, OSR dataset, covid-specific and
CBC dataset. Models are therefore evaluated according to the Accuracy, Sensitiv-
ity, Specificity, Area under the curve (AUC) and External Validation. The Three best
models extracted are : k-NN for COVID-19 specific dataset, RF and k-NN for CBC
dataset (Table 8). Models based on DT Algorithms such as: DT, RF and Gradient
Boosting, have showed most interest, particularly in exploring routine blood tests.
DTs have the ability to explain ML-based diagnoses [41]. They can break down com-
plex data into more manageable parts, making them more interpretable compared
to other algorithms in this category of prediction.

Decision Tree based models. Among models based on DT, Random Forests (RF),
a popular ML algorithm that aggregates the outputs of multiple decision trees to
produce a unified result [42]. By aggregating the predictions of multiple trees, it
reduces the risk of overfitting and improves the generalization ability of the model
[43]. While RF is not as easily interpretable as a single decision tree, it still provides
insights into feature importance and evaluate the significance of various features,
enabling the identification of the most influential ones for prediction. RF is capa-
ble of handling both categorical and continuous features [43]. Brinati et al. [44]
focused on developing two ML models: RF Classifier and Three-Way RF Classifier
(TWREF) using routine blood exams with demographic characteristics in order to
detect COVID-19 infections. A DT Model is then interpreted to assist scientists in
making decisions regarding the infections or not of COVID-19 (Table 8). For Baner-
jee et al. [45], They have guided their researches to predict if a person is SARS-CoV-
2 positive or negative in the early stage of the disease from full blood counts. RF,
glmnet (lasso-elastic-net regularized generalized linear) and ANN are used (Table
8). They indicated that RF and glmnet provided more information about important
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variables and clearly indicate how the decision was made. For their iterative learn-
ing, boosting algorithms improved their importance in several studies. Kukar et al.
[46] started in performing COVID-19 diagnosis using Smart Blood Analytics (SBA)
Algorithm and routine blood tests with the most popular ML tools, XGBoost to build
the diagnostic models. The two most discriminating parameters were prothrombin
and INR (International Normalized Ratio). For the evaluation of the model, ten-fold
cross-validation is applied on independent testing data. XGBoost showed better re-
sults compared to other algorithms : SVM, RF and NN (Table 8). SBA technique is
also employed in the study of Yang et al. [47], where the authors aimed to predict an
individual’s SARS-CoV-2 infection status by employing Gradient Boosting Decision
Tree (GBDT) using corporating patient demographic features such as age, sex, race
and 27 routine laboratory tests (Table 8). Compared to LR, DT and RF, GBDT showed
better results with 85.4 % AUC, 76.1 % sensitivity and 80.8 % specificity. Given the
highly accurate predictions from RF and GBoost, Yang et al. [48] have called for
the inclusion of both these models along with extremely randomized trees (ET) and
LR models (Table 8). The authors have proposed a two-step learning approach for
diagnosing COVID-19 using routine blood tests. The first step consists of making
predictions using three different learning algorithms: ET, RF and LR. Resulting pre-
dictions are used in the second step as inputs of the prediction model XGBoost to
establish the final predictions. The suggested model ERLX showed better results
compared to previously proposed systems. However, the vulnerability in this pro-
posed study is located in feature selection. Specifically, 18 features are selected to
make the study according to the feature’s importance appeared in older papers.

Discussion

DT based models have demonstrated their effectiveness in detecting infectious dis-
eases using routine blood data (Table 9). They provide deeper insights into the im-
portance of various features and their significance. Models based on RF or GBoost,
whether using parallel learning with RF or iterative learning with GBoost, allow for
more accurate detection in the analysis of blood characteristics. The combination
and hybridization of different decision tree algorithms further enhance accuracy and
promise favorable results [48]. Although the results may be promising, DT based
models showed some limitations in depth selection. The choice of the top-level to
derive the top consistent parameters can significantly impact the relevance of the
model. Future research can address these limitations to develop more effective ap-
proaches. The use of blood data also presents confidentiality concerns with some
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Table 8: Performance evaluation of cited contributions in routine blood tests obser-
vations using DT based algorithm

