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Abstract

Dengue is one of the major public health problems in Bangladesh. This country experiences
periodic dengue outbreaks and it is particularly vulnerable to climate-related factors. The
increasing dengue burden in the country necessitates reliable prediction-based instruments to
inform public health strategies. In this study, we employed high-performance machine learning
(XGBoost), combined with explainable artificial intelligence (XAl). This evaluates the predictive
relevance of climate, socioeconomic, healthcare, and land-use variables for dengue incidence in
Bangladesh from January 2010 to December 2024. We also applied causal inference (CAI)
techniques by using the DoWhy framework. It enables robust interpretation of the variables’
impact and their directional influence on dengue incidence. The model performance was assessed
using RMSE, MAE, and MAPE matrices. Dengue cases increased suddenly in Bangladesh during
2019, 2023, and 2024, with each year exceeding 100,000 total cases and monthly peaks of 50,000
cases. The XGBoost model was the top-performing model (RMSE: 11,365.2; MAE: 7,014.68;
MAPE: 764.36). It offers the highest predictive accuracy of dengue risk. Climate indicators were
the strongest contributor to dengue prediction (41.87%), followed by sociodemographic (35.03%),
healthcare (19.16%), and landscape factors (3.95%). Our findings show that machine learning,
specifically XGBoost, can effectively predict dengue cases and help identify key ecological and
structural drivers. It highlights key ecological and structural drivers, supporting the integration of
real-time, multisectoral data into public health planning and decision-making. It also improved
digital literacy, health infrastructure, and early warning systems, which are essential for mitigating
dengue outbreaks in Bangladesh and similar endemic countries.
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1. Introduction

In Bangladesh, Dengue is one of the most serious public health issue with increasingly frequent
and prolonged outbreaks[1]. In the past years, it was seasonal disease, but now it poses a persistent
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threat throughout the year. In 2023, Bangladesh reported the highest number of dengue cases (over
300,000) and deaths (more than 1,500)[2,3]. Urban centsres (such as Dhaka, Chattogram, and
Khulna) are particularly vulnerable because of rapid urbanization, shifting unusual climatic
patterns, and unequal access to healthcare infrastructure[4].

Some studies often relied on traditional statistical models, including regression analyses and time-
series forecasts, to explore the relationship between climatic variables, population density, and
dengue incidence[5]. While these methods are informative, they assume linear relationships and
are unable to detect non-intuitive interactions within the complex datasets. Their explanatory
power remains limited in addressing the underlying drivers of disease emergence [6]. Some recent
studies have incorporated that, the machine learning (ML) models improved the prediction
accuracy[7-9]. For example, extreme gradient boosting (XGBoost) models proved to be quite
effective in handling high-dimensional, non-linear data and producing accurate predictions[10].
However, many of these models operate as opaque systems—often referred to as "black boxes"
with the foundation for predictions hidden [11]. This lack of interpretability restricts the use of
machine learning in policymaking because, in policymaking, transparency and intelligibility are
essential for successful implementation[11].

Explainable artificial intelligence (XAI) techniques are becoming increasingly relevant in
addressing these limitations in model interpretability. Among all the XAl techniques, SHAP
(Shapley Additive Explanations) values help clarify how individual predictors influence model
outcomes as well as improve their transparency[12]. As prediction is valuable, public health
planning also requires insight into the mechanisms behind disease transmission. Causal Inference
(CAI) methods can help uncover these mechanisms. The CAI approaches estimate the directional
influence of variables and it explores the counterfactual scenarios, such as assessing the impact of
increased healthcare access or modified urban development on dengue outcomes[13]. Despite their
usefulness, the integration between CAIl and XAl-supported machine learning models remains
limited in dengue-focused research, leaving room for methodological enhancement.

