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Abstract 

 

Dengue fever is a vector-borne disease whose dynamics are substantially driven by climate change and environmental variability. To 

this end, this study proposed the establishment and assessment of machine learning models for predicting the severity of dengue 

incidents in Chanthaburi province, Thailand, based on climatic and environmental variables from 2018–2022. Both classification 

accuracy and confusion matrix analyses were used to compare the implementation of four machine learning algorithms: Random Forest, 

Gradient Boosting, Extra Trees, and CatBoost. The highest-performing model was able to predict a sum score of 0.50 correctly 86.70% 

of the time, which suggests that the developed system has good predictive ability, especially in homing in on low-severity dengue 

cases. Still, challenges associated with recognizing high-severity cases persist. Shapley Additive Explanations (SHAP) sensitivity 

analysis revealed that specific air pollutant levels (PM10, PM2.5), time-lag parameters, and indicators such as temperature and 

humidity, particularly during certain periods, were significant predictors of dengue severity. Our results reveal the intricate relationships 

between environmental variables and the pattern of dengue transmission, arguing for a judicious use of machine learning tools as 

evidence-based support to inform disease control policies. Future studies that consider other variables, longer time series data, and 

advanced modeling techniques are needed to increase the accuracy of predictions, especially with respect to improving sensitivity for 

high-severity dengue outbreaks. 
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1. Introduction 

 

Climate change is reshaping the landscape of public health, particularly through its impact on vector-borne diseases such as dengue 

fever. In tropical and subtropical regions, shifts in climate (such as rising temperatures, increased humidity, and changes in rainfall) 

create ideal conditions for Aedes mosquitoes, the primary carriers of dengue, to thrive and spread. These environmental changes can 

expand the geographic range of mosquito populations and prolong their breeding seasons, thereby increasing the risk and intensity of 

outbreaks [1]. 

The World Bank Group and Asian Development Bank [2] report that Thailand is considered highly vulnerable to climate variability 

and change due to increasing natural hazards, including heavy rainfall, floods, and droughts. With Thailand being in a tropical zone, 

temperature, precipitation, and pollution may affect disease patterns and health-related issues. Recent trends illustrate this growing 

threat [2]. For example, several countries in Southeast Asia have reported dramatic increases in dengue infections following periods of 

unusual heat and rainfall. Indonesia, for instance, saw a surge in dengue cases in early 2024 that coincided with a hotter-than-average 

season [3]. These developments underscore how climate change acts as a catalyst in the spread of dengue. 

In Thailand, the average temperature is projected to increase by 0.95°C–3.23°C above the 2005 baseline by the 2090s [2]. 

Furthermore, climate change contributes to poor air quality. The 6th Annual World Air Quality Report revealed that some cities in 

Thailand exceeded WHO PM2.5 guidelines by more than 10 times. As the climate crisis alters weather patterns, it disrupts wind and 

rainfall, affecting how pollutants are spread. [4]. 

In a prior study, we conducted a literature review to find and summarize existing published studies from 2013 onward that examine 

the effects of climate change on human health and diseases in Thailand [5]. This current study aims to continue analyzing climate 

change and health, focusing on dengue in Chanthaburi Province, Thailand, using pre-existing data from the Thai Ministry of Public 
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Health and the Thai Meteorological Department. Dengue and Chanthaburi province were chosen because the data from this province 

was the most robust after our initial review of all available data. Chanthaburi province is in eastern Thailand, on the Gulf of Thailand's 

shore. We investigated the relationship between climate change and dengue using a quantitative approach. The weather factors we 

analyzed include temperature, humidity, precipitation, PM2.5, and PM10.  

Dengue fever is endemic throughout Thailand [6], and climate is a significant factor in dengue activity transmission. Several studies 

have shown that fluctuations in temperature, rainfall, and humidity lead to increases in Aedes mosquito populations. For instance, 

Rahman et al. demonstrated that geographical variation resulted in significantly increased vulnerability for urbanized areas with diverse 

climatic conditions that facilitate dengue outbreaks in Thailand [7]. Furthermore, Chumpu et al. [8] reported strong relationships 

between provincial-level weather conditions and dengue fever outbreaks caused by delayed effects of rain or temperature in Southeast 

Asia from 2001 to 2014. Another study found that incorporating meteorological indicators such as maximum temperature and relative 

humidity into hybrid models significantly improves the accuracy of dengue predictions in Thailand’s high-risk regions [9]. Hii et al. 

[10] discovered that the relationship between climatic anomalies and dengue epidemics show a strong correlation between seasonal 

rainfall and Aedes aegypti proliferation. These findings are reinforced by recent research demonstrating that climate-induced shifts in 

mosquito ecology, particularly in terms of larval development and adult survival, are key determinants of transmission risk [11, 12]. 