Evaluation Metrics

Ref Title External-
Dataset Method :;c)curacy (S;;sntlvnty (S‘;))e cificity Validation
(%)
routine  blood  k-NN 78 74 81 94
Development, evalu- tests Covid spe-
ation, and validation cific dataset
of machine learning
[40] (2021) models for COVID- routine blood RE 76 70 82 9%
19 detection based tests CBC dataset NN 75 72 78 9
on routine blood
tests
Explaining hi Routine  Blood LR 82 73 84
xplaining machine Test
learning based diag- st iléB " :3 Zg Zi
nosis of COVID-19 i o1 s o
[41] (2021) from routine blood MLP 35 © 92
tests with decision ENSEMBLE pos 7 o1
trees and criteria
graphs
Evaluation Metrics
Ref Title — ——
Dataset Method Accuracy Sensitivity Specificity
(%) (%) (%)
Routine  Blood DT 70..78
Detection of COVID-19 in- Tests ET 68..79
fection from routine blood k-NN 66..76
[44] (2020) exams with machine learn- LR 70..81
ing: a feasibility study NB 64..81
RF 74..80
SVM 69..80
TWRF 83..89
Use of machine learning and Full Blood RF 82 60 8
artificial intelligence to pre- C
ounts
[45](2020)  dict SARS-CoV-2 infection CLmnet o @ "
from full blood counts in a
population
Evaluation Metrics
Ref Title —— ——
Dataset Method Sensitivity Specificity AUC Accuracy
(%) (%) (%) (%)
COVID-19 diagnosis by
[46] (2021) routine blood tests us- Routine  Blood XGBoost ML Al- 81.9 97.9 0.97
ing machine learning Tests gorithm
Routi laborat Corporating GBDT 76.1 80.8 85.4
Bl tests oy patient demo-  RF 735 81.8 843
[47] (2020) s :125 c t\e,s;S . If)re.wt graphic, Routine LR 71.1 75.6 80.9
\RS-CoV2 infection [ aporatory Tests DT 61.8 73.2 70.4
using machine learning
Ensemble learning
[48] (2020) model for diagnosing Routine  Blood ERLX Ensemble 98,72 99,99 99,38 99,88
COVID-19 from rou- Tests learning model

tine blood tests
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Parameter Acronym Unit of measure COVIDspecific features CBC features Missing rate, %
White blood cells WBC 107 L X X 2.4
Red blood cells RBC 1012 X X 36
Hemoglobin HGB g/dL X X 2.4
Hematocrit HCT % X X 24
Mean corpuscular volume Mcv fL X X 36
Mean corpuscular hemoglobin MCH pg/Cell X X 3.6
Mean corpuscular hemoglobin concentration MCHC g Hb/dL X X 24
Erythrocyte distribution width RDW CV% X X 37
Platelets PLT 1071 X X 36
Mean platelet volume MPV fL X X 59
Neutrophils count (%) NE % X X 189
Lymphocytes count (%) LY % X X 15.2
Monocytes count (%) MO % X X 15.2
Eosinophils count (%) EO % X X 152
Basophils count (%) BA % X X 15.2
Neutrophils count NET 107/L X X 15.2
Lymphocytes count LYT 1071 X X 15.2
Monocytes count MOT 1071 X X 189
Eosinophils count EOT 107 X X 15.2
Basophils count BAT 107 /L X X 18.9

Table 9: Part of the Complete list of the analyzed features in the OSR dataset [40]

significant missing values, making its application more difficult.

3.2.2 Categorical Data : Clinical Data

Clinical data are frequently used to track various diseases, and increased efficiency
can be achieved by directly using factors in relation with biological experiments.
This data can be integrated with different applying methods like DT based models
and DNN based models. Indicating their efficiency in infectious disease detection.

DT based models. As a parallel learning set model, RF algorithm has been the
topic of various studies. In the study of Kumar et al. [2], different ML models are
adopted, among them : LR, RF, DT, MLP, SVM, k-NN, ANN, along with some other
models, in order to predict chronic diseases (cardio vascular disease (CVD), chronic
kidney disease (CKD), lung cancer) and infectious diseases (hepatitis and dengue
serotypes) (Table 10). With Hepatitis Dataset analysis, RF exceed other algorithms
with an accuracy of 90%. The RF algorithm has therefore proved its effectiveness
for extracting meaningful insights from data for predicting these kinds of infectious
diseases.

