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The Chikungunya virus, primarily transmitted by female Aedes aegypti and Aedes
albopictus mosquitoes, poses a growing global public health challenge due to its de-
bilitating symptoms and rapid spread. Recent outbreaks in Southeast Asia, South
America, and Central and East Africa highlight the difficulty of accurately predicting
epidemics, given the complex interactions among environmental, climatic, and biolog-
ical factors. Traditional epidemiological surveillance systems often remain insufficient
for early outbreak detection. This study applies advanced machine learning tech-
niques, specifically ensemble regression, to develop predictive models of Chikungunya
epidemics in Chad, Brazil, and Paraguay. Random Forest and XGBoost regressors op-
timized via Grid Search are combined within a Voting Regressor ensemble framework.
The ensemble model demonstrated superior predictive performance, achieving lower
RMSE and MAE than individual models. At the 5% significance level, no statistically
significant differences were observed between the Voting Regressor and XGBoost (p =
0.2126 and p = 0.2081, respectively) or Random Forest (p = 0.2607 and p = 0.2997,
respectively), as determined by both the paired t-test and the Wilcoxon signed-rank
test.
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1 Introduction

Chikungunya is a viral disease transmitted to humans through the bite of infected mosquitoes, mainly Aedes

albopictus and Aedes aegypti [1, 2]. On August 2, 2024, the European Centre for Disease Prevention and Control

(ECDC) reported approximately 350,000 confirmed cases of Chikungunya virus (CHIKV) infection and more than

140 associated deaths worldwide. These cases were recorded across 21 countries in the Americas, Asia, Africa, and

Europe [3]. The most common clinical manifestations include fever, skin rash, headache, myalgia, joint swelling,

and persistent arthralgia. Although Chikungunya rarely leads to fatal outcomes, it can cause severe complications,

particularly among elderly individuals and patients with underlying chronic conditions. Effective control of disease

transmission therefore relies heavily on early detection and timely intervention.

In April 2005, CHIKV re-emerged in the Indian Ocean region, triggering a major outbreak of dengue-like

illness in the Comoros Islands. Subsequent cases were rapidly reported in Mayotte, Mauritius, and La Réunion,

with attack rates ranging from 35% to 75%, revealing substantial underdiagnosis and misclassification of cases

in several affected areas. India confirmed widespread CHIKV circulation later in 2005, after more than three

decades without reported cases, with the number of suspected infections exceeding 1.3 million, largely driven by

the epidemic expansion in Sri Lanka and Southeast Asia. During this period, autochthonous transmission was

documented for the first time in several countries, including Italy, France, New Caledonia, Papua New Guinea,

Bhutan, and Yemen, following the introduction of the virus by viremic travelers into previously non-endemic

regions. In response to the rapid global dissemination of CHIKV, the Pan American Health Organization and

the Centers for Disease Control and Prevention intensified preparedness efforts for potential outbreaks in the

Americas. The first local transmission in the Caribbean was reported in Saint Martin, and by July 2014, CHIKV

had spread to more than 20 countries, resulting in over 440,000 reported cases (see Figure 1).

Figure 1: Chikungunya Virus (CHIKV) repartition in the western hemisphere [4].

The Centers for Disease Control and Prevention (CDC) have reported more than 230 imported cases of CHIKV
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in the United States, underscoring the global public health threat posed by the disease, which has spread from

Kenya to over 50 countries in less than a decade [4]. The different transmission routes are illustrated in Figure 2.

Figure 2: Chikungunya transmission routes [5].

The transmission of CHIKV occurs through two distinct cycles: the urban cycle and the sylvatic cycle. In

Africa, the sylvatic cycle represents the predominant mode of transmission. In densely populated regions, however,

CHIKV is mainly sustained through the urban cycle, in which humans act as the primary hosts and mosquitoes

of the genus Aedes serve as vectors (see Figure 2). Nevertheless, Ae. aegypti remains a major viral vector, as

illustrated by the 2013 outbreak in the Caribbean. Since 2005, several cases have been attributed to vertical

transmission from mother to child, which has been reported to be particularly severe when maternal infection

occurs within four days after delivery [6].

