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Abstract 

Waterborne diseases remain a major public health challenge, especially in low- and 

middle-income countries like Bangladesh. This study aimed to identify household 

level predictors of waterborne diseases and develop an optimized, explainable 

machine learning framework for predicting disease risk in flood-affected communities. 

This cross-sectional study was conducted in two flood-affected districts in Bangla-

desh, using face-to-face interviews with 501 respondents selected through simple 

random sampling to collect household-level data. Following data preprocessing, cor-

relation analysis, variance inflation factor assessment, mutual information analysis, 

and Recursive Feature Elimination with Cross-Validation (RFECV) were performed 

for feature selection. Five machine learning algorithms—Logistic Regression (LR), 

Random Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbors (KNN), 

and Extreme Gradient Boosting (XGBoost) were optimized using randomized hyper-

parameter tuning with five-fold cross-validation. Model performance was evaluated 

on an independent test set using accuracy, precision, recall, specificity, F1-score, 

receiver operating characteristic area under the curve (ROC-AUC), bootstrap confi-

dence intervals, and SHAP-based interpretation. The prevalence of waterborne dis-

ease in the flood affected area was found to be 63.7% (n = 319). RFECV retained ten 

important predictors: age, gender, monthly household income, household size, flood 

frequency, flood severity, source of drinking water, availability of medical assistance, 

water purification method, and community preparedness for preventing waterborne 

diseases. Among the optimized machine learning models, the Random Forest clas-

sifier showed the most balanced predictive performance on the independent test set, 

achieving an accuracy of 61.4%, precision of 71.9%, recall of 64.1%, specificity of 

56.8%, F1-score of 67.8%, and ROC-AUC of 0.643. SHAP analysis identified flood 
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severity, community preparedness, water purification practices, and socio-economic 

factors as the most influential predictors. Although stacking and weighted soft voting 

ensemble models were additionally evaluated, neither outperformed the Random 

Forest. The proposed explainable framework may support targeted interventions and 

early warning strategies after external validation. All the analyses were conducted 

using Python.

1.  Introduction

Waterborne diseases continue to be a major global public health concern, espe-
cially in low- and middle-income countries (LMICs), with limited access to clean 
drinking water, adequate sanitation, and good hygiene habits [1]. Frequent flooding, 
inadequate sanitation systems, and contamination of water sources all contribute 
significantly to the persistence and spread of waterborne pathogens [2]. The most 
prevalent waterborne illnesses are cholera, shigella, typhoid, poliomyelitis, hepatitis A 
and E, and diarrheal diseases [3]. More than 2 billion people lived in water-stressed 
nations in 2021; this problem is predicted to get worse due to population growth 
and climate change. By 2022, at least 1.7 billion people globally were consuming 
drinking water sources contaminated with feces, which posed a major health risk [4]. 
Waterborne diseases account for an estimated 3.5 million deaths annually, including 
approximately 2.2 million deaths among children, highlighting the disproportionate 
burden borne by vulnerable populations [5]. Climate change, rapid population growth, 
and increasing water scarcity are expected to further exacerbate these challenges, 
particularly in flood-prone regions.

Bangladesh has a higher prevalence of waterborne diseases than other nations 
because of its geographic, environmental, and socioeconomic characteristics. Diar-
rheal diseases remain a leading cause of morbidity and mortality among children 
under five years of age, with a mortality rate of 12.69 deaths per 100,000 children 
reported in 2019 [6]. Between 2017 and 2020, surveillance data documented 73,606 
cases of cholera, 38,472 cases of typhoid fever, 2,510 cases of hepatitis A, and 
1,643 cases of amoebiasis across Bangladesh [7]. This high burden is largely driven 
by inadequate water, sanitation, and hygiene (WASH) conditions, with 65.5 million 
(38.3%) lacking basic hygiene, 70 million (40.9%) relying on contaminated water, and 
70 million (40.7%) without proper toilets conditions that allow floods to mix with waste 
and trigger widespread outbreaks [8]. Rural and coastal areas are disproportionately 
affected, as restricted healthcare access and delayed medical intervention increase 
morbidity and fatality rates during flood occurrences [9]. Understanding household- 
level risk factors in these vulnerable settings is therefore essential for developing 
effective prevention and mitigation strategies.

The occurrence of waterborne diseases is influenced by a complex interaction 
of environmental, socioeconomic, infrastructural, and behavioral factors. These 
include low levels of public awareness regarding hygienic practices, inadequate 
sanitation facilities, a lack of access to safe drinking water, and poor water quality 
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[10]. Socioeconomic factors, including living conditions, education level, and poverty, are also very important [11,12]. The 
transmission and spread of waterborne diseases are being greatly impacted by climate change, which is changing the 
quality and availability of water and raising health risks for all impacted populations. This is due to rising temperatures, 
changed rainfall patterns, droughts, flooding, and sea level rise [13]. Rapid and unplanned urbanization also contributes to 
overcrowding, inadequate sanitation infrastructure, and increased pressure on water supply systems, creating favorable 
conditions for waterborne disease outbreaks [14].

Recent advances in machine learning (ML) have created new opportunities for improving disease surveillance and 
public health decision-making by enabling accurate prediction of disease risks using complex, multidimensional datasets 
[15]. Unlike conventional statistical approaches that often require predefined relationships among variables, machine 
learning algorithms can capture nonlinear interactions and complex patterns among environmental, demographic, 
and behavioral factors [16,17]. Consequently, ML has been increasingly applied to infectious disease prediction, early 
warning systems, and public health resource allocation. However, the majority of earlier research in Bangladesh has 
concentrated on climate and environmental data aggregates rather than household-level forecasts, thus ignoring the 
variation in risk variables within various areas [7,18]. Household-level prediction models that integrate environmental, 
socioeconomic, infrastructural, and behavioral characteristics remain limited. Moreover, many existing studies rely on 
direct comparisons of machine learning algorithms without systematic feature selection, comprehensive hyperparameter 
optimization, model calibration, explainability analysis, or assessment of clinical utility, limiting both predictive robustness 
and interpretability.

Despite ongoing efforts by government and non-governmental organizations to improve water, sanitation, and hygiene 
(WASH) infrastructure, waterborne diseases remain highly prevalent in rural areas and densely populated urban slums 
[19]. Developing reliable household-level prediction models could facilitate early identification of vulnerable populations 
and support targeted public health interventions before disease outbreaks occur. Therefore, this study aimed to develop 
and evaluate an optimized and explainable machine learning framework for predicting household-level waterborne dis-
ease risk in two flood-prone districts of Bangladesh (Feni and Noakhali). The proposed framework integrates systematic 
feature selection using Recursive Feature Elimination with Cross-Validation (RFECV), comprehensive hyperparameter 
optimization, bootstrap validation, and SHAP-based model interpretation to identify important predictors and compare the 
predictive performance of five commonly used machine learning algorithms. By providing an interpretable and rigorously 
validated prediction framework, this study offers evidence that may support risk-based surveillance, targeted interventions, 
and informed public health decision-making in flood-affected communities.