Climate variables not only serve as predictive indicators but also play a crucial role in comprehending the spatiotemporal patterns of 

dengue transmission in Thailand. Therefore, climate-sensitive data is imperative to improve surveillance and direct proactive public 

health measures of dengue incidents. 

Although time-series forecasting methods like ARIMA and SARIMA can capture the seasonality of dengue outbreaks, they are 

limited in dealing with nonlinear relationships [13]. More recent advances have introduced machine learning and hybrid models that 

aim for higher accuracy for early warning systems. Kesorn et al. [14] constructed a model integrating support vector machines with 

Aedes aegypti infection rates and achieved greater predictive accuracy, particularly for areas suffering the same climate and 

geographical conditions. Similarly, Jain et al. [15] reported improved dengue forecasting performance by using machine learning to 

combine meteorological, socio-economic, and surveillance data. These conclusions argue for the development of data-driven, climate-

sensitive predictive models to form a key part of Thailand's dengue early warning systems. 

Public health prediction models that examine the relationship between diseases or health conditions and climate change are vital 

for understanding and mitigating the health impacts of a warming planet. These models integrate climate data with epidemiological 

information to predict how shifts in climate may influence the incidence, spread, and severity of various health conditions. For example, 

they can forecast the geographical expansion of vector-borne diseases like dengue as warmer temperatures and increased rainfall create 

favorable conditions for mosquito breeding. Similarly, models can assess how extreme weather events, such as heatwaves or hurricanes, 

exacerbate cardiovascular and respiratory conditions [16-18].   

Molina-Guzmán et al. [19] conducted a global systematic review of studies using modeling methods to determine the impacts of 

climate and environmental variations on the incidence of vector-borne and infectious diseases, and identified over ten different 

modeling methods used to predict vector distribution. They concluded that as global temperatures continue to rise, the frequency of 

extreme events is likely to increase as well. This result underscores the importance of understanding the impact of climate and 

environmental changes on the occurrence of infectious diseases as a key public health priority. 

Dengue outbreak prediction involves discovering the complicated relationship between climate, socioeconomic conditions, and 

environmental variables. Numerous studies have revealed that various meteorological variables (i.e., temperature, precipitation, and 

relative humidity) are highly correlated with the temporal and geographical distribution of dengue in Thailand. Two studies developed 

a dengue outbreak predicting model by integrating disease monitoring data with meteorological and socio-economic variables. These 

studies showed the importance of using delayed weather observations and urbanization in the new model [15, 20]. Chumpu et al. [8] 

discovered a significant correlation with meteorological data and provincial-level dengue incidence. Kerdprasop et al [21]. utilized 

machine learning and remote-sensing data for predicting dengue incidence. They found that the developed models frequently 

outperform conventional models, even in the absence of specific knowledge regarding the underlying association between dengue cases 

and several environmental factors. Abdulsalam et al. [22] found a strong correlation between climatic indicators, including cloud cover, 

temperature, and precipitation, and the incidence of dengue fever epidemics in southern Thailand. Such evidence indicates that local 

climatic adaptation must be included in predictive models. Furthermore, novel techniques like support vector machines (SVM) or 

quadratic discriminant functions have demonstrated efficacy in predicting dengue morbidity, even when incorporating climatic and 

entomological data into the study, as do Random Forests and hybrid methods like Chi-squared Automatic Interaction Detection 

(CHAID) [13, 14, 23]. These results show that physically based computational models that use climate data are becoming more useful 

for making dengue forecasts with realistic short-term time and space limits. This is especially true in countries like Thailand that are at 

risk for health problems caused by climate change. 

Recently, several studies have used conventional and advanced machine learning (ML) and deep learning models for dengue 

outbreak prediction, with their primary emphasis on climate/meteorological drivers. High-end predictive performance of advanced 

algorithms such as LSTM, XGBoost, and hybrid approaches was noticed in countries like India [24, 25], Vietnam [26], Bangladesh 

[27], Pakistan [28], Brazil, and China [9, 29-31]. Adjusting meteorological factors with dengue surveillance data improves forecasting 

[9, 25, 26, 28]. In the context of early warning systems, novel methods such as feature selection through wrappers [28], ensemble 

methods [29], and hybrid models to deal with zero-inflated data [27] perform very well. Specifically, in Jaipur, India, 1D-CNN achieved 

high predictive accuracy [24], while in Vietnam, the model that performed best was negative binomial regression (NB) [25]. Rainfall 

was identified as a critical factor in ANN and XGBoost, which provided useful results for Bangladesh [25]. Such studies offer proof-

of-concept demonstrations of the utility of AI-based models in predicting dengue epidemics and support their application for timely 

interventions across endemic settings [30]. By leveraging advanced statistical techniques and machine learning, prediction models 

provide actionable insights for policymakers to develop targeted interventions, allocate resources effectively, and enhance public health 

resilience against the multifaceted impacts of climate change. 