DNN based models. Some studies using clinical data take into consideration a
few attributes and observations in diseases data, which can be limited, as it may
indicate a disease other than the emerging one, since different diseases may share
common symptoms. Devi et al. [49] have demonstrated high accuracy and less exe-
cution time in detecting DENV serotypes while using the MSO-MLP method (Table
10). MSO-MLP represents an incorporation of MLP and Multi-Swarm Optimiza-
tion (MSO) which is a powerful metaheuristic algorithm building on the success of
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Table 10: Performance evaluation of cited contributions in clinical data observations
with DT and DNN based models

Ref Title Evaluation Metrics

Dataset Method Accuracy (%)
SVM 64.5
C4.5 75.32
Chronic Kidney disease PSO-MLP 68.31
DT 72.67
ABC4.5 92.76
LR 84
RF 90
Hepatitis Dataset DT 88
C4.5 85
MLP 75
[2] (2020) Prediction of chronic and infectious diseases using
machine learning classifiers-A systematic approach RF 80
Ja8 85
CVD Dataset Hoeffding Tree 86
LMT 85
RT 70
DT 80
ANN 85
Dengue Dataset MSO-MLP 36
PSO-ANN 85
SVM 91.2
k-NN 83.2
L C
ung Cancer RF 0.2
ANN 93.4
[49] (2018) MSO - MLP diagnostic approach for detecting DENV Dengue Fever Dataset MSO-MLP 85.18

serotypes

Particle Swarm Optimization (PSO), a population-based algorithm inspired by the
collective behavior of bird flocks and fish schools. MSO advances this concept by
incorporating multiple swarms instead of just one [50]. In the MSO-MLP approach,
multiple swarms of particles are used to optimize the weights and biases of the MLP
[49]. Kumar et al. [2] have also studied the efficiency of MSO-MLP on Dengue
Dataset (Table 10), where the MSO-MLP provides an accuracy of 86%, which is bet-
ter compared to other tested classifiers.

Discussion

Certain characteristics in clinical data, such as temperature, pulse, acute fever, vom-
iting, abdominal pain, body aches, cold symptoms, headache, weakness, fatigue, and
rapid breathing, facilitate the identification of symptoms related to each disease [2].
Each infection has its own specific signs and symptoms, with common indicators
including fever, diarrhea, fatigue, muscle aches, and coughing. The application of
ML and DL techniques has shown good accuracy in detecting infectious diseases
using clinical data. Despite the productivity of clinical data and the highly effective
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detection capabilities of models based on DT and DNN, the similarity observed in
the clinical symptoms of infectious diseases, frequently lead to disease identifica-
tion issues [51]. Furthermore, the use of clinical data is subject to privacy concerns,
which makes data collection for studies quite challenging.

3.2.3 Images Data: Chest X-ray (CXR) and CT scan Images

Another type of data used in detecting transmissible diseases in patients is image
analysis. Specifically, chest X-ray images (CXR) and CT scan images are frequently
collected in various studies focused on infectious disease detection using various
models based on SSL technique and CNN model.

SSL based models. SSL addresses the limitations of supervised learning when
dealing with datasets that include both labeled and unlabeled data. By using a small
amount of labeled data along with a larger set of unlabeled data [52]. Sahoo et al.
[53] have employed SSL approaches to detect COVID-19 cases accurately by analyz-
ing digital chest X-rays and CT scans images. Their proposed algorithm COVIDCon
applied on a small COVID-19 radiography dataset, attains 97.07% average class pre-
diction accuracy. When applied on large datasets, COVIDCon achieves an accuracy
of 99.13% (Table 11). The authors have therefore provided a fast, accurate, and reli-
able method for screening COVID-19 patients.