Most individuals fully recover from CHIKV infection. However, sporadic neurological, cardiac, and ophthalmic

complications have been documented. Severe clinical manifestations are more frequently observed in infants and

elderly individuals. Moreover, CHIKV infection may increase the risk of mortality among older patients with

underlying comorbidities and in newborns infected during childbirth [7]. According to current evidence, individuals

who recover from the disease are likely to develop long-lasting immunity against reinfection [8].

The combined implementation of medical interventions and vector control strategies is therefore essential for

the effective management of Chikungunya outbreaks [9].

Artificial intelligence is increasingly applied across several scientific fields, including engineering, biology, and

medicine [10–18]. Numerous studies have explored the use of machine learning models to predict the spread of

vector-borne diseases such as dengue and chikungunya in Brazil [19–25]. For instance, da Silva et al. [24] proposed

a machine learning-based framework for developing disease predictors capable of identifying both cases and affected
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areas. To further enhance the identification of relevant risk factors, they also suggested the creation of an artificial

expert committee based on metaheuristic techniques. In [25], the same authors provided a comprehensive review

of the literature, focusing on strategies for forecasting arbovirus cases and identifying breeding sites.

The objective of this study is to employ ensemble regression techniques derived from artificial intelligence

to develop a forecasting model for chikungunya. Each ensemble regression model is implemented using real

epidemiological data from Brazil, Chad, and Paraguay. In addition, different data enrichment strategies are

applied to increase the size and diversity of the datasets for Chad and Paraguay, with the aim of improving the

accuracy of the predictions.

This work provides three methodological and empirical contributions that extend beyond the most common

frameworks in the literature on arbovirus forecasting, particularly for chikungunya:

(i) Multi-country comparative modeling (Africa & South America): Most predictive studies focus on

a single country, region, or even a single city, which limits the generalizability of their findings [26, 27]. Other

multi-regional investigations emphasize risk mapping or virus co-circulation (often dengue/zika–chikungunya)

rather than a systematic comparison of predictive models using uniform training and evaluation procedures

[28, 29]. We propose a unified modeling and evaluation protocol applied to three contrasting epidemiological

contexts (Chad, Brazil, and Paraguay). This framework enables us to (i) quantify the relative robustness of

Random Forest, XGBoost, and Voting Regressor models across different climatic gradients and surveillance

systems, and (ii) identify the factors whose predictive effects remain the most stable across countries. This

comparative strategy directly addresses recent calls for more generalizable arbovirus forecasting frameworks

in the context of climate change [30].

(ii) Data augmentation strategy adapted to short epidemiological series: Forecasting models are often

constrained by the short and noisy nature of weekly chikungunya time series [31, 32]. To address this

limitation, we introduce a controlled augmentation of time series data using overlapping sliding windows

and seasonally stratified sub-series, thereby increasing the diversity of training trajectories while preserving

temporal dependencies (lags and epidemic peaks). This approach is consistent with recent evidence showing

that series-specific augmentation improves generalization in small biomedical datasets [31, 32]. To the best

of our knowledge, such strategies remain rarely documented for chikungunya (in contrast to dengue) and

offer valuable leverage for data-limited settings such as Chad.

(iii) Explicit integration of climatic and epidemiological covariates with etiological lags: Both the-

oretical and empirical studies indicate that temperature, precipitation, and humidity influence the vector

competence of Aedes mosquitoes with measurable time delays (lags) [33–36]. Several investigations fur-

ther confirm that incorporating climatic variables into epidemiological models improves the forecasting of
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arboviral diseases [37, 38]. Our contribution consists in systematically linking climate data (temperature,

relative humidity, and precipitation) with case series through (i) a set of lagged features (+1 to +12 weeks)

and (ii) multi-scale aggregations (moving averages and maxima), within a unified multi-country evaluation

framework. This design allows us to identify, in a comparable manner across countries, the climatic windows

that provide the most stable predictive information, in line with recent mechanistic and empirical findings

[28, 33].

By integrating (i) a multi-country comparative framework, (ii) data augmentation tailored to short epidemi-

ological series, and (iii) rigorous climate–case cross-referencing with time lags, this study goes beyond the direct

application of standard methods and offers elements of generalizability and data parsimony that are rarely com-

bined in chikungunya research.