Machine learning-based models, especially random forest, are more effective than conventional statistical models for forecasting 

dengue incidence [31]. Similarly, a comparative study in Bangladesh concluded that the XGBoost model outperformed Artificial Neural 

Network (ANN) and linear regression models, demonstrating superior accuracy in predicting dengue cases based on climate data [30]. 

In Jaipur, India, a study evaluated several deep learning algorithms, finding that a one-dimensional convolutional neural network 

(1DCNN) model showed the highest accuracy and robustness for predicting dengue cases, even with smaller datasets, when compared 

to ANN and Long Short-Term Memory (LSTM) models [24]. Hybrid models that combine different algorithms, such as IHLOA 

(Improved Horned Lizard Optimization Algorithm) with SVM, KNN, or RF, demonstrate superior accuracy and stability compared to 
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single models. These models accurately predict dengue outbreaks by analyzing the correlation and lag effects of climatic factors on 

dengue incidence [9]. Ensemble methods like XGBoost are known for their ability to handle complex, non-linear data effectively [30].  

There is strong consensus across the literature that climatic factors are crucial for accurate dengue forecasting. Precipitation is 

consistently identified as a primary predictor of dengue incidence across multiple studies [26, 30]. Other significant climatic factors 

include temperature, rainfall, relative humidity, and wind speed, which influence mosquito breeding, survival, and dispersal [9, 26, 

31]. Both minimum and maximum temperatures are significant predictors. High temperatures are noted to accelerate mosquito 

reproduction and growth. Rainfall is identified as a key factor, often the most significant predictor, as it creates breeding sites for 

mosquitoes. Relative humidity is consistently shown to influence dengue incidence, as it affects mosquito survival and viral 

propagation. Wind speed is also noted as an influential factor, though its effect can be complex, potentially disrupting mosquito flight 

or aiding in their dispersal. Additionally, meteorological factors exhibit a delayed (lag) effect on dengue incidence. For instance, a lag 

of 3-4 months for factors like dew point temperature and relative humidity has been observed, reflecting the time required for mosquito 

life cycles and virus transmission dynamics to manifest in human cases [9].  

The primary goal of developing these predictive models is to establish effective early warning systems. These systems can 

anticipate outbreaks, allowing health authorities to implement preventive measures, manage resources, and raise community awareness 

in a timely manner [26, 31]. The use of data-driven machine learning models allows for more accurate and reliable forecasts compared 

to traditional methods. This enables proactive public health strategies, such as targeted vector control and resource allocation, based 

on scientific evidence rather than reactive responses [26]. Given that dengue is endemic in Thailand, our study aims to achieve two 

objectives: (1) to investigate the relationship between climate change and dengue outbreaks in Thailand; (2) to utilize artificial 

intelligence models to enhance prediction accuracy. 

The research questions are: (1) Do changes in climate patterns (specifically: temperature, humidity, precipitation, PM2.5, and 

PM10) impact dengue in Thailand?; and (2) Is there a possibility of using a machine learning system to predict the pattern? 

 

2. Materials and methods 

 

The research methodology involves five main steps: (1) considering a study area affected by dengue incidence, (2) collecting 

relevant data, (3) exploring various predictive models and developing the selected model using Python programming, (4) evaluating 

its accuracy using appropriate performance metrics, and (5) conducting sensitivity analyses. The detailed steps of the research 

methodology are outlined below. 

 

2.1 Study area 

 

Chanthaburi province (Figure 1), located in eastern Thailand, was selected due to its high dengue incidence rates and its varied 

climatic patterns influenced by both coastal and inland geography. The province’s environmental characteristics make it an ideal case 

study for examining the relationship between vector-borne diseases and climate-related factors [32-34]. Also, the data on dengue and 

Chanthaburi province were the most robust after our initial review of all available data.  

 

 
 

Figure 1 Map of Chantaburi, Thailand, and locations of weather stations 

 

2.2 Data collection 

 

2.2.1 Climate and environmental data 

 

Monthly weather data were obtained from the Thai Meteorological Department for the period from January 2018 to December 

2022, comprising a total of 60 datasets matching the existing health data. The environmental variables included in the analysis were as 

follows: precipitation (mm/month), temperature (°C), including minimum, maximum, and dry bulbs, relative humidity (%), and 

particulate matter, including PM2.5 and PM10 (µg/m³). 

The first three climate variables—precipitation, temperature, and relative humidity—were collected from a weather station located 

in Chanthaburi province. PM10 data were retrieved from the following monitoring stations surrounding Chanthaburi: 28T and 29T in 

Rayong Province, 33T and 34T in Chonburi Province, 60T in Chachoengsao Province, and 71T in Sa Kaeo Province. For PM2.5, data 
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were obtained from station 30T in Rayong province and station 32T in Chanthaburi province. The weather stations shown in Figure 1 

were selected based on the availability of the data and the proximity to Chanthaburi province. The environmental variables were 

selected based on prior literature that highlights their potential influence on mosquito breeding, virus replication, and disease 

transmission.  