In this study, we address that gap by combining XGBoost modelling with SHAP-based
interpretation and selected CAI techniques for dengue prediction. We used the data from 2010 to
2023. The dataset included climatic trends, healthcare infrastructure, land use, and demographic
indicators. We also identified relevant predictors of dengue incidence by using these methods. We
then estimate potential causal effects to provide insight into factors that may influence dengue
outbreak dynamics. Rather than proposing a definitive solution, this framework offers a
methodological contribution that improves both interpretability and policy relevance in dengue
predictions. By linking prediction with explanation, it supports more informed analysis and may
help guide targeted interventions. The goal is to advance understanding and decision-support
strategies within Bangladesh’s broader dengue mitigation efforts.

2. Materials and methods
2.1 Study area and data collection

This study focuses on Bangladesh which is a South Asian nation with a tropical monsoon climate
and a wide range of environmental and socio-demographic parameters that influence dengue
epidemics (Figure 1). We collected monthly dengue case data from the DGHS and IEDCR. The
data were used for national analysis from 2010 to 2024. Supplementary variables from the World
Bank and WHO included GDP growth, unemployment rate, literacy rate, population density, and
healthcare access indicators such as hospital beds and physician density. Climatic data
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(temperature, humidity, rainfall, pressure, and wind speed) collected from NASA, while
Landscape metrics data (fractions of forest, agricultural, and arable land) collected from World
Bank databases. Variables were selected for their relevance to dengue risk and temporal resolution,
yielding comprehensive insights into spatial and seasonal trends described in previous studies
[14,15] and Table 1.
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60°E 70°E 80°E 90° 100°E 88°E 89°E 90°E 91°E 12°E

Figure 1: Study area. The map was made in R (version 4.5.1, https://cran.rstudio.com) by using
the rnaturalearth package, which provides natural earth map data for visualization. We used the sf
package to handle spatial data and make sure the geographic boundaries were represented
accurately.

Table 1: Description of the variables and data sources used in this study

Category Code Variable Description Data Source Temporal
Resolution
Time Variable Year Calendar Year (2010-2024) Yearly
Months Calendar Months (Jan-Dec)
Dengue Data Cases Number of reported dengue DGHS & IEDCR Monthly
cases
Socio-demographic Y1 GDP growth (annual %) https://data.worldbank. | Yearly
org/indicator
Y2 Unemployment rate (% of https://data.worldbank. | Yearly
total labor force) org/indicator/
Y3 Adult literacy rate (% of https://data.worldbank. | Yearly
population aged >15 years) org/indicator/SE.ADT.
LITR.ZS
Y4 Population density https://data.worldbank. | Yearly
org/indicator
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Healthcare & Y5 Number of hospital beds per https://data.worldbank. | Yearly
Accessibility 10,000 population org/indicator
Y6 Number of physicians per https://data.who.int/ind | Yearly
10,000 population icators
Y7 Domestic general government | https://data.who.int/ind | Yearly
health expenditure (%) icators
Y8 Community health workers https://data.worldbank. | Yearly
(per 1,000 people) org/indicator/SH.MED
.CMHW.P3
Climate Variables Y9 Mean monthly temperature https://www.nasa.gov/ | Monthly
(°C)
Y10 Relative humidity (%) https://www.nasa.gov/ | Monthly
Y11 Monthly total rainfall (mm) https://www.nasa.gov/ | Monthly
Y12 Surface atmospheric pressure | https://www.nasa.gov/ | Monthly
(kPa)
Y13 Maximum wind speed at 50 https://www.nasa.gov/ | Monthly
meters (m/s)
Landscape Variables Y14 Forest area (% of total land https://data.who.int/ind | Yearly
area) icators
Y15 Agricultural land (% of total https://data.who.int/ind | Yearly
land area) icators
Y16 Arable land (% of total land https://data.who.int/ind | Yearly
area) icators

Note: yearly values were held constant across all months within the corresponding year.