The remainder of the paper is organized as follows. Section 2 presents the materials and methods. The results

and their discussion are provided in Section 3. Finally, the paper concludes with a summary of the main findings

and perspectives.

2 Material and methods

The materials (including Study areas, the hardware configuration and the software development environment)

utilized to carry out this work are presented in this part. We will also go over the strategies and tactics required

to comprehend this article.

2.1 Material

2.1.1 Study areas

A total of 927 cases were recorded on September 3, 2020; all patients were managed as outpatients, and no fatalities

were reported. By that date, 13,488 cumulative cases had been documented, with no deaths recorded. Additional

suspected cases were subsequently reported in Adré and Biltine (see Figure 3). As of October 2, 2020, 415 cases

had been confirmed, including 247 in Abéché, 165 in Biltine, 3 in Gozbeida, and none in Abdi. No fatalities were

reported at that time. Overall, one death and a total of 34,052 cases had been recorded by that date, with all

patients receiving outpatient care [39].

The geographical distribution of chikungunya cases in Chad is illustrated in Figure 3, while the temporal

evolution of daily cases and deaths is presented in Figure 4.
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Figure 3: Region infected by CHIKV in Chad [39].

Figure 4: Daily evolution of Chikungunya cases and deaths in Chad [39].

Brazil: With a large population susceptible to CHIKV, a favorable climate, and abundant vector populations,

Brazil is the largest and most populous country in Latin America. Since 2013, CHIKV has been locally transmitted

across the country, with most of the initial cases reported in the northeastern region. Brazil has been the

epicenter of the chikungunya epidemic in the Americas since 2016, with a total of 1,659,167 reported cases—the

highest number recorded in the region. Unlike other countries and territories in the Americas, Brazil experiences

chikungunya outbreaks on a yearly basis [40].

The cumulative number of chikungunya cases reported to the Brazilian Ministry of Health between March 2013

and June 2023 across the 26 states and the Federal District is presented in Figure 5. The spatial and temporal

dispersion of chikungunya virus lineages throughout the Brazilian states and the Federal District is also illustrated.
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Up to August 17, 2023, the years in which at least one viral genome was sequenced and deposited in GenBank

were used to identify the circulating chikungunya lineages [40].

Chikungunya re-emerged in 2022–2023 after a relatively quiet period. Brazil was particularly affected, es-

pecially the state of Minas Gerais, where the incidence reached 395 cases per 100,000 inhabitants. Since its

introduction into Brazil in 2014, the disease has progressively spread from the northeast to the southeast, with 3.6

million cases reported to PAHO/origin. In 2023, 30,724 cases—twice the number recorded in 2022—were reported

within only 10 weeks in the southeastern region (see Figure 5). With epidemic peaks observed in 2018 and 2022,

the virus reproduction rate has reached high levels, ranging from 1.5 to 2.5 [41].

Figure 5: Map showing the annual epicentres of Chikungunya cases and the total number of cases by commune
through 2023 [42]. AC=Acre, AL=Alagoas, AM=Amazonas, AP=Amapá, BA=Bahia, CE=Ceará, ES=Esṕırito
Santo, DF=Distrito Federal (Federal district), GO=Goiás, MA=Maranhão, MG=Minas Gerais, MS=Mato Grosso
do Sul, MT=Mato Grosso, PA=Pará, PB=Paráıba, PE=Pernambouc, PI=Piaúı, PR=Paraná, RJ=Rio de
Janeiro, RN=Rio Grande do Norte, RO=Rondônia, RR=Roraima, RS=Rio Grande do Sul, SC=Santa Cata-
rina, SE=Sergipe, SP=São Paulo, TO=Tocantins, Km=kilometers, ECSA-American, East-Central-South-African-
American sub-lineage
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Paraguay: Since the discovery of indigenous illnesses in Paraguay in 2013, the virus has been found there

annually. Four epidemic waves in 2015, 2016, 2018, and 2023 have been linked to potential CHIKV infections

in Paraguay and have all occurred during the summer. A total of 118,179 suspected and confirmed infections,

including 3,510 hospitalized case-patients and 46 fatalities, were reported between October 2, 2022, and April

10, 2023. Furthermore, 125 (43%) of the 294 suspected cases of acute meningoencephalitis that were recorded

were related to CHIKV [43]. Paraguay experienced steady temperature increases during the past 40 years, with

CHIKV recurrence in 2022 corresponding to the highest mean temperatures. Confirmed illnesses were limited to

Central, Paraguaŕı, and Amambay districts (see figure 6). Panel (C) of figure 6 depicts the Chikungunya cases

reported each week (gray area), standardized incidence per 100,000 people (blue line) and cumulative deaths.