 

2.2.2 Health data 

 

We obtained monthly dengue case reports from the Thai Ministry of Public Health’s national disease surveillance system, which 

compiles data from both inpatient and outpatient health services. Among the 298 reportable conditions monitored, this study focused 

on dengue cases in Chanthaburi Province from January 2018 to December 2022, yielding a total of 60 monthly records. This period 

represented the complete dataset available from the Ministry of Health at that time. We categorized the data into two severity levels 

based on incidence: low and high. Cases with values below the 50th percentile were classified as low severity (56 instances), while 

those at or above the 50th percentile were classified as high severity (14 instances). Because the World Health Organization and no 

other organization have standard guidelines based on a single 50th percentile criterion for dengue severity, we used the median as a 

guide for our study [35, 36]. 

 

2.3 Predictive modelling and model development 

 

We selected four machine learning models to compare their performance in predicting the severity of dengue incidents based on 

observed climate and air quality data. A brief description of each model is provided below. 

 

2.3.1 Random forest 

 

Freiman first introduced Random Forest (RF) as an ensemble learning algorithm that is rooted in decision trees [37]. This method 

helps in preventing overfitting in regression tasks and handling missing data in classification tasks. RF applies the bootstrap aggregation 

(bagging) methodology, generating a number of data sets by drawing with replacement to create multiple training trees [38-40]. The 

accuracy of the model increases and overfitting is reduced when we increase the number of trees, which allows us to fit more complex 

non-linear relationships [41, 42]. RF is an ensemble method that comprises multiple basic units that are individual decision trees (DTs), 

and aggregates them together [43]. RF effectively is an ensemble of decision trees, where higher rules (trees) average up to better 

predictions. 

 

2.3.2 Gradient boosting regressor 

 

Gradient Boosting Regressor (GBR) is an ensemble learning technique that constructs a series of decision trees sequentially, where 

each tree aims to correct the prediction errors of the previous one [44]. As noted by Rao et al. [45], GBR utilizes the boosting technique 

to strengthen weak learners—typically decision trees—by iteratively improving model performance. The algorithm functions by 

optimizing a loss function through gradient descent, selecting subsequent models that move in the direction of the negative gradient of 

the loss [37]. GBR relies on an ensemble of base models and fits simple learners to different data regions [46]. Three key components 

form the foundation of GBR: a loss function to be minimized, a weak learner to generate predictions, and an additive model to combine 

learners over iterations [47]. With proper tuning, these elements help mitigate overfitting. GBR constructs the predictive model in a 

stage-wise manner and updates predictions by minimizing the residual errors at each iteration.  

 

2.3.3 Extra trees 

 

The Extremely Randomized Trees (Extra Trees or ET) algorithm is a relatively recent extension of the Random Forest (RF) method, 

designed to reduce the likelihood of overfitting [48]. Like RF, ET trains each base estimator using a random subset of features [49, 50]. 

However, ET differs by selecting split features and values entirely at random and using the entire training dataset rather than bootstrap 

samples, as RF does [51]. ET splits the dataset into multiple subgroups (child samples) for individual predictions, which are then 

averaged to enhance accuracy and mitigate overfitting. Key features of ET include random split point selection and training with the 

full dataset [48]. 

 

2.3.4 CatBoost 

 

CatBoost is a gradient boosting algorithm designed for efficient, high-performance machine learning, particularly excelling in 

handling categorical and diverse data with minimal preprocessing. Developed by Yandex in 2017, CatBoost is an open-source 

algorithm that supports various data types—text, audio, images—within one framework. Its standout feature is the ability to handle 

categorical variables automatically, removing the need for manual encoding and reducing the risk of information loss [52]. Built on 

decision trees and gradient boosting, CatBoost iteratively combines weak learners to optimize a loss function. It uniquely uses oblivious 

decision trees, where each level splits on the same feature under the same condition. This enhances computational efficiency, simplifies 

model structure, and reduces overfitting. These strengths make CatBoost ideal for real-world applications requiring accuracy, speed, 

and minimal data preparation. 

The predictive models were developed using Python programming and executed in the Google Colab environment. Given the small 

dataset size of only 60 instances, we employed fivefold cross-validation to ensure robust model evaluation. To optimize the 

hyperparameters of each predictive model, we utilized Optuna—an automatic hyperparameter optimization framework specifically 

designed for machine learning. 