2.2 Data pre-processing and statistical analysis

The dataset is spanning January 2010 to December 2024 and undergoing systematic harmonization
to support machine learning and causal inference modelling. Missing values in continuous
variables were imputed using linear interpolation, defined as following equation [14]:
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To standardize variable scales and improve model convergence, Z-score normalization was applied
by using the following equation[15]:
y-u
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o
Multicollinearity was evaluated using the Variance Inflation Factor (VIF) by using the following
equation[16]:
1

WhereR? denotes the coefficient of determination for predictor ii; predictors with VIF values
exceeding 5 were excluded to ensure model stability and interpretability. Outliers were detected
using the Mahalanobis Distance by using the following equation[17]:
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The Mahalanobis Distance values which are higher than the critical chi-square cut-off (p < 0.001),
we reduced their impact by winsorizing the extreme values at the 1st and 99th percentiles. This
way, the data kept its original structure while minimizing the influence of outliers on the results.

All the pre-processing and statistical analyses were conducted by using the RStudio v4.5.1[18]
software. with the libraries dplyr, car, and MVN. Additionally, and Python Kernel 3.12was utilized
within JupyterLab v4.2.5[19] with the libraries pandas, numpy, scikit-learn, statsmodels, and
dowhy. This integrated workflow ensured analytical rigor, transparency, and consistency across the
modeling pipeline.

2.3 Machine learning model selection and evaluation

We split the dataset into a training set (January 2010 to December 2021) and a testing set (January
2022 to December 2024) to develop a predictive framework for monthly dengue cases in
Bangladesh. Then we employed four machine learning model: Generalized linear model with
elastic net, Decision Tree, Random Forest, and eXtreme Gradient Boosting (XGBoost) to predict
dengue cases. Each model was chosen for its methodological diversity. These offers
complementary capabilities in capturing linear trends, nonlinear interactions, and variable
importance.

2.3.1 Generalized linear model (GLM)

The GLM regression with elastic net extension incorporates both L1 (Lasso) and L2 (Ridge)
regularization penalties. It enables accurate feature selection while mitigating multicollinearity.
The optimization function[20] is defined as the following equation:

n

1
mﬁin{%Z(xi —yiB)? + LllBll: + 218113} )

Where, xl-_ is the response variable, y; is the predictor matrix, and 1, 1, are the response variable,
predictor matrix , and the control regularization strength respectively. Elastic Net is interpretable
and statistically robust, although it has limitations for modelling nonlinear relationships.

2.3.2 Decision tree (DT)

The DT algorithms recursively split data based on the minimization of mean squared error (MSE).
It defined as the following equation[21]:

MSE(t) = nitz”f (x, — %, )? (6)

i=1
here, n, is the number of samples in node t and x; is the node’s mean target value. While decision
trees provide transparency and handle mixed data types, they are susceptible to overfitting and
variance.

2.3.3 Random forest (RF)

The RF model builds an ensemble of decision trees through bootstrap sampling. It aggregates
predictions via averaging the outputs of individual trees in regression tasks. The formula[9] is
denoted by the flowing equation:

far@) = 2 X5_1 Ty 7)
here, B denotes the number of trees and T, (y) represents the prediction from treeb. This model
enhances generalizability and resilience to noise, albeit at the expense of reduced interpretability
due to ensemble complexity.
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2.3.4 XGBoost

The XGBoost utilizes gradient-based boosting to optimize prediction accuracy. It incorporate
regularization to prevent overfitting sequentially. Its objective function[9] is

L= 3" (2, 2°) + 30, Q(f) (®)

here, [ is the loss function, a?l.(t) is the predicted value at iteration t, and Q(f;) penalizes

complexity. XGBoost offers superior predictive accuracy and scalability but lacks intrinsic
interpretability without auxiliary tools such as SHAP.

2.3.5 Model performance matrices

Model performance was assessed using Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and Mean Absolute Percentage Error (MAPE), calculated respectively with the flowing
equations:

RMSE = /ﬁ (- %) ©)

1 ~
MAE = ;Z?:ﬂxi — % (10)
MAPE = =231, |*= (11)

i=1
These metrics provided a consistent basis for comparing predictive accuracy across models and
informed subsequent selection for explain ability and causal inference integration[9]. All models
were implemented by using R version 4.5.1[18], ensuring computational consistency and
reproducibility.