Figure 6: The Chikungunya cases declared every week in Paraguay: A) With 90% confidence intervals, the study
looks at the genetic distances between the virus samples and the dates of sampling. The colors indicate the
samples’ original locations; B) The map illustrates the geographic spread of the CHIKV ECSA virus in Paraguay,
with the circles denoting significant phylogenetic locations; C) Evolution of the disease [44]
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2.2 Methods

2.2.1 Data collection

The data used in this work come from different sources:

Epidemiological data

• Chad: During the 2020 Chikungunya outbreak, epidemiological statistics were taken from a World Health

Organization (WHO) study [39]. This dataset covers the period from August 12, 2020 to November 10,

2020;

• Brazil: data was collected from mendeley website1 [45]. Clinical, sociodemographic, and laboratory data

pertaining to patients with confirmed cases of dengue and Chikungunya are presented in this dataset. It

covers the period from 2013 to 2021;

• Paraguay: Data was collected via the PAHO website2, which reports Chikungunya cases in real time, with

weekly records varying between 2013 and 2017.

Climatic data Climate data for Paraguay and Chad were obtained from weatherandclimate3, while for Brazil

were uploaded to Kaggle4 collected by INMET (National Institute of Meteorology of Brazil), corresponding to the

same time intervals as the cases of Chikungunya in each country, namely:

• Chad: in the cities of Biltine, Abeche and Abdi;

• Brazil: in the cities of Amapá, Bahia, Ceará, Esṕırito Santo, Federal District, Goiás, Maranhao, Minas

Gerais, Mato Grosso do Sul, Mato Grosso, Pará, Paráıba, Pernambuco, Piaúı, Paraná, Rio de Janeiro,

Rio Grande do Norte, Rondônia, Roraima, Rio Grande do Sul, Santa Catarina, Sergipe, São Paulo and

Tocantins;

• Paraguay: asuncion and central.

These datasets include variables such as temperature, humidity, and precipitation, which are essential for under-

standing how meteorological conditions influence disease transmission.

1https://data.mendeley.com/datasets/2d3kr8zynf/2
2https://www3.paho.org/data/index.php/en/mnu-topics/chikv-en/550-chikv-weekly-en.html
3http://weatherandclimate.com/
4https://www.kaggle.com/datasets/gregoryoliveira/brazil-weather-information-by-inmet
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2.2.2 Data Exploration and Preparation

The analysis of climatic variables—namely temperature, precipitation, and humidity—constituted the first step

of the data exploration process. The objective of this phase was to examine the distribution of climate data and

its temporal variability.

To address missing data in the datasets from Chad and Paraguay, several imputation and data completion

strategies were considered, including the KNN imputer [46, 47] and data augmentation techniques [48]. The k-

Nearest Neighbors (k-NN) algorithm is a non-parametric supervised learning method used for both classification

and regression tasks. It operates by identifying the k nearest data points (neighbors) to a given observation

and making predictions based on their corresponding values [47]. In this study, k-NN was applied to complete

missing values in the datasets [46]. Data augmentation refers to the artificial expansion of a dataset through the

modification of existing samples or the generation of new synthetic observations. This strategy enhances model

robustness and generalization by providing a more diverse and representative training set [48].

Remark 1. With regard to the data augmentation strategy, synthetic observations were generated by injecting

Gaussian noise into the numerical variables. Specifically, for each target country (Chad and Paraguay), a KNN

imputer with k = 5 was first applied to fill in missing values for temperature, humidity, precipitation, and case

counts. Subsequently, 100 additional samples were created by randomly selecting existing observations and applying

proportional noise to each variable, using a noise level factor of 0.05. This procedure yields realistic synthetic data

while increasing the overall diversity of the dataset. This approach was preferred over alternative techniques such

as SMOTE or simple bootstrapping, as the present study addresses a regression problem rather than a classification

task with class imbalance. The objective here is to enrich a limited dataset with consistent and plausible values

rather than to balance categorical outcomes [49].