 

2.5 Accuracy evaluation metrics 

 

We evaluated the performance of the machine learning models in predicting dengue incident severity using two primary metrics: 

accuracy and the confusion matrix.  
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Accuracy measures the proportion of correctly classified cases—both low and high severity—out of the total number of 

observations. This metric provided an overall measure of each model’s predictive performance. It is calculated as: 

 

Accuracy=
TP+TN

TP+TN+FP+FN
 (1) 

 

where: TP = True Positives (high severity correctly predicted as high) 

TN = True Negatives (low severity correctly predicted as low) 

FP = False Positives (low severity incorrectly predicted as high) 

FN = False Negatives (high severity incorrectly predicted as low) 

 

Additionally, confusion matrices were generated for each model to offer a more detailed view of classification outcomes. The 

confusion matrix summarizes the number of true positive, true negative, false positive, and false negative predictions, enabling the 

identification of specific patterns of misclassification. In this study, the confusion matrix allowed assessment of how well each model 

distinguished between low and high dengue incident severity. All metrics were computed using functions from the scikit-learn library 

in Python, with results reported as mean values from cross-validation procedures to ensure robustness and reliability in performance 

evaluation. 

 

2.6 Sensitivity analysis 

 

The influence of single input parameters on the prediction results was investigated by means of a sensitivity analysis in the context 

of the best model performing for predictivity. The step-by-step feature influences were illustrated by Shapley Additive Explanations 

(SHAP), a model-agnostic explanatory approach. SHAP values calculate the average contribution of each feature to the model output 

and then explain both global and local interpretability. Two types of SHAP plots were used: the summary bar plot, which shows the 

mean absolute SHAP value for each feature, and the Beeswarm plot, which displays the distribution and directionality of the features' 

effects for every observation. This study detailed the relative importance of meteorological and environmental predictors for dengue 

incidence prediction and how modifications to each variable corresponded with different predicted results. This knowledge is critical 

both in understanding what models do and designing public health surveillance decision-making processes. 

 

3. Results and discussion 

 

3.1 Data analysis  

 

All climate and health datasets were aggregated monthly to ensure consistent temporal resolution. Descriptive statistical analyses 

were conducted to examine trends and variability in both the climate and dengue datasets. Based on the descriptive statistical analysis 

in Table 1 and boxplots (Figure 2) of the climate and air quality data categorized by dengue incident severity (High vs. Low), several 

key patterns emerge. Overall, high-severity months show higher minimum temperatures but similar maximum temperatures, along 

with higher humidity, more rainfall, and lower particulate levels. This suggests that warmer and more humid conditions may support 

mosquito breeding and virus transmission [53-55].   

 

Table 1 Descriptive statistical analysis 

 

Climate data 
Descriptive statistical analysis 

Max Min Mean SD Skewness Kurtosis 

Rainfall (mm) 806.60 0.00 244.28 221.09 0.85 -0.26 

MinTemp (°C) 26.40 20.60 24.25 1.25 -0.76 0.27 

MaxTemp (°C) 34.90 30.70 32.86 1.05 -0.06 -0.90 

Dry Bulb Temp (°C) 30.00 25.90 28.06 0.84 -0.26 0.03 

Relative Humidity (%) 89.00 62.00 78.27 6.71 -0.68 -0.37 

PM10_28T (µg/m³) 85.54 24.17 43.42 14.74 1.12 0.80 

PM10_29T (µg/m³) 81.66 23.07 43.63 14.36 0.78 -0.19 

PM10_33T (µg/m³) 96.07 26.25 45.46 17.14 1.33 1.54 

PM10_71T (µg/m³) 74.78 18.40 37.95 14.72 0.65 -0.44 

PM10_34T (µg/m³) 73.10 5.90 32.86 16.28 0.53 -0.22 

PM10_60T (µg/m³) 81.76 23.61 45.43 15.51 0.75 -0.12 

PM2.5_30T (µg/m³) 42.53 7.06 17.83 8.62 0.96 0.24 

PM2.5_32T (µg/m³) 46.00 7.18 20.05 9.72 1.09 0.53 

 

From the distribution characteristics, most distributions are well-behaved. Temperatures are close to symmetric (MaxTemp skew 

−0.06; kurtosis −0.90), and relative humidity is slightly left-skewed (−0.68). Rainfall shows a moderate right skew (0.85) with light 

tails (kurtosis −0.26). Particulate matters are less balanced: PM10 (measured from station 33T) has a strong right tail and heavier tails 

overall (skew 1.33; kurtosis 1.54), with PM2.5 (measured from station 32T) and PM10 (measured from station 28T) also showing 

upper-tail elongation, pointing to occasional spikes. Together, the climate variables usually stay within a narrow range, with intermittent 

extremes. Any relation to dengue severity should be tested with groupwise comparisons or multivariable models, but the summaries 
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align with the view that warm, humid conditions can aid transmission while particulate peaks are episodic. This supports building 

climate-aware early-warning tools and evaluating them alongside particulate indicators. 

 

 
 

Figure 2 Boxplot of each climate data with dengue incident 
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Figure 2 Boxplot of each climate data with dengue incident (cont.) 