CNN based models. CNNs have proven to be a powerful class of models for
comprehending the content of images, leading to significant advancements in im-
age processing. CNNs are both efficient and effective in various pattern and image
recognition applications, such as gesture recognition, face recognition, object clas-
sification, and generating scene descriptions [54]. Hussein et al. [55] in their work,
have discussed COVID-19 infections identification in chest X-rays by using Custom-
CNN, a DL technique. The model achieved a classification accuracy of 98.19% in
distinguishing COVID-19, normal, and pneumonia samples (Table 11). Chest X-ray
images were also employed in the study of Issahaku et al. [56] which focused on
multimodality by integrating cough sound features. The Visual Geometry Group
(VGG16) model was used for feature extraction and Faster R-CNN for COVID-19
detection. The study achieved an accuracy of 99.80% (Table 11). As Transfer Learn-
ing approach enables the storage and use of knowledge acquired from pretrained
models to address new problems [57], Some authors, Sadegji et al. [58] introduced a
novel dataset and proposed six different transfer learning models for slide-level anal-
ysis. Which was able to detect COVID-19 CT slides with an accuracy of more than
99%. They have developed DL models to facilitate automated diagnosis of COVID-19
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from CT scan records of patients. The authors also developed a novel 3D deep model
(MASERes), for patient-level analysis, that achieved an accuracy of 100% (Table 11).
Enhancing the proposed models for practical use, especially in regions with limited
medical infrastructure. Tan etal. [59] also highlighted the importance of fine-tuning
on small datasets to ensure the effectiveness of DL models. They proposed a method
called Self-Supervised Learning with Self-Distillation for COVID-19 medical image
classification (SSSD-COVID) (Table 11). CNN based models have therefore proven
to be highly effective in detecting infectious diseases through the analysis of medical
images.

Table 11: Performance evaluation of cited contributions in images data observations
with SSL and CNN based models

Ref Title Evaluation Metrics

Dataset Method Accuracy (%)
Potential diagnosis of COVID-19 from chest CT scans SSL 9913
[53] (2021) X-ray and CT fndings using semi-supervised
learning
Auto-detection of the coronavirus disease by chest X-rays CNN 98.19
[55] (2024) using deep convolutional neural networks and
X-ray photographs
. X . chest X-ray images Vggle6, faster- 99.80
[56] (2024) Multlmoda[ deep learning model for Covid-19 and cough sound RCNN
detection
Transfer Learn-
(58] (2024) Potential diagnostic application of a novel deep CT scans inr;ms er eam 100
learning- based approach for COVID-19
SARS-COV-CT
Self-supervised learning with self-distillation SSSD-COVID 97.78
[59] (2024) Lo . . dataset
on COVID-19 medical image classification
Discussion

In medical imaging, large unlabeled datasets are frequently available alongside smaller,
high-quality labeled datasets. Consequently, SSL methods are a promising choice
for automated medical image diagnosis (Figures 3, 4). SSL, When paired with data
augmentation and transfer learning, the approach can create powerful and more re-
silient models that require less training time [53]. CNN-based models also have the
ability to recognize various image patterns, contributing to major advancements in
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Figure 3: CT images taken from COVID-19 CT Scan dataset. Typical examples show-
ing a) Common pneumonia (CP), b) COVID-19 (NCP), and c) normal CT scan image
(53]

Figure 4: Sample chest X-rays taken from the COVID-19 Radiography dataset.
a) Normal case, b) COVID-19 case showing bilateral ground-glass opacities with
prominent peripheral, perihilar and basal distribution within a multilobar involve-
ment, and ¢) viral pneumonia case with visible left basilar opacity [53]

image processing.

3.3 Prediction Based on Public Health Data

AND Patients’ Medical Data Due to technological advancements and the implemen-
tation of various prediction and detection techniques, the monitoring of contagious
diseases has achieved a high level of reliability in terms of exploring extensive data
related to the spread of infectious diseases. Indeed, several studies have highlighted
the importance of using both patients medical data along with Public Health Data
to offer a complete and integrated approach to monitoring and predicting transmis-
sible diseases, working for optimal effectiveness and real-time precision.
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3.3.1 Numerical Data : Environmental Data AND Patients’ Data

Many outbreaks are caused by environmental changes, highlighting the importance
of addressing living conditions that contribute to the emergence of various infec-
tions. Zhang et al. [60] have for instance considered human behavior and its impacts
on the environment. A set of actions and their associated impacts were used to de-
velop a learning process using ML algorithms and advanced mathematical models.
In order to denounce bad behavior and warn the environment of potential illnesses
that may arise and deal with them, a collection of actions-impacts is carried out
through the involvement of policymakers and international organizations. How-
ever, these actions-impacts rules considered non-permanent can lead to non-durable
conclusions. New treatment methodologies have therefore taken place like Naive
Bayes Network (NBN) and clustering algorithms, to predict the living conditions of
a disease.

