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Abstract
Objective: The objective of this study is to analyze data from epidemiological
surveillance and take into account propagation factors to track and monitor
10 infectious diseases in Senegal which are: Covid-19, Measles, Poliomyelitis
(AFP), Dengue, Meningitis, Rift Valley Fever (Rift), Crimean-Congo Hemorrhagic
Fever (CCHF), Chikungunya (CHIK), West Nile virus fever (WN) and Yellow
Fever (YF). Method : The methodology is based on a comparative analysis of
the performances of three supervised learning methods: logistic regression,
random forests and Support Vector Machines (SVM). Data visualization
methods such as Multiple Correspondence Analysis (MCA) and similarity
index (Cramer’s v) are also used. The data analyzed covered the period
from January 2018 to November 2022 and amounted to 113,847 suspected
cases. Findings: The results show that the methods have almost similar
performances with regard to the choice of the number of selected parameters
(4 variables) but differ in terms of total classification error rates, with a rate
of 2.73% lower for forests random, 3.10% for logistic regression and 3.32%
for Support Vector Machines. Advanced age ([40, 60] years) is identified as
a direct risk factor in relation to the frequency of distribution of confirmed
cases of the 10 infectious diseases. Other indirect risk factors linked to the
distribution of confirmed cases are also identified and are linked to the physical
environment of health districts and climatic factors. The results highlighted
the ability of the random forest method to analyze surveillance data and
identify complex relationships between risk factors and the distribution of
infectious diseases. This study contributes to improving infectious disease
surveillance and shows the importance of integrating environmental factors,
socioeconomic parameters, as well as behavioral and climatic factors into
data and analyses. Novelty: The results obtained made it possible to propose
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an algorithm based on the HCPC method which combines the techniques
of Principal Component Analysis (PCA) and those of Ascending Hierarchical
Classification (CAH), with the application of the principle of paragons.
Keywords: Epidemiological data; Health surveillance; Logistic regression;
Random Forests; Support Vector Machine

1 Introduction
Data frommany domains has evolved in terms of availability, going from a few hundred
pieces of data to millions. This development is particularly concerned with the field of
health, among others. In this context, to process larger, more diverse, andmore complex
datasets, machine learning can have many implications in analytical studies that seek to
identify risk factors and/or predict the resurgence of infectious diseases by taking into
account many interrelated factors.

Authors have used machine learning to analyze and identify risk factors for
infectious diseases from available data, in order to better understand their conditions of
transmission and dissemination of infectious diseases, and therefore to better prevent
them (1).

Some 25 baseline variables from 490 Covid-19 patients admitted to 8 hospitals in
Germany were analyzed to compare the performance of 2 machine learning methods
(Support Vector Machine [SVM] and Random Forest [RF]) with logistic regression (1).
Based on the dataset obtained from Vaishnavi Clinical Laboratory, Vignesh Clinical
Laboratory, Keerthi X-Ray, and Karthik Laboratory in Kumbakonam, Tamil Nadu,
India, the authors compared the predictive performance of logistic regression with
classification techniques such as LDA, CART, KNN, SVM, and random forest RF for
predicting risk factors (2). Vector indices and weather data are used as predictors to
predict the transmission rate of dengue fever by comparing the performance of seven
machine learning algorithms (3).

Many modeling techniques have been developed for the management of infectious
diseases (4). Diseases are complex phenomena that depend on multiple factors, such
as genetics, environment, lifestyle and exposure. To understand how these factors
influence the likelihood and severity of disease, researchers most often use machine
learning based only on available surveillance data.

Machine learning algorithms, including Random Forest, Logistic Regression, SVM,
and k-Nearest Neighbors, were leveraged to predict the occurrence of diseases in the
province of Marinduque, focusing on hand, foot and mouth disease, dengue, typhoid,
influenza, chikungunya, rabies,measles,meningitis, hepatitis and acute bloody diarrhea
using data from 2015 to 2019 (5).

The problem with using these analysis methods is that the data needed for
machine learning is scarce, mainly due to privacy issues and poorly structured medical
databases (6). For these reasons, it is necessary to find suitable and useful sources of
information and data in order to be able to build reliable prediction models from
them (7,8).