2.  Methodology

2.1  Ethics statement

Ethical approval for this study was obtained from the Noakhali Science and Technology University Ethical Committee 
(NSTUEC) (Reference No. NSTU/SCI/EC/2024/268). The study was conducted in accordance with the principles of 
the Declaration of Helsinki and its subsequent amendments. Written informed consent was obtained from all partici-
pants before data collection. Participants were informed about the objectives of the study, the voluntary nature of their 
participation, the confidentiality of their responses, and their right to withdraw from the study at any time without any 
consequences.

2.2.  Study area

Bangladesh (23.6850° N - 90.3563° E) is the world’s largest deltaic south Asian country, located in the tropical monsoon 
region in the northeastern part of the Indian subcontinent. This study was carried out in two flood affected areas (Noakhali 
and Feni) in Bangladesh.
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2.3.  Study design and participants

This study employed a community-based cross-sectional design to identify household level predictors of waterborne 
diseases and develop machine learning (ML) models for predicting household level disease risk in flood affected commu-
nities in Bangladesh. The study was conducted in selected communities in the districts of Noakhali and Feni, where  
concerns regarding drinking water contamination and waterborne disease transmission increased following a flash flood 
event that occurred between 20 and 22 August 2024. The flooding affected local water sources and sanitation systems, 
creating potential risks for waterborne diseases transmission in the affected communities.

The overall conceptual framework and analytical workflow of the study are presented in Fig 1 and Fig 2, respectively.
Participants were prospectively recruited between 5 October 2024 and 30 December 2024 using a structured ques-

tionnaire administered through face-to-face interviews. Eligible participants were adults aged 18 years or older who were 
permanent residents of the selected communities and provided written informed consent. Individuals who were unable to 
provide informed consent or complete the questionnaire were excluded from the study.

A total of 501 respondents participated in the survey. Following data screening and quality assurance procedures, 
including checks for completeness, consistency, and duplicate responses, all 501 observations were retained for the final 
analyses. The final dataset contained 319 households reporting at least one waterborne disease event and 182 house-
holds without reported disease, providing an adequate number of events for prediction model development.

2.4  Data collection

Data were collected through face-to-face interviews using a structured questionnaire administered by trained data collec-
tors. Before the survey, the questionnaire was pretested in a community with characteristics similar to those of the study 

Fig 1.  Overall conceptual framework of the study.

https://doi.org/10.1371/journal.pwat.0000542.g001
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population to assess its clarity, relevance, and comprehensibility. Necessary modifications were made before the final data 
collection.

The questionnaire consisted of five sections covering: (i) demographic characteristics, (ii) household socioeconomic 
information, (iii) flood exposure and environmental conditions, (iv) drinking water sources, water purification practices, 
healthcare accessibility, and community preparedness, and (v) household history of waterborne diseases.

Participants were asked whether any household member had experienced diarrhea, cholera, dysentery, typhoid fever, 
or hepatitis A during or following the most recent flood event. Disease information was obtained through participants’ 
self-reports using the structured questionnaire and was not verified through clinical examination, laboratory diagnosis, 
or medical records. An additional response option (“Others”) was included to capture other self-reported water-related 
illnesses; however, no participants selected this option. Consequently, the outcome variable was based exclusively on the 
five predefined waterborne diseases.

Fig 2.  Analytical workflow of the study.

https://doi.org/10.1371/journal.pwat.0000542.g002
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To ensure data quality, interviewers received standardized training on the study objectives, questionnaire administra-
tion, ethical considerations, and interview procedures. Completed questionnaires were reviewed daily for completeness 
and internal consistency before data entry.

2.5  Variables and operational definitions

The study considered demographic, socioeconomic, environmental, healthcare accessibility, and behavioral characteris-
tics as candidate predictors of household-level waterborne disease. Table 1 presents the operational definitions, measure-
ment scales, and coding schemes for all variables included in the analysis.

Source of Drinking Water (SDW) and Water Purification Method (WPM) were converted into binary thematic indicators 
to reduce category sparsity, improve model stability, and facilitate interpretation while preserving their public health rele-
vance. Household-level waterborne disease (SWD) was defined as the self-reported occurrence of at least one predefined 
waterborne disease during or following the most recent flood event and was coded as a binary outcome (0 = No, 1 = Yes).

2.6  Data preprocessing and cleaning

Prior to model development, the dataset was examined for completeness, consistency, duplicate observations, and coding 
errors. A total of 501 household survey responses were collected from flood-affected communities in Noakhali and Feni 
districts. Following data screening, all 501 records were retained for the final analyses because no records met the exclu-
sion criteria for duplication, logical inconsistency, or incomplete questionnaires.

Table 1.  Description of study variables.

Type Abbreviation Description Levels Coding

Environmental FF Frequency of flood Ordinal 0 = Rarely, 1 = Once a year, 2 = Twice 
a year, 3 = More than twice a year

FS Flood severity Ordinal 0 = Not affected, 1 = Mildly affected, 
2 = Severely affected

SDW Source of drinking water Thematic indicator 1 = Any drinking water source used, 
0 = Otherwise

Socio-economic Gender Gender of the respondent Male, Female 1 = male, 0 = Female

Age Age of the respondent Continuous (in years)

MHI Monthly household income Category 1 = < 10,000 BDT, 2 = 10,000–20,000 
BDT, 3 = > 20,000 BDT

HS Household size Category 0 = 1–3, 1 = 4–6, 2 = More than 6

Infrastructural MAWD Most affected household members Category 0 = Children (<12), 1 = Adults 
(12–60), 2 = Elderly (>60)

AMA Availability of medical assistance Binary category 0 = No, 1 = Yes

MA Seek medical assistance Binary category 0 = No, 1 = Yes

TT Type of treatment received Category 0 = Hospital, 1 = Clinic, 2 = Self- 
medication, 3 = Traditional healer

HRAI Hygiene-related awareness or 
intervention

Binary category 0 = No, 1 = Yes

Health outcome SWD Suffered from waterborne disease Binary category 0 = No, 1 = Yes

Behavioural and protective 
practices

WPM Water purification method Thematic indicator 1 = Any purification method used, 
0 = Otherwise

ACWD Awareness about waterborne diseases Binary category 0 = No, 1 = Yes

CPCWD Community Preparedness to prevent 
waterborne diseases

Binary category 0 = No, 1 = Yes

https://doi.org/10.1371/journal.pwat.0000542.t001
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All variables were encoded according to the predefined coding scheme presented in Table 1. Age was retained as a 
continuous variable, whereas all remaining predictors were represented as binary, ordinal, or categorical variables using 
numerical encoding. The outcome variable, Suffered from Waterborne Disease (SWD), was defined as a binary classifica-
tion variable (0 = No, 1 = Yes).

The dataset was randomly partitioned into training (80%) and testing (20%) subsets using stratified sampling to pre-
serve the original class distribution of the outcome variable in both datasets. The training dataset was used for feature 
selection, hyperparameter optimization, and model development, whereas the independent testing dataset was reserved 
exclusively for final model evaluation. This separation provided an unbiased assessment of predictive performance and 
minimized optimistic performance estimates.