Amethod called feature engineering (FE) involves taking raw data and turning it into new variables, or features.

We employed this method in our study to enhance the Brazilian epidemiological data [50, 51]. In fact, we came

across a dataset containing individuals who tested positive for both dengue and Chikungunya while gathering data

on cases of the disease. The data of patients who tested positive for Chikungunya was then cross-referenced with

the dates on which the illness was discovered. As a result, our epidemiology database was enhanced and a new

variable (feature) linking each instance to a particular date could be created. Figure 7 illustrates the importance

of these techniques in model performance.
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Figure 7: Feature performances.

2.2.3 Data Exploration and preparation

Here, we will thoroughly examine our data. The headings of the various datasets will be shown first, followed by

an analysis of how Chikungunya has changed throughout the years in the countries under study. Lastly, we will

draw attention to the characteristics’ relationships, specifically those between the epidemiological and climatic

data.

An identical modeling pipeline was applied to all three countries (Chad, Brazil, and Paraguay). For each

dataset, the same preprocessing procedures (missing data imputation, normalization), feature engineering strategy

(lagged epidemiological variables and climatic covariates), machine learning models (Random Forest, XGBoost,

and Voting Regressor), hyperparameter optimization via grid search, and evaluation metrics: Mean Absoluet

Error (MAE), Root Mean Square Error (RMSE), and R2) were used. This unified pipeline guarantees that

performance differences across countries reflect underlying epidemiological and climatic heterogeneity rather than

methodological bias.
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Data headers: Figure 8 illustrates the main variables available in climate datasets, which include date, tem-

perature, humidity, and precipitation.

Figure 8: Example of climate data headers (Brazil case)

Figure 9 shows the main variables present in the epidemiological datasets, covering Chikungunya cases over

time.

Figure 9: Example of epidemiological data headers (Brazil case)

So, when we combine the epidemiological data with the climate data, the header of the resulting dataset is

shown in figure 10.
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Figure 10: Example of the final dataset combining climatic and epidemiological data (Brazil case)

2.2.4 Illustration of the evolution of Chikungunya

The time-evolution of the CHIKV at Chad, Brazil and Paraguay is depicted. respectively, in figures 11, 12, and

13.

Figure 11: Historical evolution of reported Chikungunya cases in Chad over time, illustrating disease incidence
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Figure 12: Historical evolution of reported Chikungunya cases in Brazil over time, illustrating disease incidence.

Figure 13: Historical evolution of reported Chikungunya cases in Paraguay over time, illustrating disease incidence.

Correlation analysis The following analysis explores the relationship between the number of Chikungunya

cases and climatic variables.
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Figure 14: orrelation between climate variables and number of cases.

Anomalies, such as sharp variations or gaps in the records, were also brought to light by data mining and

required particular methodological changes to guarantee the accuracy of subsequent analysis.

2.3 Predictive models

In order to forecast Chikungunya cases, we choose to employ multiple supervised regression models. Using an

ensemble model, this method enables us to assess the effectiveness of several algorithms and get predictions that

are more reliable. The following models were selected: Random Forest Regressor, XGBoost Regressor with Grid

Search, and Ensemble Model (Voting Regressor).

2.3.1 Theoretical Foundations of the predictive models

Random Forest: Using a bootstrap sample and a subset of variables, Random Forest [52] builds a forest of B

regression trees h(x, θb). The average of each individual prediction is the final forecast:

f̂RF(x) =
1

B

B∑
b=1

h(x, θb).

https://mjcellpress.com/article/mjmcs03/
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This bagging technique keeps bias low while lowering variance. Despite the large number of noisy variables, the

model remains consistent and robust to dimensionality [53].

XGBoost: With regularization and second-order approximation, XGBoost is an enhanced variant of gradient

boosting [54]. The forecast at each iteration t is:

ŷ
(t)
i = ŷ

(t−1)
i + ft(xi),

and the objective to minimise is:

L(t) =

n∑
i=1

ℓ
(
yi, ŷ

(t−1)
i + ft(xi)

)
+Ω(ft),

with the regularization :

Ω(f) = γT + 1
2λ

T∑
j=1

w2
j .