Data relating to certain risk factors for spread are not always available in the databases
of infectious diseases under surveillance in Senegal. The available monitoring data is
incomplete and often subject to errors. However, there are limits to take into account
in the national health surveillance system. Hence this is what justifies in this context
that we find the interest of supplementing data from the integrated surveillance of
10 infectious diseases which are: Covid-19, Measles, Poliomyelitis (AFP), Dengue,
Meningitis, Rift Valley Fever (Rift), Crimean-Congo Hemorrhagic Fever (CCHF),
Chikungunya (CHIK), West Nile Virus Fever (WN) and Yellow Fever (YF), in order to
have a reliable database for all statistical studies and usable via emerging technologies.
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In this work, we compare the performance of a supervised statistical learning method, namely logistic regression, with two
machine learning methods: random forests and Support Vector Machines (SVM), to analyze the surveillance data for these 10
infectious diseases with a view to supplementing them with the identification of risk factors for spread. After the summary and
the introduction, the rest of the work is organized as follows: Section 2 describes the methodology as well as the tools used.
Section 3 presents and discusses the results. Section 4 concludes the paper.

2 Methodology

2.1 Data

We worked with the global database with 60% of confirmed positive cases compared to 40% of confirmed negative cases. The
data are extracted from Base_RR_2018_2022 (Measles database, DP-MSAS), LCR HEAR (Meningitis database, Albert Royer
Children’sHospital -DAKAR), PFA_2018-2022_S-48 (PFAdatabase,DP -MSASS), Base-Covid-19-Senegal_2020-2022 (Covid-
19 database, COUS-MSASS) and BDD_4S_MSAS_19122022 (YF, Rift, Dengue, CHIK, CCHF, WN, Institute database Pastor
of Dakar).

The statistics recorded in the available databases concern: the result of suspected cases; the health district of residence
(DS_Resids); the medical region of residence (RM_Resids); age (grouping); genre; the epidemiological week (Week); the start
date of the signs (Date.Signe) and the disease in question (Caract_Mald). The database is split in two randomly, with on one
side 90% of the observations used to estimate the model parameters, and on the other hand 10% for a model validation step.
The training sample is used to build the methods and select their parameters, and thus the validation sample to estimate the
performance of the methods.

The response variable Y = Result takes two modalities: ”Positive” or ”Negative” and the explanatory variables are the 6 other
qualitative variables. Age (grouping) is considered here as categorical because it is discretized into groups. The modalities of
the DS_Resids and Week variables have been grouped together because some are poorly represented in the training sample.

Selection criteria for the ten infectious diseases:
Senegal has set a measles elimination threshold of less than 1 case per 1 million inhabitants. However, a dramatic increase
in measles cases has been observed over the last 5 years with a national incidence of 0.8 in 2018 rising to 24.3 in 2023 (9). In
2021, an epidemic of circulating vaccine-derived poliovirus type 2 (cVDPV2) reappeared in Senegal while the last case of wild
poliovirus dates back to 2010. A total of 18 human cases and 15 environmental isolates of cVDPV2 were recorded (10). From
March 2, 2020 to December 31, 2022, Senegal reported 14 984 Covid-19 patients currently hospitalized, including 138 who
died (11). For measles, out of the 1115 confirmed cases during the period from January 2018 to November 2022, 30 have died
(Base_RR_2018_2022: Measles database, DP-MSAS).

An analysis based on confirmed cases shows that in recent years, Senegal has experienced a high incidence of epidemics with
infectious diseases, some of whichwere in the process of being eliminated or eradicated (AFP,Measles) and others emerging due
to climate change (Dengue, Rift Valley Fever, Crimean Congo Hemorrhagic Fever, Covid-19) (12). These diseases are among the
priority diseases monitored by the health system as part of Integrated Disease Surveillance and Response (IDSR). Indeed, given
their reappearance, these diseases have becomepriorities for the national healthmonitoring system.These observed phenomena
also justify the selection of these 10 diseases subject to epidemiological surveillance in Senegal through the SIMR strategy. It is
in this context that we were able to analyze the available data by supplementing them with the risk factors associated with the
spread.

2.2 Method

The method is based on a comparative analysis of the performance of three supervised learning methods: logistic regression,
random forests and Support Vector Machines (SVM) and data visualization tools such as Multiple Correspondence Analysis
(ACM) and the similarity index (Cramer’s v).