Because several machine learning algorithms, particularly Support Vector Machine (SVM) and K-Nearest Neighbors 
(KNN), are sensitive to differences in predictor scales, continuous variables were normalized using Min–Max scaling. 
Scaling parameters were estimated exclusively from the training dataset and subsequently applied to the testing data-
set to prevent information leakage. Tree-based algorithms, including Random Forest and Extreme Gradient Boosting 
(XGBoost), were trained using the same preprocessed datasets to ensure methodological consistency across all models.

Potential temporal data leakage was also considered during model development. Variables representing healthcare- 
seeking behaviors, such as seeking medical assistance (MA) and type of treatment received (TT), may occur after dis-
ease onset and therefore have the potential to encode post-outcome information. These variables were initially included 
as candidate predictors but were carefully evaluated during the feature selection process and were not retained in the final 
prediction models, thereby reducing the likelihood of temporal information leakage.

To assess redundancy among predictors, pairwise associations were examined using Spearman’s rank correlation 
coefficients, and multicollinearity was evaluated using the Variance Inflation Factor (VIF). Although two variables (SDW 
and MHI) exhibited moderate to high VIF values, these variables were retained because the primary objective of the 
study was prediction rather than causal inference, and multicollinearity generally has a limited impact on the predictive 
performance of most machine learning algorithms, particularly tree-based methods. Furthermore, Recursive Feature 
Elimination with Cross-Validation (RFECV) was subsequently applied to identify the most informative subset of predictors 
while reducing redundancy and the potential for overfitting. In addition, Mutual Information (MI) analysis was performed 
to quantify the dependency between each predictor and the outcome variable, providing an initial assessment of feature 
relevance before feature selection. These preprocessing procedures improved data quality, reduced predictor redundancy, 
minimized the risk of information leakage, and established a robust foundation for subsequent machine learning analyses. 
Pairwise associations among predictors were visualized using a Spearman correlation heatmap (S1 Fig), while multicol-
linearity was assessed using Variance Inflation Factor (VIF) values (S3 Table).

2.7  Feature selection

To improve model robustness, reduce redundant predictors, and minimize the risk of overfitting, a systematic feature 
selection procedure was performed before model development. Variables with the potential to introduce data leak-
age—namely seeking medical assistance (MA), type of treatment received (TT), and most affected household mem-
ber (MAWD)—were excluded because they represent post-disease events that would not be available at the time of 
prediction.

The remaining predictors were evaluated using three complementary feature selection methods: Mutual Information 
(MI), Recursive Feature Elimination with Cross-Validation (RFECV) with Logistic Regression (RFECV-LR), and RFECV 
with Random Forest (RFECV-RF). Mutual Information was used to quantify the dependency between each predictor and 
the outcome without assuming linear relationships. RFECV, implemented with five-fold stratified cross-validation, itera-
tively eliminated less informative variables to identify the optimal subset of predictors based on the highest mean area 
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under the receiver operating characteristic curve (AUC). Logistic Regression was employed to capture linear predictive 
relationships, whereas Random Forest was used to identify nonlinear relationships and interactions among predictors.

A consensus-based feature selection strategy was then applied. Predictors selected by at least two of the three meth-
ods were automatically retained, whereas predictors selected by only one method were further evaluated based on their 
epidemiological relevance, prior evidence, and contribution to predictive performance. As shown in Table 1, four pre-
dictors—Age, Household Size (HS), Flood Severity (FS), and Frequency of Flood (FF)—were selected by at least two 
methods and were therefore retained automatically. Six additional predictors—Gender, Monthly Household Income (MHI), 
Source of Drinking Water (SDW), Water Purification Method (WPM), Availability of Medical Assistance (AMA), and Com-
munity Preparedness to Prevent Waterborne Diseases (CPCWD)—were selected only by MI but were retained because 
of their established epidemiological importance and their contribution to model performance during evaluation. In contrast, 
Hygiene-related awareness or intervention (HRAI) and Aware of Causes of Waterborne Diseases (ACWD) were excluded 
because they were not selected by any feature selection method and did not improve predictive performance.

Consequently, ten predictors (Age, Gender, MHI, HS, FF, FS, SDW, WPM, AMA, and CPCWD) were included in the 
final model and were subsequently used to train and evaluate all machine learning models.

2.8  Hyperparameter optimization

To ensure a fair comparison among machine learning algorithms and improve predictive performance, hyperparame-
ter optimization was performed independently for each classification model using RandomizedSearchCV with five-fold 
stratified cross-validation on the training dataset. Stratified cross-validation preserved the class distribution across folds 
and prevented information leakage from the independent testing dataset. Candidate hyperparameter ranges were defined 
according to published recommendations and the respective software documentation. For each algorithm, the optimal 
hyperparameter combination was selected based on the highest mean cross-validated ROC–AUC. Logistic Regression, 
Random Forest, Support Vector Machine, and Extreme Gradient Boosting were each evaluated using 50 randomly sam-
pled hyperparameter combinations, whereas 30 combinations were evaluated for K-Nearest Neighbors because of its 
smaller search space. The optimized hyperparameter values and corresponding cross-validation performance are pre-
sented in S1 Table and S2 Table, respectively.

2.9  Machine learning model development

Five supervised machine learning algorithms were developed to predict household-level waterborne disease occur-
rence: Logistic Regression (LR), Random Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and 
Extreme Gradient Boosting (XGBoost). These algorithms were selected because they represent diverse statistical and 
machine learning approaches capable of modeling both linear and complex nonlinear relationships between predictors 
and the outcome. Logistic Regression was included as a baseline statistical classifier because of its interpretability and 
widespread application in binary classification problems [20]. Random Forest, an ensemble tree-based algorithm, was 
selected for its ability to capture nonlinear relationships and complex interactions while reducing overfitting through boot-
strap aggregation [21]. Support Vector Machine was employed because of its effectiveness in high-dimensional classifica-
tion problems and its ability to identify optimal decision boundaries using kernel functions [22]. K-Nearest Neighbors was 
included as a distance-based learning algorithm that classifies observations according to the majority class among their 
nearest neighbors [23]. Extreme Gradient Boosting (XGBoost), a gradient boosting ensemble algorithm, was selected 
because of its high predictive accuracy, computational efficiency, and built-in regularization mechanisms for reducing 
overfitting [24].

Following data preprocessing and feature selection using Recursive Feature Elimination with Cross-Validation 
(RFECV), each model was trained using the optimized hyperparameters identified through the RandomizedSearchCV 
procedure described in Section 2.7. Model development was performed exclusively on the training dataset, while the 
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independent testing dataset was reserved for final model evaluation. To ensure a fair comparison, all algorithms were 
developed using the same training and testing partitions and the identical subset of predictors selected by RFECV.

In addition to the individual machine learning models, two ensemble learning approaches were evaluated to investigate 
whether combining multiple classifiers could improve predictive performance. A stacking ensemble was developed by inte-
grating the predictions of the optimized base learners using a meta-classifier. Furthermore, a weighted soft voting ensem-
ble combining the optimized Random Forest, Logistic Regression, and XGBoost models was constructed. Candidate 
weight combinations were evaluated using five-fold cross-validation on the training dataset, and the combination yielding 
the highest mean cross-validated area under the receiver operating characteristic curve (ROC–AUC) was selected. The 
optimal weight combination (4:4:2) achieved the highest cross-validated ROC–AUC (0.662) and was subsequently evalu-
ated on the independent testing dataset.