NB Network. Inorder to achieve disease prediction within a specific region, some
studies attempted to use the NBN algorithm. Sood et al. [61] created an intelligent
healthcare system for predicting and preventing dengue virus infection. They fo-
cused on changing environmental data using Individual health data. Once the health
attributes of individuals and the environment have been analyzed using different
technologies (sensors, mobile phones, etc.), these are passed to the Fog Computing
system which performs data pre-processing. The NBN is used to classify individuals
as IN (Potential infected) or UN (uninfected) in order to generate diagnoses, sugges-
tions and alerts. GPS location is then used to identify the risks of spreading in each
region (Table 12). The achievement of certain symptoms in this study is identified
by the user himself, and technologies used may be less efficient in indoor locality.
The results can therefore either conclude overfitting or underfitting.

Clustering based algorithms. By using cluster analysis and factor analysis, Vali-
akos et al. [62] combined environmental data and Human cases data with wild bird
surveillance for predicting spatial distributions of West Nile Virus (WNV) in Greece.
Data on 2010 and 2011 human cases are used for the statistical analysis and model
building, and the 2012 cases are used for verification. Cluster analysis was employed
to cluster human cases and wild bird animals, while factor analysis was utilized to
reduce the data and Principal Component Analysis (PCA) for extracting compo-
nents. It was observed that altitude and distance from water were the two variables
which clustered significantly in similar way humans and birds cases among the 37
variables under study. The obtained results lead for potential estimation of West
Nile virus emerging (Table 12). The fact that, only resident WNV-seropositive wild



188 S. Melchane et al.
Table 12: Performance evaluation of cited contributions in Public Health
AND Patients’ Medical Data observations
Evaluation Metrics
Ref Title — -
Sensitivity  Specificity  Precision
Dataset Method ® @ I 0Odds (%)
An intelligent health- . NBN
[61] 2021) ST system for pre- gxdlwdgal. Healt}i Hill 94 95.1 89.8
dicting and preventing ata, Environmental Climbi
L - Data imbing
dengue virus infection (HL)
Use of wild bird iy Bird Animals,  Cluster
surveillance, human Human WNV cases Analysis, 95
case data and GIS  para (20102011 for  pactor
[62] (2014)  spatial ~analysis for training, 2012 for Analysis
predicting spatial dis- validation)

tributions of West Nile
virus in Greece

birds were studied, even though samples from migratory birds tested positive, does
not guarantee that the analysis conforms to the real environment. All cases tested
positive have to be considered to greatly know the real illness origins.

4 Discussion

The application of Al especially through the exploration of ML and DL techniques,
has proven highly effective in detecting and predicting communicable diseases. The
progression of ML has developed alongside the growth of diverse data types, which
can be used for training, testing, and validating models under development. Al-
though this research primarily provides an introduction and overview of the work
done in predicting infectious diseases, and does not cover all the models and tech-
niques that have emerged, its main focus is to define the research objectives, the
types of data that can be used, and the learning methods that could be applied. For
this purpose, the selection of a learning methodology depends on the availability of
data and the specific research objectives to be analyzed and studied. Indeed, if the
research aims to develop a model to detect and predict the spread of an infectious
disease in specific regions, multiple types of data are required, including numeri-
cal, image, and text data. Several data sources are available for this purpose, such
as epidemiological data, news reports, geospatial data, and social data. After the
identification and processing of each kind of data related to prediction based on
Public Health Data of infectious diseases, several approaches are used. With epi-
demiological data, LSTM and Transformers based models have yielded considerable
outcomes in various studies and experiments behind NB and DBSCAN methods. Us-
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Table 13: Summary of Observations and Identified Limitations

Prediction Data Confidentiality Availability Limitations

Although this type of data may have missing
Time-series values, the variations in disease patterns across
different studied periods also make it difficult
to achieve accurate predictions and build gen-
based on Public eralized models over time.
Health Data