Logistic regression is a powerful tool in public health that not only predicts outcomes but also identifies risk factors
influencing the development of infectious diseases. In addition, the random forest algorithm excels in analyzing complex data.
Its ability to handle large datasets and select relevant variables makes it a leading choice for epidemiological surveillance. With
the explosion of available data and the need for accurate and fast analyses, support vector machines (SVMs) are also being
implemented. SVMs represent a robust and flexible approach in the field of public health, allowing to efficiently process complex
data and improve the decision-making process.
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Hyperparameter selection and model validation: we use a backward algorithm for model parameter selection. For SVMs,
the selection is performed using the SVM-RFE algorithm with a Gaussian kernel. In the context of random forests, we use
the RFE (Recursive Feature Elimination) procedure. To guide this selection, we use the permutation importance measure of
the variables. As for the logistic regression, the choice of variables is made using the AIC (Akaike’s Information Criterion)
criterion. We evaluate the performance of the models using the Out Of Bag (OOB) technique, which estimates the prediction
error thresholds using the validation data (Table 3). The Out Of Bag approach consists of using the observations that are not
included in the bootstrap samples as a validation sample to evaluate the performance of the models. This method avoids the
need for cross-validation while providing an accurate estimate of the performance of the models in terms of prediction.

The fitted random forest with mtry = 2 and ntree = 500 shows the lowest prediction error threshold (2.73%). We prefer this
Out-of-bag method because it is better suited to random forests.

Machine learning-based analysis methods have proven effective in predicting the spread of diseases and improving
decision-making for future interventions (13). Different forecasting methods are widely used to solve forecasting problems.
The comparative performance analysis proposed in this study aims to select the best performing algorithm to analyze and
identify significant risk factors associatedwith the spread of infectious diseases, by exploiting high-dimensional epidemiological
surveillance data. To verify that these epidemiological data are reliable, accurate, and ready to be used in analyses and models
for public health decision-making, we proceed to the following steps:

• Preprocess the available data using a data cleaning, variable transformation and data structuring process under R version
4.3.3 (2024-02-29 ucrt).

• Explore the relationships between qualitative or discretized explanatory variables usingMultipleCorrespondenceAnalysis
(MCA). This technique also included the response variable, thus making it possible to verify the absence of correlation
between the variables on the factorial level. The analysis revealed a strong correlation between the spatial variables
DS_Resids and RM_Resids. This result guided our selection of the DS_Resids variable for the steps of comparing the
performances of the three methods.

• Evaluate the intensity of the link between the response variable and the qualitative or categorical variables using the
Cramer V similarity index (normalized 𝜒^2), the results of which are presented in Table 1. The values of this index reveal
that the variables Caract_Mald (Cramer v = 0.94) and DS_Resids (Cramer v = 0.73) are very strongly associated with
confirmed cases of the 10 infectious diseases. The variables Week (Cramer v = 0.43) and grpage (Cramer v = 0.43) also
show a significant link with the target variable Result.The variable sex of the suspected case has low significance (Cramer’s
v = 0.02) in explaining confirmed cases of these 10 infectious diseases.

Table 1. Similarity matrix (Cramer’s v)
DS_Resids grpage Caract_Mald Gender Week Result

DS_Resids 1.00 0.16 0.27 0.07 0.20 0.73
Grpage 0.16 1.00 0.30 0.09 0.10 0.43
Caract_Mald 0.27 0.30 1.00 0.09 0.19 0.94
Gender 0.07 0.09 0.09 1.00 0.05 0.02
Week 0.20 0.10 0.19 0.05 1.00 0.43
Result 0.73 0.43 0.94 0.02 0.43 1.00

The 4 variables (Table 2) ”DS_Resids, grpage, Week, Caract_Mald” are therefore kept to compare the performances of these
three supervised learning algorithms.

Table 2. Presentation of selected variables
Variable Modality Status Description
Result Figure 1 Target Positive cases following laboratory diagnostic tests
DS_Resids Figure 1 Active Health districts of residence of suspected case (epidemiological unit)
grpage Figure 1 Active Age range of suspected cases of the 10 infectious diseases
Week Figure 1 Active Epidemiological week from January 2018 to November 2022
Caract_Mald Figure 1 Active Characteristics of the disease in question detected in the patient

The selected variables (Table 2) are all nominal, and we present, in Figure 1, the modalities of the analysis variables.
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Fig 1. Frequency display for selected variable categories

3 Results and Discussion
The results show at the 𝛼 = 5% threshold that the tests are significant for the 4 variables retained (Table 3). The three methods
adjusted to the data indicate that the parameters linked to health districts (DS_Resids), to the intrinsic characteristics of the 10
diseases (Caract_Mald), to climate (Week) and to advanced age: grouping ([40, 60] years) are risk factors that may influence
the frequency of distribution of confirmed cases of these 10 infectious diseases within the 79 health districts.