Xi—Xj

2.4 Cross-validation and hyperparameter tuning

We applied five-fold cross-validation across all machine learning models by using the training set
(2010-21) to improve the model’s generalizability and minimize overfitting. This step involved
partitioning the dataset into five subsets, where each fold served as a validation set once, enabling
robust internal performance evaluation. Hyper-parameter tuning was model-specific: we used the
cv.glmnet package for elastic net regularization. It select optimal penalty strength (X) while fixing
the mixing ratio (a = 0.5). We tuned DT for complexity control by using rpart. It adjust tree depth
and minimum splits. We also tuned RF focusing on mtry, which implemented through the caret
interface with 500 trees. Also XGBoost underwent grid search using caret and xgboost, optimizing
nrounds, eta, max_depth, and other learning parameters. All procedures were executed in R
version 4.5.1[18] software, which ensures the reproducibility and model stability across diverse
algorithmic frameworks.

2.5 Explainable artificial intelligence (XAl)

XAl techniques enhances interpretability by revealing how input features influence in the model
predictions. This is crucial for translating machine learning outputs into actionable epidemiological
insights. We integrated SHAP contributions with the best-performing ML model in this study by
using the following equation[9]:

NHOUEIN BN
IN]!
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SCN{i}

s ) = 0] (12)
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Here, the SHAP value for feature i is ¢;, S is any subset of the predictor set N excluding i, and is
the model’s output functionis f. This approach enabled localized and consistent decomposition of
predictions, which helps identify key predictors that contributing to monthly dengue predictions.

2.6 Causal inference

To estimate directional effects between selected predictors and dengue cases, we conducted causal
inference by using the DoWhy framework in Python[22]. By using this method, we identified the
top five contributors via SHAP analysis were designated as treatments in separate causal models,
with remaining variables treated as potential confounders. The causal effect of each treatment on
monthly dengue cases was then estimated by using the backdoor criterion with linear regression,
providing interpretable estimates of directional associations. The causal effect of each treatment on
monthly dengue cases was computed by using the backdoor criterion with linear regression. The
average treatment effect (ATE)[23] was estimated by using the flowing equation:

ATE = dd—TE[xlT,Z] (13)
Where the treatment is T, Z is the confounders, and E[x]|T, Z]is the conditional expectation of

dengue cases. This strategy provided interpretable estimates of causal impact beyond correlation,
helping prioritize predictors most influential to outbreak dynamics.

3. Results
3.1 Temporal trends and predictor associations in dengue case burden in
Bangladesh from 2010 to 2024

Between 2010 and 2024, reported dengue cases in Bangladesh exhibited substantial year-to-year
variation, with pronounced peaks in 2019 (101,324 cases), 2023 (100,194 cases), and 2024
(101,211 cases) (Figure 2A and Table 2). The most extreme monthly dengue cases occurred in
August 2019 (52,636 cases), which is consistent with post-monsoon seasonality. In contrast, in the
earlier years such as 2010 and 2014 recorded minimal transmission, with average monthly cases of
34.08 and 31.25, respectively. Rising means and standard deviations in recent years reflect both
increased magnitude and volatility in the case distribution (Figure 2A and Table 2).
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Figure 2: A) Temporal distribution of dengue cases and B) correlation analysis of predictive
variables with dengue incidence in Bangladesh (2010-2024). Y1: GDP growth (annual %); Y2:
Unemployment rate (% of total labor force); Y3: Adult literacy rate (% of population aged >15
years); Y4: Population density; Y5: Number of hospital beds per 10,000 population; Y6: Number
of physicians per 10,000 population; Y7: Domestic general government health expenditure (%);
Y8: Community health workers (per 1,000 people); Y9: Mean monthly temperature (°C); Y10:
Relative humidity (%); Y11: Monthly total rainfall (mm); Y12: Surface atmospheric pressure
(kPa); Y13: Maximum wind speed at 50 meters (m/s); Y14: Forest area (% of total land area);
Y15: Agricultural land (% of total land area); Y16: Arable land (% of total land area).