 

The boxplots reveal clear distinctions in air quality variables. Most PM10 and PM2.5 concentrations (across various monitoring 

stations) show lower median values during high-severity months than during low-severity months, although some outliers exist. This 

could imply that severe dengue outbreaks are not strongly correlated with elevated particulate matter levels, or that other climatic 

factors (such as temperature, and humidity) play a more direct role in dengue dynamics. 

 

3.2 Optimal hyperparameters of the predictive model 

 

To enhance predictive performance, the hyperparameters of all machine learning models were optimized using Optuna. We 

performed 50 trials for each model, employing cross-validation to identify parameter settings yielding the highest mean classification 

accuracy. Table 2 shows defined parameter search spaces and optimal hyperparameters for machine learning models. Hyperparameters, 

such as the number of estimators, tree depth, learning rate, and minimum samples per split or leaf, strongly shape model accuracy and 

generalization. Defaults can be serviceable, but systematic tuning often improves predictive performance and limits overfitting, 

especially in complex or high-dimensional settings. Research underscores dataset-specific tuning, advanced search strategies (e.g., 

Bayesian optimization, genetic algorithms), and the effects of hyperparameter choices on interpretability and computational efficiency 

[17, 56-58]. These hyperparameters reflect the complexity required by each model to capture the non-linear relationships between 

climatic variables and dengue incidence in Chanthaburi province.  

 

Table 2 Hyperparameters for machine learning models 

 

Model Parameter Range Optimal Value 

Random Forest n_estimators 50–200 51 

 max_depth 3–20 19 

 min_samples_split 2–10 4 

 min_samples_leaf 1–10 10 

Gradient Boosting n_estimators 50–200 64 

 learning_rate 0.01–0.30 0.14 

 max_depth 3–20 10 

 min_samples_split 2–10 5 

 min_samples_leaf 1–10 5 

Extra Trees n_estimators 50–200 50 

 max_depth 3–20 15 

 min_samples_split 2–10 4 

 min_samples_leaf 1–10 10 

CatBoost iterations 50–200 69 

 learning_rate 0.01–0.30 0.19 

 depth 3–10 5 

 

3.3 Model performance comparison 

 

In this study, a total of four models (Random Forest, Gradient Boosting, Extra Trees, and CatBoost) were developed to forecast 

the dengue incidence severity in Chanthaburi province based on weather and environmental factors. Validation of each model: mean 

classification accuracy by fivefold cross-validation. Table 3 shows the results that all models had a high prediction rate with mean 

accuracy from 0.80 to 0.85.  CatBoost, performed the best with a mean accuracy score of 0.85. The accuracies of Gradient Boosting 

and Random Forest were 0.82 and 0.80, respectively, where they also performed better than the other classifiers mentioned and close 

to Extra Trees at 0.83. These results also reinforce the compatibility of CatBoost for modeling highly non-linear ecological and 

epidemiological structures (which in part could be attributed to its capability of dealing with categorical variables—when compared 

with other boosting algorithms), in addition to helping to control against overfitting through the ordered boosting techniques. This 
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minor variance seen in model performance could imply that ensemble learning methods are reliably accurate in forecasting dengue 

outbreaks from climate variables but that advanced boosting techniques like CatBoost may offer an additional edge with high predictive 

precision. High performance of the CatBoost Model has indicated its viability as an alert tool to prevent dengue outbreaks and will 

help public health authorities with better resource planning and timely intervention. 

 

Table 3 Mean accuracy for predicting dengue incidence severity in Chanthaburi province by model. 

 

Model Mean Accuracy 

Random Forest 0.80 

Gradient Boosting 0.82 

Extra Trees 0.83 

CatBoost 0.87 

 

A confusion matrix analysis (Figure 3) was conducted for each model to further elucidate their classification performance. The 

Random Forest model correctly classified 41 out of 46 instances of low incident severity, but misclassified 5 as high severity, indicating 

a few false positives. For high-severity cases, it accurately identified 7 out of 14 instances, while 7 were misclassified as low-severity, 

yielding a recall of 50.00% for high-severity and an overall accuracy of approximately 80.00%.  

The Gradient Boosting model showed slightly lower performance, correctly predicting 38 low-severity cases while misclassifying 

eight as high-severity. For high-severity, only 6 out of 14 cases were correctly identified, and 8were misclassified as low severity, 

resulting in a recall of 42.90% for high-severity and an overall accuracy of around 82.00%.  

The Extra Trees model demonstrated improved accuracy, correctly classifying 45 low-severity cases with only 1 false positive, 

reflecting high specificity. However, for high-severity instances, 6 out of 14 were correctly predicted, while eight were misclassified 

as low severity, similar to previous models, resulting in a recall of 42.90% for high-severity and an overall accuracy of approximately 

83.30%.  