The use of social media and news data is

Social .
marked by uncertainty. Some tweets or news

News data reports may not present the truth and are often
inaccurate.
Although geospatial images are effective for
Geospatial capturing environmental conditions, their ex-
Images traction and analysis can be expensive and re-
quire specialized expertise. Additionally, their
applicability is limited in indoor spaces.
Routine
Blood v x
Tests Medical data, including blood tests, clinical
records, and images, are constrained by imbal-
Brased, on Pa- - anced data and a large number of missing val-
tients medical Clinical v X ues. Clinical data, like symptoms of fever and
data data cough, can sometimes lead to confusion and
uncertainty, as many infectious diseases share
CXR v X similar symptoms.
CT images
Based on Pa- o ) o
tients’ medical Environmental The challenge lies in the combmec? limitations
data, and Public Patient o.f e?ch .type of data used. S‘Ume diseases h.av.e
Health data Data similar impacts on the environment, and it is

difficult to distinguish which disease is spread-
ing.

ing news data, SSL, SVM along with DNN algorithms showed better results. While
using geospatial images, LSTM and CNN architectures demonstrated their perfor-
mances. Regarding the other detection category, using patients’ medical data, the
type of data used is more persistent, since the characteristics of clinical data, blood
tests along with CXR images and CT scans, are generally stable with the same mea-
surement and features and not frequently subject to change. All constructed mod-
els showed great performances across various evaluation metrics. Betters were DT
based models: DT, RF and GBoost for routine blood tests. DTs based models have
also performed with clinical data behind DNN based models. While for CXR images
and CT scans, SSL and CNN based models excelled. However, individuals data suf-
fer from constraints related to privacy. In the study of Kukar et al. [46], negative
training data are randomly sampled to approximate the proportion of positif train-
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ing group since there was a lack of data. And this way of preprocessing can lead
to poor construction of predictive models. To this end, researchers have focused on
studying both categories by exploring patient and environmental data to simultane-
ously identify individuals with communicable diseases and alert those who may be
exposed to the risk of infection. This aids in identifying and locating the infectious
disease. Learning methods based on clustering models and NB have demonstrated
great effectiveness in processing this approach. Thereby enabling the collection
of the most comprehensive information from each type of data used. Therefore,
The used data plays an important role in prediction improvement. Bad or non-
corresponding data often leads to overestimate or underestimate the outbreak rate
for various reasons [23]. For example, when a user searches for information on
a particular disease using the Google search engine, it doesn’t necessarily mean
they have that disease. The user might be researching one disease while actually
having another, or they may not have any disease at all. This concerned all data
related to social media, news data or environmental data. However, these types of
data are known for their ease and real-time acquisition, in contrast to clinical data
which include confidentiality and limited availability (Table 13). Furthermore, the
learning models are applied using different learning, testing and validation peri-
ods. So, each study is constrained to no longer be consistent for a period other than
the already studied. Since infectious diseases are known for their seasonality and
ability to rapidly mutate (Table 13). Allowing them to change their living condi-
tions and their spread intensity. It is therefore recommended, as a future research
perspectives to improve the prediction of infectious diseases, to first establish the
research objectives and then carefully select the most appropriate learning approach
and datasets. Attention should be focused on finding a method to integrate various
types of data to collect comprehensive information for developing a general pre-
dictive model based on each evolution of the disease. This approach would address
data gaps and provide accurate and well-supported insights for each studied period.

5 Conclusion

In summary, the integration of Al into infectious disease prediction has shown
promise through diverse ML models. Studies exploring various data sources, in-
cluding epidemiological data, social media, clinical records, and routine blood tests,
highlight AT's adaptability. Despite significant progress, challenges persist. Pri-
vacy concerns, data quality issues, and models variability underscore the need for
careful implementation. Ongoing challenges include the dynamic nature of infec-
tious diseases, which can rapidly evolve and mutate. Additionally, biases in data
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can lead to skewed results. Looking forward, the combination of robust datasets
and advanced Al techniques is essential for accurate outbreak predictions. Contin-
uous refinement, addressing data biases, and selecting suitable models are crucial
for unlocking the full potential of Al In conclusion, While AI has made significant
progress in forecasting infectious diseases, ongoing improvements and a nuanced
approach are essential for achieving its full impact on global health.
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