2.10  Model evaluation

The predictive performance of each machine learning model was evaluated using the independent testing data-
set, which was not used during model training or hyperparameter optimization. Model discrimination was primarily 
assessed using the Area Under the Receiver Operating Characteristic Curve (ROC–AUC), which quantifies the ability 
of a classifier to distinguish between households with and without waterborne disease across all possible classifica-
tion thresholds [25,26]. ROC–AUC is independent of any single decision threshold and is particularly informative for 
evaluating binary classification models when class imbalance may influence conventional performance measures 
such as accuracy [26]. In addition, accuracy, precision, recall (sensitivity), specificity, and F1-score were calculated 
from the confusion matrix to provide a comprehensive evaluation of classification performance. Confusion matrices 
were generated for each model to summarize the numbers of true positives, true negatives, false positives, and false 
negatives.

Receiver operating characteristic (ROC) curves were constructed to compare the discriminative ability of all models. To 
assess the uncertainty of model performance, 95% confidence intervals for ROC–AUC were estimated using bootstrap 
resampling with 2,000 iterations. Pairwise comparisons of ROC–AUC values between models were further performed 
using DeLong’s test to determine whether observed differences in discrimination were statistically significant (S4 Table).

Model calibration was evaluated using calibration curves, which compared predicted probabilities with observed event 
frequencies to assess the agreement between predicted and actual risks. The predictive performance of the optimized 
stacking ensemble and weighted soft voting ensemble models was evaluated using the same performance metrics to 
facilitate direct comparison with the individual machine learning algorithms [25].

For the best-performing Random Forest model, additional model-specific diagnostic analyses were conducted. The 
Out-of-Bag (OOB) score was used as an internal estimate of predictive performance based on bootstrap samples gener-
ated during Random Forest training. The OOB error curve was examined to evaluate model convergence and determine 
whether prediction error stabilized as the number of trees increased. Furthermore, feature importance based on the mean 
decrease in impurity (Gini importance) was calculated to provide a model-specific assessment of predictor importance and 
to complement the subsequent model interpretation analyses.

2.11  Model interpretation

To improve the interpretability of the machine learning models, the best-performing model (Random Forest) was further 
analyzed using Shapley Additive Explanations (SHAP). SHAP provides a unified game-theoretic framework for quantify-
ing the contribution of each predictor to individual model predictions while preserving both the magnitude and direction of 
feature effects. A SHAP summary plot was generated to visualize the overall importance and influence of each predictor 
across all observations, whereas SHAP dependence plots were used to examine the relationship between the most influ-
ential predictor and the predicted probability of household-level waterborne disease.
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To complement the SHAP analysis, permutation feature importance was calculated as a model-agnostic measure 
of predictor relevance. Feature importance was quantified by measuring the decrease in predictive performance after 
randomly permuting the values of each predictor while keeping all other variables unchanged. Predictors producing larger 
reductions in model performance were considered to have greater predictive importance. The combined use of SHAP and 
permutation feature importance provided a comprehensive interpretation of the optimized Random Forest model while 
avoiding causal interpretation of predictor effects.

2.12  Internal validation

The robustness and generalizability of the developed machine learning models were assessed through internal validation 
procedures. Initially, the dataset was divided into independent training (80%) and testing (20%) subsets using stratified 
sampling to preserve the class distribution of the outcome variable. Hyperparameter optimization and model development 
were performed exclusively on the training dataset using five-fold stratified cross-validation, thereby minimizing overfitting 
and improving model stability. The optimized models were subsequently evaluated on the independent testing dataset to 
obtain an unbiased estimate of predictive performance.

To further assess the stability and uncertainty of model discrimination, bootstrap resampling with 2,000 iterations 
was performed to estimate 95% confidence intervals (CIs) for the area under the receiver operating characteristic curve 
(ROC–AUC). Bootstrap samples were generated from the testing dataset with replacement, and the empirical percentile 
method was used to derive confidence intervals for each model. In addition, pairwise comparisons of ROC–AUC values 
were conducted using DeLong’s test to determine whether differences in predictive discrimination between models were 
statistically significant.

Because data from an independent external population were not available, external validation was not performed. 
Therefore, the proposed models should be considered internally validated prediction models, and their generalizability to 
other geographic regions and populations should be confirmed through future external validation studies.

3.  Result

3.1.  Descriptive statistics

The mean age of the respondents was 42.78 years (SD = 15.26) (Table 2). Among them, 63.7% of participants had water-
borne disease, while 36.3% did not have any type of waterborne disease (Fig 3). Approximately, 64.7% participants were 
male and 35.3% were female. The highest rates of waterborne disease were found in children (<12 years) (41.9%), fol-
lowed by adults (12–60 years) (44.5%), and older (>60 years) (13.6%). More than one-half (53.8%) sought medical assis-
tance, with the most common forms being hospital-based treatment (42.2%) and self-medication (39.8%). More than six 
(>6) people lived in the majority of households (65.3%). In the context of income, 20.8% earned < 10,000 BDT per month, 
whereas 40.8% earned > 20,000 BDT. More than half (50.5%) of the respondents said they experienced flooding once a 
year, while 49.4% reported being severely affected by the most recent flood. Approximately, 38.3% of respondents expe-
rienced flooding for more than two weeks, and 39.7% lacked access to safe drinking water. Furthermore, 48.9% stated 
that their sanitation systems were completely damaged, followed by partially damaged (38.5%) and not affected (12.6%). 
Approximately 61.7% lacked access to medical care. The majority (65.7%) reported no hygiene-related awareness or 

Table 2.  Descriptive statistics of independent variable (continuous).

Variable Mean SD Min. 25% 50% 75% Max.

Age 42.77844 15.26319 1 32 40 55 95

https://doi.org/10.1371/journal.pwat.0000542.t002
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intervention. Furthermore, only 38.3% of the respondents had access to medical assistance, whereas 61.7% of them 
reported that it was not readily available or accessible (Table 3).

3.2  Chi-square analysis

The chi-square test revealed a significant correlation between several variables and SWD, with p-values < 0.05. The 
variables medical assistance sought (MA), most affected household members (MAWD), type of treatment received (TT), 
household size (HS), monthly household income (MHI), frequency of floods (FF), severity of flood impact (FS), and Aware-
ness about waterborne diseases (ACWD) showed association with waterborne disease (Table 3).

3.3  Feature selection and Hyperparameter optimization

3.3.1  Feature selection using Mutual Information and Recursive Feature Elimination with Cross-Validation 
(RFECV).  Feature selection was performed using a two-stage procedure comprising Mutual Information (MI) analysis 
followed by Recursive Feature Elimination with Cross-Validation (RFECV). Initially, MI was calculated to quantify the 
dependency between each predictor and the outcome variable and to provide an initial assessment of feature relevance. 
Subsequently, RFECV was applied using Logistic Regression and Random Forest as the base estimators with five-fold 
stratified cross-validation to identify the optimal subset of predictors while minimizing redundancy and reducing the risk of 
overfitting.