By second-order Taylor approximation:

L(t) ≈
n∑

i=1

[
gift(xi) +

1

2
hift(xi)

2

]
+Ω(ft),

where gi and hi are the first and second derivatives of the loss with respect to the previous prediction. The optimal

value of the weight of a leaf j is written as:

w∗
j = −

∑
i∈Ij gi∑

i∈Ij hi + λ
.

The separation gain for a split is given by:

Lsplit =
1

2

[
(
∑

i∈IL gi)
2∑

i∈IL hi + λ
+

(
∑

i∈IR gi)
2∑

i∈IR hi + λ
−

(
∑

i∈I gi)
2∑

i∈I hi + λ

]
− γ.

By considering regularization and scalable architecture, this formulation makes it possible to construct trees

efficiently.

Voting Regressor: The Voting Regressor combines the predictions of multiple base regression models {M1,M2, . . . ,Mm}

[55, 56]. Two aggregation strategies are commonly used:

• Simple averaging:

ŷvote =
1

m

m∑
k=1

ŷk, (1)
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• Weighted averaging:

ŷvote =

m∑
k=1

wkŷk, with

m∑
k=1

wk = 1, (2)

where wk denotes the weight assigned to model Mk, allowing stronger models to contribute more to the final

prediction.

The architecture of the Ensemble model is shown in figure 15.

Figure 15: Architecture of the Ensemble models.

2.4 Evaluation metrics

Predictive models are evaluated using three performance criteria: Mean Absolute Error (MAE), Root Mean

Square Error (RMSE), and coefficient of determination (R2). In the following, n represents the total number

of Chikungunya cases, yi denotes the actual value of Chikungunya, and ŷi represents the anticipated value of

Chikungunya.
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2.4.1 Mean Absolute Error (MAE)

The mean absolute error calculates the average of the absolute values of the variances between the expected and

actual values.

MAE =
1

n

n∑
i=1

|yi − ŷi|. (3)

2.4.2 Root Mean Square Error (RMSE)

The Root Mean Square Error measures the difference between the predicted and actual values of a model. It is

commonly used in the fields of regression and time series forecasting, especially to assess the accuracy of forecasting

models. The expression is as follows:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2, (4)

2.4.3 The coefficient of determination (R2)

The coefficient of determination R2 is a statistical metric that determines how much of a dependent variable’s

variation can be predicted by one or more independent variables in a regression model. It shows how well the

model accounts for variations in the observed data. The expression is as follows:

R2 = 1− SSR

SST
, (5)

where

SSR =

n∑
i=1

(yi − ŷi)
2, (6)

is the sum of the squares of the residuals, representing the variance not explained by the model, and

SST =

n∑
i=1

(yi − ȳ)2, (7)

is the sum total of squares, representing the total variance of the data.

3 Results and Discussion

This part focuses on the examination of the forecast outcomes that are derived from the application of machine

learning techniques to climate data and past Chikungunya cases in three countries: Brazil, Paraguay, and Chad.

The objective is to provide a thorough presentation of the findings, suggest a thorough discussion, and point out

any flaws or restrictions.
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Table 1: Description of optimized hyperparameters for Random Forest Regressor with GridSearch

Hyperparameters

Country n estimators max depth min samples leaf min samples split

Chad 200 10 2 2
Brazil 200 20 2 2
Paraguay 200 None 1 5

Table 2: Description of optimized hyperparameters for the XGBoost Regressor with GridSearch

Hyperparameters

Country n estimators max depth subsample learning rate

Chad 300 5 0.8 0.2
Brazil 100 5 1.0 0.2
Paraguay 100 7 0.1 0.2

3.1 Results

3.1.1 Cross-validation method (Training and Test)

The dataset, consisting of 366 instances for Chad and 1826 instances for Brazil and Paraguay, including climate

data and information on Chikungunya cases, was divided into two parts for training. First, the data was shuffled

and then separated into two sets: 80% of the data was used for training (training set) and 20% was reserved for

testing (testing set).

3.1.2 Choice of Hyperparameters for Ensemble Models

The hyperparameters of the models used to determine their performance are detailed below.