Correlation analysis demonstrated strong positive associations between dengue cases and arable
land proportion(r = 0.4129), agricultural land use(r = 0.3478), and GDP growth rate(r = 0.3384)
(Figure 1B). Moderate relations were observed for adult literacy rate (r = 0.2491) and hospital bed
availability(r = 0.2352). Notably, domestic health expenditure showed an negative relationship (r =
—-0.2477) on dengue cases, which suggests its potential mitigating influence on dengue cases
(Figure 2B).

Table 2: Summary statistics (yearly) of the reported dengue cases in Bangladesh (2010-24).

Year Min Q: Median Qs Mean £ SD Total cases
2010 0 0 0 245 34.08 + 66.38 409
2011 0 0 0 88.25 113.25 + 233.49 1359
2012 0 0 8 94.5 55.92 £81.71 671
2013 0 0 51 253.25 14575 £177.14 1749
2014 0 7.75 13 66.25 31.25 £33.27 375
2015 0 5 515 394.5 263.5 £ 375.09 3162
2016 3 32.75 199.5 963.75 505 +588.63 6060
2017 36 87.25 200.5 361.75 230.75 + 165.27 2769
2018 7 28.25 294 1343 845.67 + 1064.1 10148
2019 17 53 1565.5 10148 8443.67 £ 15226.6 101324
2020 10 24.5 46 109.5 99.42 +148.17 1193
2021 3 27.25 739.5 4039.75 2369.08 + 3054.99 28429
2022 20 100.25 1154 5276 5257.42 + 8157.92 63089
2023 311 609 1862 11068 8349.5 + 11489.47 100194
2024 311 609 1860.5 11833 8434.25 + 11496.45 101211

Min: Minimum; Q1: 1% quartile; Q3: 3" quartile; SD: standard deviation;
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3.2 Selection of optimal machine learning model
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Figure 3: A) Comparative evaluation metrics of four machine learning models based on training
and test datasets. RMSE: Root Mean Square Error; MAE: Mean Absolute Error; MAPE: Mean
Absolute Percentage Error; GLM: Generalized Linear Model; RF: Random Forest; XGB: Extreme
Gradient Boosting; DT: Decision Tree, B) Category-wise SHAP value contributions from the
XGBoost model, showing aggregated importance of socio-demographic, healthcare, climate, and
landscape predictors. C) Top five predictors in predicting dengue cases ranked by mean SHAP
contributions, with percentages indicating the proportion of total SHAP contribution for these
predictors. D) Estimated causal relationships of the five most influential variables, with numerical
values representing the Average Treatment Effect (ATE), indicating the direction and magnitude
of their effect on dengue incidence. Y1: GDP growth (annual %); Y10: Relative humidity (%); Y7:
Domestic general government health expenditure (%); Y11: Monthly total rainfall (mm); Y3:
Adult literacy rate (% of population aged >15 years).

XGBoost was identified as the most effective model for predicting dengue cases over the 2010-24
period (Figure 3A). It achieved the lowest mean absolute error (7014.68), mean absolute
percentage error (764.36), and root mean squared error (11365.2), indicating high forecasting
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precision and minimal proportional deviation. While Random Forest delivered a moderately good
performance (RMSE: 11,986.07; MAPE: 1,470.34), it did not surpass XGBoost in overall
accuracy. In our overall findings, GLM-ElasticNet performed the least effectively across all the
metrics (Figure 3A).