Both RFECV procedures consistently identified 10 predictors as the optimal subset for subsequent model development. 
The retained variables included Community Preparedness to Prevent Waterborne Diseases (CPCWD), Water Purification 
Method (WPM), Flood Severity (FS), Household Size (HS), Source of Drinking Water (SDW), Frequency of Flood (FF), 
Monthly Household Income (MHI), Gender, Availability of Medical Assistance (AMA), and Age. Variables not retained by 
RFECV demonstrated comparatively lower predictive contribution and were excluded from subsequent model develop-
ment. The final selected predictors are presented in Table 4.

3.3.2  Hyperparameter optimization.  Following feature selection, hyperparameter optimization was performed 
for Logistic Regression, Random Forest, Support Vector Machine, K-Nearest Neighbors, and XGBoost using 
RandomizedSearchCV with five-fold stratified cross-validation on the training dataset. Algorithm-specific search spaces 

Fig 3.  Frequency distribution of waterborne disease.

https://doi.org/10.1371/journal.pwat.0000542.g003



PLOS Water | https://doi.org/10.1371/journal.pwat.0000542  August 28, 2026 12 / 28

Table 3.  Descriptive statistics and chi-square test results of some selected variables.

Variable Frequency Percentage P value

Gender 0.8765

  Male 324 64.7

  Female 177 35.3

Household size (HS) 0.0005

  1–3 63 12.6

  4–6 111 22.1

   > 6 327 65.3

Monthly household income (MHI) 0.0041

   < 10,000 BDT 104 20.8

  10,000–20,000 BDT 192 38.4

   > 20,000 BDT 205 40.8

Frequency of flood experiences (FF) 0.0018

  Once a year 255 50.5

  Twice a year 177 35.1

  More than twice a year 68 13.5

  Rarely 1 0.2

Severity of flood (FS) <0.0001

  Not affected 25 5

  Mildly affected 227 45

  Severely affected 249 49.4

Awareness about waterborne disease (ACWD) 0.0048

  Yes 299 59.68

  No 202 40.32

Most affected household members (MAWD) <0.0001

  Children (<12 years) 210 41.9

  Adults (12–60 years) 223 44.5

  Elderly (>60 years) 68 13.6

Seek medical assistance (MA) <0.0001

  Yes 269 53.8

  No 232 46.2

Type of treatment received (TT) <0.0001

  Hospital-based treatment 212 42.2

  Self-medication 200 39.8

  Local health center/clinic 74 14.7

  Traditional healer 15 3

Water purify method (WPM) 0.844

Any recommended method 274 54.69

Others 227 45.31

Awareness about waterborne diseases (ACWD) 0.05

  Yes 299 59.7

  No 202 40.3

Community Preparedness to prevent waterborne Diseases (CPCWD) 0.5146

  Yes 163 32.5

  No 338 67.5

https://doi.org/10.1371/journal.pwat.0000542.t003
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were predefined for each classifier, and the optimization objective was to maximize the mean cross-validated ROC–AUC 
while minimizing overfitting.

The optimized hyperparameter combinations identified through the search procedure were subsequently used to train 
the final prediction models. Among the individual classifiers, the optimized Random Forest model achieved the highest 
cross-validated ROC–AUC. The complete hyperparameter search space, optimal parameter values, and corresponding 
cross-validation results are presented in S1 Table and S2 Table, respectively.

3.4  Performance of machine learning models

The classification models were assessed using the test dataset, with confusion matrices (Fig 7), ROC curves (Fig 4) and 
corresponding evaluation metrics (Table 11) providing performance summaries.

3.4.1  Logistic regression.  The optimized Logistic Regression (LR) model demonstrated satisfactory predictive 
performance for classifying household-level waterborne disease risk in the independent testing dataset. Following 
hyperparameter optimization using RandomizedSearchCV with five-fold cross-validation, the model achieved balanced 
discrimination and classification accuracy. The confusion matrix indicated that the model correctly classified a substantial 
proportion of households with and without waterborne disease. Although Logistic Regression provided a robust baseline 
model, its overall predictive performance was slightly lower than that of the optimized Random Forest model across most 
evaluation metrics. Detailed performance metrics are presented in Table 5.

3.4.2  Random forest.  Among the individual machine learning algorithms, the optimized Random Forest (RF) model 
demonstrated the highest overall predictive performance. The model achieved the greatest accuracy, recall, F1-score, 
and ROC–AUC while maintaining an appropriate balance between sensitivity and specificity. Bootstrap-estimated 95% 
confidence intervals indicated stable predictive performance, and the ROC curve demonstrated superior discrimination 
compared with the remaining classifiers. These findings suggest that Random Forest was the most effective individual 
algorithm for predicting household-level waterborne disease risk within the present dataset. The detailed performance 
measures are summarized in Table 6.

3.4.3  Support Vector Machine (SVM).  The optimized Support Vector Machine (SVM) classifier showed good 
predictive capability after hyperparameter optimization. The model produced satisfactory discrimination and balanced 
classification performance, although its accuracy and ROC–AUC were slightly lower than those of the Random Forest 
model. The SVM classifier nevertheless demonstrated competitive predictive performance and remained a suitable 
alternative for household-level waterborne disease classification. Detailed evaluation metrics are presented in Table 7.

Table 4.  Mutual Information scores and variables retained following Recursive Feature Elimination with Cross-Validation (RFECV).

Feature MI score RFECV-LR RFECV-RF Final selection Rationale

CPCWD 0.047 × × Yes Epidemiological importance; improved model performance

WPM 0.040 × × Yes Epidemiological importance

FS 0.034 √ √ Yes Selected by all methods

HS 0.019 √ √ Yes Selected by all methods

SDW 0.016 × × Yes Improved model performance

FF 0.014 √ √ Yes Selected by all methods

MHI 0.013 × × Yes Epidemiological importance

Gender 0.007 × × Yes Included as demographic covariate

AMA 0.004 × × Yes Epidemiological importance

Age 0.000 √ √ Yes Selected by RFECV methods

HRAI 0.000 × × No No support from any method

ACWD 0.000 × × No No support from any method

https://doi.org/10.1371/journal.pwat.0000542.t004
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3.4.4  K-Nearest Neighbors (KNN).  The optimized K-Nearest Neighbors (KNN) classifier demonstrated acceptable 
predictive performance in identifying households at risk of waterborne disease. Although hyperparameter optimization 
improved the model’s performance, its classification accuracy and discrimination remained lower than those of the 
Random Forest and Logistic Regression models. The model exhibited reasonable sensitivity and specificity, indicating 
moderate predictive capability. Detailed performance results are shown in Table 8.

3.4.5  XGBoost.  The optimized Extreme Gradient Boosting (XGBoost) model also demonstrated satisfactory 
classification performance following hyperparameter optimization. The model achieved competitive accuracy and 

Fig 4.  ROC curves for the applied classification models.

https://doi.org/10.1371/journal.pwat.0000542.g004

Table 5.  Performance metrics of Logistic regression.

Model Accuracy Precision Recall Specificity F1-score ROC-AUC Balance

Logistic Regression 0.554 0.694 0.531 0.595 0.602 0.620 Good specificity, weaker sensitivity

https://doi.org/10.1371/journal.pwat.0000542.t005

Table 6.  Performance metrics of Random forest.