3.1.3 Random Forest Regressor

This section details the choice of specific hyperparameters for the Random Forest Regressor and their impact

on prediction accuracy. These hyperparameters were adjusted using the grid search method to optimize the

performance of the model illustrated in Table 1.

3.1.4 XGBoost Regressor

The hyperparameters used for the XGBoost Regressor are listed in table 2.

3.1.5 Results obtained by our models

In this section, we present our results through a table, followed by an in-depth discussion. Subsequently, we

illustrate the various performance measures using various graphs.
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Table 3: Performance indicators (MAE, RMSE, R2 score) of the models for Brazil, Chad and Paraguay.

Country Models MAE RMSE R2 Score

Brazil

Linear Regression 1178.99 1591.25 0.447
Random Forest Regressor 897.17 1477.20 0.523
XGBoost Regressor 827.16 1459.15 0.535
Voting Regressor 840.14 1387.23 0.65

Chad

Linear Regression 56.06 98.34 0.198
Random Forest Regressor 47.81 80.90 0.457
XGBoost Regressor 55.17 101.13 0.152
Voting Regressor 50.52 93.02 0.282

Paraguay

Linear Regression 67.15 84.68 0.332
Random Forest Regressor 35.31 61.28 0.650
XGBoost Regressor 40.32 71.95 0.517
Voting Regressor 40.37 62.25 0.59,97

The table 3 below illustrates the metrics for evaluating the results of our work.

The results show that the overall model, in particular the Voting Regressor, outperformed the other models

overall in terms of accuracy. Reduce errors (MAE and RMSE) and increase the R2 score, indicating a better

explanation of the variance in the data.

For Paraguay, the Voting Regressor obtained a low RMSE (62.25) and the bestR2 score (0.5957), outperforming

the Linear Regressor and XGBoost Regressor models. In Brazil, although the XGBoost Regressor model performed

very well (RMSE of 1459.15 and R2 of 0.65), the Voting Regressor managed to obtain comparable results with a

particularly low RMSE of 1387.23. For Chad, the performance of the models was weaker overall, but the Voting

Regressor still showed a slight improvement over the other models, although the R2 score remained low (0.282).

In conclusion, the ensemble models, and particularly the Voting Regressor, proved to be the best at predicting

cases of Chikungunya in the three countries studied, although with more reliable predictions for Brazil and

Paraguay than for Chad, which is due to the quantity of data available for this country.

Figure 16 shows, in terms of RMSE and coefficient of determination R2, the level of performance of each of

the models.
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Figure 16: Performance comparison of Linear Regression, Random Forest, XGBoost, and Voting Regressor across
Brazil, Chad, and Paraguay using MAE, RMSE, and R2 metrics (top to bottom).
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3.1.6 Prediction

Here we present the test predictions in each country for the overall model (VotingRegressor). Figures 17, 18, and

19 illustrate the Chikungunya prediction phase in Brazil, Chad, and Paraguay.

Figure 17: Comparison between observed Chikungunya cases and ensemble regression predictions in Brazil over
the test period.

Figure 18: Comparison between observed Chikungunya cases and ensemble regression predictions in Chad over
the test period.
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Figure 19: Comparison between observed Chikungunya cases and ensemble regression predictions in Paraguay
over the test period.

Figure 20 illustrates the 3-year forecast for Chikungunya in Brazil.

Figure 20: Forecasting of Chikungunya cases in Brazil from 2021 to 2024.
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3.2 Wilcoxon statistical test and paired t-test analysis

The paired t-test did not reveal statistically significant differences between Voting Regressor and XGBoost (p =

0.2126) or Random Forest (p = 0.2607) (see Figure 21). Similarly, the Wilcoxon signed rank test confirmed that

the improvements observed in the Voting Regressor compared to XGBoost (p = 0.2081) and Random Forest (p =

0.2997) were not significant at the 5% level. These results indicate that, although the VotingRegressor achieved

slightly better error measures, its superiority cannot be statistically demonstrated. However, its consistently

competitive performance across different countries suggests that the ensemble strategies remain useful in stabilizing

predictions in heterogeneous epidemiological and climatic contexts.