Comparative analysis of classification models reveals that random forests stand out for their ability to select a
more parsimonious set of explanatory variables. With only four variables selected, random forests have the lowest total
misclassification rate of 2.73%. This exceptional performance is also reflected in the area under the ROC curve, reaching 97.3%,
which is the best result among the three models evaluated (Table 3).

Table 3. Number of selected variables, error rate and area under the ROC curve of the three models
Méthodes Selected variables Error rate AUC
Logistic regression (LR/AIC) 4 3.10% 96.16%
Random forests (RF/RFE) 4 2.73% 97.30%
SVM – REF 4 3.32% 96.90%

Error rates and Receiver Operating Characteristic (ROC) curves are key elements in the evaluation and improvement of
epidemiological surveillance systems. They ensure that public health decisions are based on reliable data, thus contributing to
effective management of health crises. Error rates in epidemiological surveillance refer to the proportion of false positives and
false negatives in the available data. ROC curves plot the true positive rate (sensitivity) against the false positive rate, at different
decision thresholds.They help determine the optimal threshold for classifying an event as positive or negative.This is important
in epidemiological surveillance, where poorly defined thresholds can lead to classification errors. The error rates estimated by
themodels are relatively very low, while the area under the ROC curves reaches very high values (Table 3), thus highlighting the
effectiveness of the national epidemiological surveillance system. In the context of epidemiological surveillance, it is essential
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to provide more precision on the performance measures of predictive models in order to evaluate their effectiveness in disease
detection and monitoring. For this purpose, we present in Table 4 the metrics such as accuracy (the prediction probability
threshold), precision, recall and F1-score.

Table 4. Performance Metrics of theThree Models in Epidemiological Surveillance
Methods Accuracy Precision Recall ( Sensibility) F1-Score
Logistic regression (LR/AIC) 96.90% 96.83% 97.84% 97.33%
Random forests (RF/RFE) 97.27% 97.25% 95.12% 96.17%
SVM 96.68% 96.41% 95.58% 95.99%

A comparative analysis based on performance metrics (Table 4), confirms that random forests outperform both support
vector machines (SVM) and logistic regression (LR). Our results align with those of (14) who performed a similar analysis
comparing these three classification algorithms to predict coronary heart disease (CHD). Their study, based on data from 350
patients collected in a hospital in Armenia, observed a high accuracy of 95% and suggested a ranking of the three algorithms
studied according to their performance as follows: Random Forest (RF) comes first in terms of performance, followed by the
Support Vector Machine (SVM) method and then the Logistic Regression (LR) methods. These results reinforce the idea that
random forests are well suited as a tool for epidemiological surveillance, offering both high accuracy and the ability to efficiently
handle complex data.

Other studies have compared different machine learning models with logistic regression to analyze epidemiological
surveillance data. For example, a study (15) on predicting the risk of lymph node metastasis in gastric cancer patients found
that among seven algorithms tested, except SMV, the other models had higher accuracy and reliability than logistic regression.
Another study (16) aimed at identifying the severity factors of Covid-19 at admission, comparing the predictive performance of
random forests (RF) and support vector machines (SVM) with logistic regression (LR).

The results showed that SVM outperformed LR in terms of accuracy (88.5% vs. 85.2%), followed by RF (84.5%). Unlike our
study, we observed that random forests (RF) were able to effectively analyze data from ten infectious diseases, displaying higher
accuracy (97.25%) compared to logistic regression (96.83%) and SVM (96.41%). Our results highlight the ability of random
forests (RF) to analyze data from integrated infectious disease surveillance. However, to optimize the use of random forests as
an analysis tool in the national health surveillance system, it is essential to complete the available data in order to establish a
more comprehensive database, that integrates the risk factors associated with the targeted infectious diseases. The results of our
study showed that the random forest algorithm achieved the highest level of predictive accuracy at 97.27%. This performance
confirms the observations of (17), who highlighted that the evaluation of machine learning models often focuses on predictive
accuracy, and highlights that the study of diseases requires a high rate of correct classification of patients.