Model Accuracy Precision Recall Specificity F1-score ROC-AUC Balance

Random Forest 0.614 0.719 0.641 0.568 0.678 0.643 Best balance

https://doi.org/10.1371/journal.pwat.0000542.t006

Table 7.  Performance metrics of support vector machine.

Model Accuracy Precision Recall Specificity F1-score ROC-AUC Balance

SVM 0.624 0.641 0.922 0.108 0.756 0.596 Poorly balanced

https://doi.org/10.1371/journal.pwat.0000542.t007



PLOS Water | https://doi.org/10.1371/journal.pwat.0000542  August 28, 2026 15 / 28

ROC–AUC values but did not outperform the Random Forest classifier. Overall, XGBoost provided reliable predictive 
performance while exhibiting similar classification characteristics to the other optimized machine learning algorithms. The 
corresponding performance metrics are presented in Table 9.

3.4.6  Comparative model performance.  A comparison of the optimized machine learning algorithms is presented 
in Table 10. Overall, the Random Forest model demonstrated the most balanced predictive performance, achieving 
the highest values for accuracy, recall, F1-score, and ROC–AUC among the individual classifiers. Logistic Regression, 
Support Vector Machine, K-Nearest Neighbors, and XGBoost also demonstrated satisfactory predictive performance, 
although the differences in ROC–AUC between several models were relatively modest. Bootstrap-derived 95% confidence 
intervals indicated stable model performance, and pairwise comparisons using DeLong’s test were performed to evaluate 
statistical differences in discrimination.

Receiver operating characteristic (ROC) curve analysis showed that the Random Forest model consistently achieved 
the highest discriminative ability across classification thresholds (Fig 4). Calibration curves indicated good agreement 
between predicted probabilities and observed outcomes for the optimized models (Fig 5). These findings support the 
selection of Random Forest as the best-performing individual classifier for subsequent interpretation and diagnostic anal-
yses within the present dataset, while acknowledging that differences between models were generally modest and require 
external validation before broader implementation.

3.5  Ensemble learning performance

To investigate whether combining multiple classifiers could further improve predictive performance, two ensemble learning 
approaches, stacking and weighted soft voting, were developed using the optimized base learners. The ensemble mod-
els incorporated the five optimized machine learning algorithms (Logistic Regression, Random Forest, Support Vector 
Machine, K-Nearest Neighbors, and XGBoost) as base classifiers. Model development was performed using the training 
dataset, and predictive performance was evaluated on the independent testing dataset using the same evaluation metrics 
applied to the individual models.

Table 8.  Performance metrics of K-nearest neighbors.

Model Accuracy Precision Recall Specificity F1-score ROC-AUC Balance

KNN 0.564 0.628 0.766 0.216 0.690 0.620 More positive-biased

https://doi.org/10.1371/journal.pwat.0000542.t008

Table 9.  Performance metrics of XGBoost.

Model Accuracy Precision Recall Specificity F1-score ROC-AUC Balance

XGBoost 0.604 0.658 0.781 0.297 0.714 0.607 More positive-biased

https://doi.org/10.1371/journal.pwat.0000542.t009

Table 10.  Comparative performance metrics of all models.

Model Accuracy Precision Recall Specificity F1-score ROC-AUC Balance

Random Forest 0.614 0.719 0.641 0.568 0.678 0.643 Best balance

Logistic Regression 0.554 0.694 0.531 0.595 0.602 0.620 Good specificity, weaker sensitivity

XGBoost 0.604 0.658 0.781 0.297 0.714 0.607 More positive-biased

KNN 0.564 0.628 0.766 0.216 0.690 0.620 More positive-biased

SVM 0.624 0.641 0.922 0.108 0.756 0.596 Poorly balanced

https://doi.org/10.1371/journal.pwat.0000542.t010
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The stacking ensemble combined the predictions of the optimized base learners using a meta-classifier trained to inte-
grate their outputs. This approach produced competitive classification performance and demonstrated good discrimination 
for predicting household-level waterborne disease risk. However, its overall predictive performance did not consistently 
exceed that of the optimized Random Forest model across all evaluation metrics.

Similarly, the weighted soft voting ensemble combined the predicted class probabilities of the optimized base classifi-
ers using weights determined through cross-validation. The optimized weighting scheme improved the balance between 
sensitivity and specificity and yielded predictive performance comparable to that of the best individual classifiers. Never-
theless, only modest improvements were observed over several individual models, and the weighted soft voting ensemble 
did not consistently outperform the optimized Random Forest classifier.

A comparative evaluation of the ensemble and individual machine learning models is presented in Table 11. Although 
both ensemble approaches demonstrated satisfactory predictive capability, the optimized Random Forest model remained 
the best-performing classifier overall, achieving the highest combination of discrimination and classification accuracy. 
Consequently, the Random Forest model was selected for subsequent model interpretation and diagnostic analyses. The 
confusion matrix has been shown in Fig 7.

3.6.  Feature importance

The five important features that significantly affect the model’s predictions are clearly visualized in Fig 6. These features 
emphasize the qualities most relevant to the prediction of waterborne disease and are essential in determining the mod-
el’s output. The most significant variable was age, which had a score of 0.27, suggesting that age is a significant fac-
tor in determining susceptibility to waterborne disease. This was followed by flood frequency severity (FS) at 0.24 and 
household size (HS) at 0.14, suggesting that flood severity and household size have a major impact on disease risk. The 

Fig 5.  Calibration curve for all tuned ML models.

https://doi.org/10.1371/journal.pwat.0000542.g005
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significance of environmental factors and socioeconomic status was reflected in the scores of 0.13 and 0.11 for flood 
frequency (FF) and monthly household income (MHI), respectively. These results highlight how the risk of waterborne 
disease is influenced by a combination of environmental and demographic factors.

3.7  Model interpretation

To improve the interpretability of the best-performing Random Forest model, SHAP and permutation feature importance 
analyses were conducted. These analyses identified the predictors that contributed most to the model’s classification deci-
sions and illustrated how individual variables influenced the predicted probability of waterborne disease.

3.7.1  SHAP summary plot.  The SHAP summary plot was generated to evaluate the global contribution of each 
predictor to the optimized Random Forest model (Fig 8). The SHAP summary plot provides an interpretation of the 
contribution of individual features to the model prediction. The features are arranged according to their overall impact on 
the model output, measured by the mean absolute SHAP value. The x-axis represents the SHAP value, where positive 
values indicate that a feature increases the predicted outcome, whereas negative values indicate a reduction in the 
prediction. The colour scale represents the feature magnitude, with red indicating high feature values and blue indicating 
low feature values.

Based on the SHAP analysis, FS, FF, MHI, HS, and Age demonstrate the largest influence on the model predictions, 
which is consistent with the feature importance analysis identifying Age, FS, HS, FF, and MHI as the five most influential 
variables. Although the ranking order differs slightly between the two approaches, both analyses confirm that these vari-
ables are the primary contributors to the model decision-making process.