Figure 21: Statistical Comparison of voting regressor (case of brazil)

3.3 Discussion

Our findings demonstrate the competitive performance of regression models applied to epidemiological and climatic

data related to chikungunya. With a low MAE and a comparatively reduced RMSE, the Voting Regressor en-

semble model—which integrates the predictions of the Linear Regressor, Random Forest Regressor, and XGBoost

Regressor—outperformed the individual models overall. In the case of Paraguay, the Voting Regressor achieved

an MAE of 40.37, representing a clear improvement over the Linear Regressor, which yielded an MAE of 67.15.

The RMSE of the Voting Regressor was 62.25, indicating strong predictive performance despite the complexity of
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the epidemiological and climatic datasets. The R2 score of 0.59 further shows that this model explains nearly 60%

of the variance in the data for this region, highlighting the crucial role played by data augmentation techniques

[48] and KNN-based imputation [47] in achieving these results.

For Brazil, the Voting Regressor exhibited comparable robustness, with an R2 score of 0.65—higher than those

obtained with the Random Forest and XGBoost regressors—and a lower RMSE (1387.23) than the other models.

These findings suggest that the Voting Regressor effectively combines the strengths of individual algorithms to

produce more balanced and reliable predictions.

In Chad, although the overall predictive performance of all models was lower, the Voting Regressor remained

the best-performing approach, achieving an MAE of 50.52 and an RMSE of 93.02. The R2 score of 0.282,

the highest among the models tested for this country, indicates that the ensemble model better captures data

variability despite the limitations associated with the relatively small dataset. Here again, data augmentation and

KNN imputation strategies played a critical role in improving model performance.

In this context, the reduced predictive accuracy observed in some settings, such as Chad, may be partly

attributed to the limited availability of explanatory variables, underscoring the need for a more comprehensive

integration of climatic and epidemiological predictors. Moreover, particular attention should be paid to the effects

of meteorological factors, including humidity and temperature. For example, while higher humidity appears to be

associated with increased chikungunya incidence, rising temperatures may be linked to a decline in reported cases.

These seemingly paradoxical relationships provide valuable perspectives for refining future predictive models.

4 Conclusion

The main objective of this study was to develop a predictive model for chikungunya using ensemble regression

approaches derived from artificial intelligence, by examining the influence of climatic variables on disease transmis-

sion in Brazil, Paraguay, and Chad through advanced regression techniques. Epidemiological data were obtained

from the PAHO real-time surveillance platform (for Paraguay), WHO reports (for Chad), and the Mendeley

database (for Brazil), while climatic data were collected from reliable sources such as the Weather and Climate

website. The models selected for this study included the Random Forest Regressor and the XGBoost Regressor

optimized via grid search, as well as an ensemble model (Voting Regressor) combining Linear Regression, Random

Forest Regressor, and the optimized XGBoost Regressor. Among these approaches, the Voting Regressor ensem-

ble model achieved the best overall performance, yielding the lowest MAE, relatively low RMSE, and satisfactory

predictive accuracy (65% for Brazil, 28.2% for Chad, and 59.97% for Paraguay). At the 5% significance level, the

paired t-test and the Wilcoxon signed-rank test revealed no statistically significant differences between the Voting

Regressor and XGBoost (p = 0.2126 and p = 0.2081, respectively) or Random Forest (p = 0.2607 and p = 0.2997,

respectively). Although the Voting Regressor exhibited slightly improved error metrics, this advantage could not
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be demonstrated statistically. Nevertheless, its consistent performance across different countries suggests that

ensemble strategies are effective for stabilizing predictions in heterogeneous epidemiological and climatic contexts.

The limitations of this study indicate that climatic variables alone are insufficient to fully explain the observed

variability in chikungunya incidence across the investigated countries. Future research should therefore incorporate

additional environmental and socio-ecological factors and develop hybrid models that combine multiple machine

learning algorithms to further refine forecasting accuracy. Recommendations include strengthening data collection

systems, adopting intervention strategies adapted to climatic variability, and enhancing community awareness of

hygiene practices and chikungunya prevention. Furthermore, to ensure that methodological improvements are

meaningful, the systematic application of statistical validation procedures—such as the paired t-test and the

Wilcoxon signed-rank test—remains essential.
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[39] Organisation Mondiale de la Santé. Évaluation externe conjointe des principales capacités Règlement sanitaire
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