In our study, the application of random forests made it possible to distinguish two types of explanatory risk factors for
confirmed cases of the 10 infectious diseases: on the one hand, indirect risk factors related to health districts (variable:
DS_Resids), intrinsic disease characteristics (variable: Caract_Mald) and climate (variable:Week); on the other hand, direct risk
factors associated with age ([40, 60] years). In a previous study, (18) used data from 3 662 Iranian Army ground forces to compare
three supervised learning methods: logistic regression, decision tree, and random forest, to study the association of type 2
diabetesmellitus (T2DM)with risk factors and classify subjects in amilitary population.The results confirmed the superiority of
random forest in identifying complex relationships between risk factors, with significantly improved sensitivity and specificity.
The ROC curve showed higher performance for random forest (97.1%) compared to logistic regression (73.8%) and decision
tree (77.1%). These results also highlighted the importance of variables such as age, body mass index, total cholesterol, low-
density lipoprotein cholesterol, and triglycerides in predicting T2DM risk. Some of these variables, including age, were also
identified as significant risk factors in our study for confirmed cases of the 10 infectious diseases studied.

The study conducted by (19) compared the performance of three supervisedmachine learning techniques: linear discriminant
analysis (LDA), random forest (RF), and support vector machine (SVM) on Covid-19 datasets based on demographic, clinical,
and epidemiological characteristics. Their results showed that random forest was the best performing algorithm, with a
prediction accuracy of 100%, compared to 95.2% for LDA and 90.9% for SVM. In addition, the chi-square test revealed that
seven features, except gender, were significantly correlated with the outcome of Covid-19 patients. Studies (11,18) have also
highlighted age as a determining factor associated with poor prognosis (death) in Covid-19 patients. These results (11,18,19) are
consistent with the findings of our own study. Many other studies have also shown, through statistical or machine learning
approaches, that age and comorbidities are significant risk factors for the spread of infectious diseases; see for example (20–23).

The results of the study (5) clearly revealed that the Random Forest algorithm was the most accurate among those evaluated,
which is of great importance for infectious disease surveillance and control and efficient resource allocation (Table 5).
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Table 5. Predictive Performance of Machine Learning Algorithms (5)

Algorithm Acuracy precision recall F1-score
Random Forests 70.12% 68.06% 70.12% 68.65%
Logistic regression 54.42% 29.62% 54.42% 38.36%
SVM 51.26% 31.54% 53.11% 43.45%
K-nearest neighbors 63.41% 60.54% 63.41% 60.61%

The results of our study are consistent with those available in some literature, confirming that random forest (RF) displays
the best performance for the analysis of data related to the 10 infectious diseases studied (5). Our analysis reveals an accuracy of
97.25% for random forest, surpassing the performance of logistic regression (LR) at 96.83% and support vectormachines (SVM)
at 96.41%. These results mark a significant improvement in the field. Some common infectious diseases identified as subject to
the analysis of risk factors of spread in our study and in some literature include dengue, chikungunya,measles andmeningitis (5).
This comparative analysis of the performance of random forest and SVM with logistic regression from the surveillance data of
the 10 infectious diseases has limitations. The large sample size of 113,847 suspected cases, not including all risk factors for
spread, could impact the reliability of the epidemiological analysis. This highlights that the available data is incomplete and
that the identification of direct and indirect risk factors is necessary to complete the available data and, finally, to establish a
reliable database for all statistical studies. In this context, additional multifactorial studies using this complete database will be
essential to confirm our results. These studies will aim to strengthen the validity of the conclusions drawn from RF, SVM and
LR models in predicting the resurgence of infectious diseases, by taking into account the risk factors significantly associated
with the spread.

4 Conclusion
This study presents a novel application ofmachine learningmethods to epidemiological surveillance data in Senegal, comparing
logistic regression, random forests, and SVMs for ten infectious diseases. Our results indicate that random forest was the best
performing model for analyzing, preventing, monitoring, and predicting infectious disease outbreaks.

The originality of this study lies in the integration of machine learning methods, particularly random forest, within the
national health surveillance system. To strengthen this approach, it is essential to improve data collection by integrating
environmental, behavioral, climatic, socioeconomic factors, and disease-specific characteristics.This approach aims to optimize
models and improve forecast accuracy.

By integrating the random forest method, the national health surveillance system could benefit frommore effective response
strategies and an improved ability to anticipate infectious disease outbreaks. These advances are essential to guide the actions
of health professionals and political decision-makers to optimize responses to epidemic crises in time.
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