3.3 Key drivers and causal effects on dengue cases

We find that climate related indicators contributed the most significantly to dengue prediction
(SHAP: 41.87%), followed by socio-demographic (SHAP: 35.03%), healthcare (19.16%), and
landscape factors (SHAP: 3.95%) (Figure 3B). GDP growth (SHAP: 26.75%; ATE: 4333.69) had
the highest predictive contribution and exerted the strongest positive causal effect, suggesting
economic fluctuations play a critical role in dengue dynamics. Relative humidity (SHAP: 17.75%;
73.94) and monthly total rainfall (SHAP: 11.85%; ATE: 55.10) also had positive causal
relationships with dengue case counts. In contrast, domestic general government health
expenditure (SHAP: 14.45%; ATE: —1788.98) and adult literacy rate (SHAP: 6.21%; ATE:
—262.18) showed negative causal effects on the prediction (Figure 3 C, D). These findings
underscore that, the combined relevance of explainable Al and causal inference in quantifying the
directional impact of predictors on dengue incidence in Bangladesh (Figure 3).

4. Discussion

In this study, we build a new framework that combines ML, XAl, and CAl to predict dengue cases
in Bangladesh. We found that climate-related variables (humidity, rainfall, and temperature) play a
crucial role in dengue prevalence. These results align with some earlier studies that the Aedes
mosquito is the primary vector for dengue, which thrives in warm, humid tropical environments
[24]. We also find in this study that climate patterns, socioeconomic, and infrastructural factors
contribute to the spread of dengue. Economic growth (GDP growth) has an indirect role. The rapid
expansion often leads to crowded living areas and poor drainage, allowing water to accumulate
and mosquitoes to breed [25]. On the other hand, healthcare expenditure and adult literacy
appeared to offer adverse effects on dengue. Institutional preparedness and community awareness
play crucial roles in reducing risk [26,27]. These trends suggest that dengue is no longer merely a
seasonal ecological phenomenon, but a result of broader systemic transitions [28]. The interplay
between climatic and socioeconomic structures suggests that the rising dengue cases are as much a
result of infrastructural lag and public health disparities as they are of environmental shifts[29].
Bangladesh’s urban centers often lack adequate drainage systems. It creates habitats conducive to
mosquito breeding more and more[30]. Additionally, limited public awareness and uneven access
to healthcare intensify the risk in marginal communities [31]. From a policy standpoint, the
integration of XAl and CAIl offers actionable insights into dengue prevention. These tools not only
build trust among decision-makers but also identify leverage points for intervention. Real-time
climate surveillance, adaptive public health infrastructure, and education campaigns focused on
community-level preventive measures are urgent priorities now [15,32]. Establishing centralized
Al-enabled decision-support systems could help allocate resources more efficiently by anticipating
high-risk zones before outbreaks occur in our country[15].

4.1 Limitations

Our study has some limitations. We used retrospective data, which may limit our ability to capture
evolving transmission dynamics and emerging socioeconomic shifts. The variable selection,
guided by SHAP and causal inference, may overlook latent confounders that are not represented in
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the available datasets in this study. Geographical data were limited in our study, which restricted
district-level validation and spatial resolution. The causal effects are robustly estimated, but it can
rely on assumptions that may not fully account for unobserved heterogeneity. Additionally, the
exclusion of behavioral and vector-specific data limits biological realism.

4.2 Conclusion

The main objective of our study is to show the strength of integrating ML with XAl and CAI to
predict dengue incidence as well as to find the key drivers related to dengue in Bangladesh. Our
findings provide a comprehensive view of the multifaceted nature of dengue transmission by
identifying climatic factors, socioeconomic indicators, and healthcare investments as major
contributors. XGBoost confirms its suitability for modelling complex disease patterns, especially
in contexts characterized by diverse and interrelated variables. Future studies should be focused on
real-time surveillance and dynamic modelling approaches to capture evolving trends related to
dengue. In this way, dengue prediction could become a practical tool for preventing outbreaks
rather than just reacting to them. Adding information on human behavior, mosquito populations,
and data at district-level resolution could make predictions more precise. Linking these insights to
policymaking could help establish early warning systems, focus interventions where they are
needed most, and enhance coordination across different sectors. This way, dengue prediction could
become a practical tool for preventing outbreaks rather than just reacting to them, which was very
useful for this study.
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