 

 
Figure 3 Confusion matrices illustrating the performance of four ML models 

 

Among all models, CatBoost achieved the strongest performance, correctly classifying all 46 instances of low severity without any 

false positives, thus demonstrating perfect specificity for low severity detection. However, for high-severity cases, only 6 out of 14 

instances were accurately identified, while 8 were misclassified as low-severity, yielding a recall of 42.90% for the high-severity class. 

Despite this limitation in sensitivity, CatBoost maintained perfect precision for predicting high severity, indicating no false positive 

predictions, and achieved the highest overall accuracy of 86.70% among the evaluated models. These findings collectively suggest that 

(a) (b) 

(c) (d) 
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while all models performed well in correctly identifying low-severity dengue cases, distinguishing high-severity events remains a 

challenge, with CatBoost offering the best balance between specificity and overall predictive performance. 

 

3.4 Influence of each input variable on the model predictions 

 

We evaluated the influence of individual input variables on CatBoost’s predictions for dengue incident severity using Shapley 

Additive Explanations (SHAP). Two types of SHAP plots were generated to interpret model behavior: a bar plot summarizing mean 

feature importance values and Beeswarm plot illustrating the distribution and directionality of each variable’s effect on the model 

output. 

Figure 4 (a) presents the SHAP bar plot, showing the mean absolute SHAP values for all input features. This plot reveals that 

variables related to particulate matter concentrations, particularly PM10 measured at stations 34T, 32T, and 29T, had the highest 

average impact on model predictions. These findings suggest that air pollution levels, especially specific lagged values of PM10 and 

PM2.5, are significant predictors in forecasting dengue severity in Chanthaburi province. Minimum temperature (MinTemp) also 

showed considerable influence, followed by PM10 at station 28T, and relative humidity (RH). Other variables, including rainfall, PM10 

aggregated values, and dry bulb temperature, contributed less prominently to the model’s output. 

Figure 4 (b) depicts the SHAP Beeswarm plot, which provides a detailed visualization of how each feature’s values influence the 

model’s predictions across all observations. In this plot, each dot represents a single SHAP value for a specific feature and observation. 

The horizontal spread indicates the magnitude of the feature’s impact, while color represents the actual feature value (from low in blue 

to high in pink). For example, higher values of PM10 at station 34T and PM2.5 at station 32T generally pushed predictions towards 

higher dengue severity, as indicated by SHAP values skewed to the right. Conversely, certain lower values of MinTemp and RH were 

associated with predictions of lower severity, reflected by negative SHAP values. This visualization confirms that both the magnitude 

and direction of individual feature contributions vary across observations, highlighting the complex relationships between climate, 

environmental variables, and dengue severity. 

These SHAP analyses underscore the importance of air quality variables and specific climatic factors in predicting dengue severity, 

offering valuable insights for public health surveillance and early warning systems in the context of Chanthaburi province. 

 

 
Figure 4 SHAP plots feature the importance for predicting dengue severity using CatBoost in Chanthaburi province: (a) mean absolute 

SHAP values ranking feature influence; (b) Beeswarm plot visualizing individual feature impacts and value effects on predictions. 

 

4. Discussion 

 

Climate factors, especially temperature and precipitation, are crucial determinants of dengue disease transmission.  Their distinct 

effects differ by place and are shaped by local environmental and socioeconomic conditions. Research throughout Southeast Asia and 

China consistently identifies temperature and precipitation patterns as critical determinants for dengue outbreaks, influencing mosquito 

vector development, survival, and the extrinsic incubation period of the virus [59-63]. Temperature is a primary factor influencing 

dengue transmission [62]. An increase in weekly average temperatures is consistently associated with a higher risk of dengue. For 

example, a 1°C rise was found to increase dengue risk by up to 24.00% in parts of Laos and 18.90% in parts of Thailand [59]. An 

analysis in Laos and Thailand found that weekly average temperatures below 28°C or 29°C increased dengue risk, while temperatures 

above this threshold had a weaker or decreasing effect [59]. Our findings are consistent with these previous studies. In Chanthaburi 

province high dengue severity was associated with slightly higher minimum and maximum temperatures, as well as higher dry bulb 

temperatures and relative humidity. 

Rainfall's effect on dengue is more complex than temperature's effect. Moderate rainfall can create abundant breeding sites for 

mosquitoes, increasing their population and disease risk [59]. In Laos and Thailand, it was found that a weekly cumulative rainfall of 

up to 60 mm increased dengue risk by 1.80-3.20% [59]. Conversely, heavy rainfall can have a negative effect by flushing out mosquito 

larvae and pupae from breeding sites, temporarily reducing the mosquito population [61, 63]. Research in northern Thailand found a 

negative association between total rainfall and dengue morbidity in a multiple regression analysis [63]. Higher relative humidity is also 

a critical factor, correlating with increased dengue cases. It supports the development, feeding activity, and survival of Aedes 

(a) (b) 



146  Engineering and Applied Science Research 2026;53(2) 

mosquitoes [61]. Relatedly, in our study, rainfall contributed less prominently to the model’s prediction than did temperature and 

relative humidity (RH).  