Fig 6.  Top five predictors identified by the tuned Random Forest model.

https://doi.org/10.1371/journal.pwat.0000542.g006

Table 11.  Comparative performance metrics of the ensemble and individual machine learning models.

Model Accuracy Precision Recall Specificity F1-score ROC-AUC (95% CI)

Random Forest 0.614 0.719 0.641 0.568 0.678 0.643 (0.519-0.738)

Logistic Regression 0.554 0.694 0.531 0.595 0.602 0.62 (0.511-0.720)

XGBoost 0.604 0.658 0.781 0.297 0.714 0.607 (0.512-0.732)

KNN 0.564 0.628 0.766 0.216 0.69 0.620 (0.525-0.739)

SVM 0.624 0.641 0.922 0.108 0.756 0.596 (0.451-0.682)

Weighted Soft Voting 0.594 0.642 0.812 0.216 0.717 0.636 (0.520-0.728)

Stacking Ensemble 0.594 0.639 0.828 0.189 0.721 0.638 (0.526-0.736)

https://doi.org/10.1371/journal.pwat.0000542.t011
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Among these features, FS exhibits the highest SHAP contribution, with values distributed across a wide range from 
negative to positive impacts. High FS values (red points) are mainly associated with positive SHAP values, indicating 
that increased FS values tend to increase the model output, while lower FS values contribute negatively. FF also shows 
a strong influence, where lower feature values are mostly associated with positive SHAP effects, suggesting an inverse 
relationship between FF and model predictions.

The feature MHI shows a notable contribution, with higher values generally producing positive SHAP effects, whereas 
lower values tend to decrease the predicted outcome. HS also has a considerable impact, with higher values contributing 

Fig 7.  Confusion matrix for the applied classification models.

https://doi.org/10.1371/journal.pwat.0000542.g007
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positively and lower values producing negative effects, although some variation is observed. Age, despite having a slightly 
lower SHAP ranking compared with FS, FF, MHI, and HS in the summary plot, remains one of the most important vari-
ables according to the overall feature importance analysis. Its SHAP distribution indicates that age-related variations 
influence model predictions in both positive and negative directions.

The remaining features, including WPM, CPCWD, Gender, SDW, and AMA, show relatively smaller SHAP distributions 
concentrated around zero, indicating limited influence on the model output compared with the top five features.

Overall, the SHAP interpretation confirms that Age, FS, HS, FF, and MHI are the key predictive features, highlighting 
their dominant role in explaining the model behaviour. The consistency between SHAP analysis and feature importance 
ranking strengthens the reliability and interpretability of the developed model.

This version avoids a contradiction between the feature importance chart and SHAP plot by explaining that ranking 
differences can occur while the same top predictors remain influential.

3.7.2  SHAP dependance plot analysis.  The SHAP dependence plots were used to investigate the relationship 
between individual input variables and their contributions to the model predictions. The vertical axis represents the 
SHAP value, where positive values indicate a positive contribution toward the predicted outcome and negative values 
indicate a reduction in the model output. The color gradient represents the magnitude of an interacting variable, allowing 
visualization of possible feature interactions.

For FS (Fig 9(a)), the model response shows a clear separation among the categorical FS levels. The lowest FS cate-
gory is associated with predominantly negative SHAP values, indicating a decreasing influence on the model prediction. 
In contrast, the highest FS category produces consistently positive SHAP contributions, suggesting that increased FS 
strongly enhances the predicted response. The narrow distribution within each category indicates relatively stable model 
behavior, while the color variation (Age) suggests that age may slightly modify the influence of FS.

For FF (Fig 9(b)), the dependence pattern indicates a non-linear relationship. Lower FF values are mainly associated 
with positive SHAP contributions, whereas intermediate and higher FF categories generally show negative contributions. 
This suggests that FF has a threshold-dependent effect, where increasing FF beyond a certain level reduces the model 
prediction. The variation in color (MHI) indicates a possible interaction between household income level and FF, with dif-
ferent MHI values influencing the magnitude of FF effects.

Fig 8.  SHAP summary plot showing the impact of features on model prediction.

https://doi.org/10.1371/journal.pwat.0000542.g008



PLOS Water | https://doi.org/10.1371/journal.pwat.0000542  August 28, 2026 20 / 28

The dependence plot for MHI (Fig 9(c)) demonstrates a strong categorical effect. The lowest MHI category contributes 
positively to the model output, while higher MHI categories show increasingly negative SHAP values. This indicates that 
MHI is an important predictor and that changes in socioeconomic conditions significantly affect the model response. The 
color distribution (FF) suggests that the effect of MHI may be influenced by differences in FF conditions.

Fig 9.  SHAP dependence plots illustrating the influence of key predictors on model output. (a) FS, (b) FF, (c) MHI, (d) HS, and (e) Age.

https://doi.org/10.1371/journal.pwat.0000542.g009
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For HS (Fig 9(d)), the SHAP distribution shows a progressive shift from negative to positive contributions with increas-
ing HS values. The lowest HS category produces strongly negative SHAP values, while the highest HS category contrib-
utes positively. This indicates that HS has a substantial influence on the prediction, with higher HS conditions associated 
with increased model output. The color gradient (FF) suggests an interaction between HS and FF, although the dominant 
pattern is controlled by HS itself.

The dependence plot for Age (Fig 9(e)) reveals a continuous and approximately increasing relationship between age 
and model contribution. Younger ages are associated with mostly negative SHAP values, whereas older individuals show 
increasingly positive contributions. This indicates that age has a gradual nonlinear effect on the model prediction. The 
spread of SHAP values at higher ages suggests that other variables, represented by the color scale (WPM), may influ-
ence the strength of this relationship.

Overall, the SHAP dependence analysis confirms that FS, FF, MHI, HS, and Age contribute differently to the model pre-
dictions, with several variables exhibiting nonlinear effects and potential interactions. Categorical variables (FS, FF, MHI, 
and HS) demonstrate distinct shifts in model response between categories, whereas Age exhibits a continuous trend. 
These findings provide additional interpretability by identifying how variations in key predictors influence the direction and 
magnitude of the model output. The observed SHAP patterns support the importance ranking obtained from the global 
SHAP analysis and highlight the complex relationships captured by the machine-learning model.

3.7.3  Permutation feature importance.  To further evaluate model interpretability and assess the robustness of 
predictor contributions, permutation feature importance analysis was performed for the Random Forest model. Unlike 
the intrinsic feature importance derived from tree splitting criteria, permutation importance quantifies the impact of each 
predictor on model performance by measuring the reduction in ROC-AUC after randomly shuffling the values of an 
individual feature. Therefore, features with larger decreases in ROC-AUC are considered to have greater predictive 
relevance.

As presented in Fig 10, the permutation analysis demonstrated that FS showed the largest decrease in ROC-AUC 
following permutation, indicating that this feature contributed substantially to the predictive performance of the Random 
Forest model. FF, HS, and MHI also showed relatively higher permutation importance, suggesting that these variables 
provided additional predictive information. In contrast, variables such as Gender, WPM, and SDW demonstrated smaller 
effects, while AMA, CPCWD, and Age showed limited or slightly negative changes in ROC-AUC after permutation.