However, the impact of climatic conditions is not consistent. Dengue outbreaks in China are predominantly fueled by imported 

cases from Southeast Asia, which are affected by climatic conditions in the originating countries [60]. The impact of climate is 

interconnected with land use and land cover (LULC). The process of urbanization and the proliferation of rubber plantations might 

establish conducive microclimates and breeding environments for dengue vectors, hence exacerbating the risks linked to climatic 

influences [59]. Conversely, wetlands, especially after flooding events, might be adversely related to dengue risk due to the flushing 

of breeding sites and the presence of natural predators [59]. 

The relationship between particulate matter (PM10 and PM2.5) and dengue incidence has been explored in several studies, 

revealing some significant associations and potential mechanisms. Studies in Singapore and Taiwan have shown that higher 

concentrations of PM2.5 and PM10 are positively associated with increased dengue cases. In Singapore, PM2.5 and PM10 were found 

to be positively associated with dengue incidence, with relative risks (RR) of 1.28 and 1.30, respectively, for the 90th percentile of PM 

concentrations [64]. Similarly, in Taiwan, PM10 and PM2.5 were included in models predicting dengue fever incidence, indicating 

their potential role in influencing dengue outbreaks [65, 66]. Air pollution, including PM2.5, can modify the effects of meteorological 

factors on dengue incidence. For instance, in Guangzhou, higher PM2.5 levels were found to increase the risk of dengue during low-

precipitation days, while high-precipitation days showed a decreased risk with higher PM2.5 levels [67]. This suggests that PM2.5 can 

interact with weather conditions to influence dengue transmission dynamics. The exact mechanisms by which PM influences dengue 

incidence are not fully understood, but several hypotheses have been proposed. PM may affect the life cycle and behavior of mosquito 

vectors. For example, a study hypothesized that haze and PM could increase mosquito mortality, thereby influencing dengue 

transmission patterns [68]. PM exposure can affect human immune responses, potentially making individuals more susceptible to 

infections, including dengue [65, 69]. Interestingly, some studies have found that minimum levels of PM2.5 showed a negative 

contribution to monthly dengue incidence, suggesting a complex relationship that may depend on various environmental and biological 

factors [65]. Our study findings suggest that air pollution levels, especially specific lagged values of PM10 and PM2.5, are significant 

predictors in forecasting dengue severity in Chanthaburi province. However, both the magnitude and direction of PM10 and PM2.5 

contributions vary across observations. This concurs with previous studies that highlight the complex relationships between climate, 

environmental variables, and dengue severity. Our findings can serve as a reference for practical use, particularly by organizations 

engaged in surveillance planning, to identify high-risk areas and enhance efforts in the prevention and control of dengue fever. 

 

5. Conclusions 

 

Per our findings above, we conclude that changes in climate patterns do impact dengue in Thailand, and a machine learning system 

can be used to predict the severity of dengue cases. Of the four machine learning approaches employed, CatBoost was the top-

performing model with an overall accuracy of 87.00% in general and had considerable predictive power for low severity. Nevertheless, 

challenges were present in identifying high-severity incidents with accuracy, which should be improved with increased sensitivity 

towards more severe outbreaks. 

Sampling at lags allowed for a refinement in the most appropriate time window of initial conditions, and sensitivity analysis with 

Shapley Additive Explanations (SHAP) showed that particulate matter concentrations—especially select lagged PM10 and PM2.5 

values—were more relevant to mortality risk compared to ozone, temperature, or other covariates; meanwhile, greater optimal 

bandwidths emerged from sampling such concentration values. PM data collection stations not being located in Chanthaburi province 

(Figure 1) might have impacted the PM measurements, which would be a limitation of this study. Temperature and humidity made the 

most significant contribution to model predictions. These findings reveal intricate relationships involving air quality, climate factors, 

and dengue transmissibility for tailored public health efforts.  

Together, the results of this research highlight the potential for using machine learning models as tools in early warning systems to 

improve dengue surveillance. Further research should use more environmental and socioeconomic variables. Variables such as land 

use and land cover should also be considered as they are impacted by socioeconomic drivers and have been shown to be associated 

with dengue fever [54, 70]. Also of note is that Chanthaburi province is a border city that is impacted by issues such as immigration 

and environmental issues,  such as heavy rainfall, marine pollution, land-use change, etc. Future studies using data from border cities 

should take these issues into consideration. Further research should also increase the training period of models to include earlier time 

series data and evaluate ensemble or hybrid modeling techniques for even higher prediction of dengue severity outbreaks. Additionally, 

because high severity of dengue incidence is an important issue for prediction, more categories for levels of severity should be included.  
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