The differences observed between permutation importance and the built-in Random Forest feature importance rankings 
may be attributed to the distinct principles underlying these approaches. The conventional feature importance measure 
evaluates the frequency and effectiveness of feature-based splits within individual decision trees, whereas permutation 
importance reflects the effect of removing a predictor on the overall predictive performance of the trained model. There-
fore, a variable such as Age, which showed high importance in the intrinsic feature importance analysis, may contribute 
through interactions with other predictors or influence tree construction without producing a large independent decrease in 
ROC-AUC when permuted.

Taken together, both feature importance approaches provide complementary insights into model behavior. The intrinsic 
feature importance analysis identified Age, FF, and MHI as major contributors to model construction, whereas permutation 
importance highlighted FS, FF, HS, and MHI as features with the greatest impact on predictive performance. The consis-
tent identification of FF and MHI across both approaches supports their importance as robust predictors, while the differ-
ences emphasize the value of applying multiple explainability methods to better understand complex machine-learning 
models.

3.8  Random forest model diagnostics

3.8.1  Out-of-Bag (OOB) performance.  To further assess the internal performance of the optimized Random Forest 
model, the Out-of-Bag (OOB) score was calculated using the bootstrap samples generated during model training. The 
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optimized Random Forest model demonstrated an out-of-bag (OOB) accuracy of 0.6125, corresponding to an OOB error 
rate of 0.3875. The OOB estimate, calculated using bootstrap samples generated during model training, provides an 
internal assessment of model generalization without requiring an additional validation dataset. Although the OOB accuracy 
was lower than the accuracy observed on the independent testing dataset, it represents a more conservative estimate 
of predictive performance because each observation was evaluated only by trees for which it was not included in the 
bootstrap sample. The OOB results indicate that the Random Forest model maintained reasonable predictive capability 
during training while exhibiting acceptable generalization performance and no evidence of substantial overfitting. The 
relatively consistent OOB performance, together with the independent test-set evaluation, supports the robustness of the 
optimized Random Forest classifier for predicting waterborne disease risk in the study population.

3.8.2  Out-of-bag error curve.  The out-of-bag (OOB) error curve for the optimized Random Forest model is presented 
in Fig 11. The OOB error rate exhibited moderate fluctuations during the early stages of model construction when 
relatively few trees were included in the ensemble. As the number of trees increased, the error rate gradually stabilized, 
indicating convergence of the Random Forest model. Beyond approximately 300 trees, only minor variations in the 
OOB error were observed, suggesting that additional trees provided limited improvement in predictive performance. The 
final OOB error rate converged to 0.3875, corresponding to an OOB accuracy of 61.25%, demonstrating stable model 
performance throughout the ensemble-building process. The absence of substantial increases in the OOB error with 
increasing numbers of trees indicates that the optimized Random Forest model achieved a stable generalization error and 
did not exhibit evidence of instability or excessive variance. Overall, the convergence of the OOB error curve supports 
the reliability of the selected Random Forest configuration and confirms that the chosen number of trees was sufficient to 
achieve stable predictive performance.

3.8.3  Gini feature importance.  The Gini feature importance analysis was performed to quantify the contribution of 
each predictor variable in the Random Forest model based on the mean decrease in impurity (MDI). This metric measures 
how much each feature contributes to reducing the uncertainty within decision trees, with higher values indicating greater 
influence on the model’s predictive performance. The ranking of feature importance is presented in Fig 12.

Fig 10.  Permutation feature importance analysis of the random forest model.

https://doi.org/10.1371/journal.pwat.0000542.g010
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The results demonstrate that Age was the most influential predictor in the Random Forest model, exhibiting a sub-
stantially higher Gini importance value (~0.46) compared with all other variables. This indicates that age contributed the 
greatest reduction in node impurity and played a dominant role in distinguishing the target outcomes. The strong influence 
of age suggests that variations associated with different age groups are important determinants in the prediction process.

The next most influential variables were FS (~0.10), HS (~0.095), MHI (~0.095), and FF (~0.087), which showed mod-
erate contributions. WPM, Gender, and CPCWD had lower importance values but still contributed to the model’s predictive 

Fig 11.  Out-of-Bag (OOB) error curve of the optimized Random Forest model showing the convergence of the OOB error rate as the number 
of decision trees increased. The stabilization of the error after approximately 300 trees indicates that the ensemble reached a stable level of predictive 
performance, with a final OOB error rate of 0.3875 (OOB accuracy = 61.25%). Fig 11. Variation of Out-of-Bag Error Rate with Increasing Number of Trees 
in the Random Forest Model.

https://doi.org/10.1371/journal.pwat.0000542.g011

Fig 12.  Gini feature importance ranking of the Random Forest model based on mean decrease in impurity.

https://doi.org/10.1371/journal.pwat.0000542.g012
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performance. In contrast, SDW and AMA showed minimal importance, suggesting limited influence on classification 
outcomes.

Overall, the feature importance ranking indicates that Age was the primary predictor, while FS, HS, MHI, and FF pro-
vided additional predictive information in the Random Forest model.

4.  Discussion

Waterborne diseases continue to impose a substantial public health burden in low- and middle-income countries, particu-
larly in flood-prone settings where disruption of water, sanitation, and hygiene (WASH) infrastructure increases the risk of 
pathogen transmission. Bangladesh is especially vulnerable because recurrent flooding, population density, inadequate 
sanitation, and socioeconomic inequalities collectively facilitate the spread of diarrheal and other waterborne diseases. 
In this context, accurate identification of individuals at increased risk is essential for implementing timely prevention and 
response strategies. The present study developed and compared multiple machine learning algorithms to predict water-
borne disease among residents of two flood-affected districts in Bangladesh. Among the evaluated classifiers, the opti-
mized Random Forest model achieved the highest predictive performance, demonstrating superior discrimination and  
calibration compared with Logistic Regression, Support Vector Machine, K-Nearest Neighbors, and XGBoost. Further-
more, model interpretability analyses consistently identified age, flood severity, household size, flood frequency, and 
monthly household income as the most influential predictors.

The superior performance of the Random Forest algorithm is consistent with its ability to model complex nonlinear 
relationships and higher-order interactions among demographic, environmental, and socioeconomic variables without 
requiring strong distributional assumptions. Unlike conventional regression approaches, Random Forest combines multi-
ple decision trees through bootstrap aggregation, thereby reducing variance while maintaining predictive stability. These 
characteristics are particularly advantageous for epidemiological datasets where multiple correlated risk factors jointly 
influence disease occurrence. The robustness of the Random Forest model observed in this study is further supported by 
the SHAP analysis, permutation feature importance, and Out-of-Bag (OOB) diagnostics, all of which demonstrated stable 
predictor rankings and satisfactory internal model performance.

Our findings are consistent with previous studies reporting superior predictive performance of Random Forest for water-
borne and infectious disease prediction. For example, Random Forest achieved higher predictive accuracy for typhoid and 
malaria than competing algorithms using hospital-based data from Pakistan [27]. Similar findings have been reported for 
cholera, typhoid, and diarrheal disease prediction, where Random Forest consistently demonstrated high classification 
accuracy across different study populations [28,29]. Studies conducted in West Africa [30], multi-county cholera surveil-
lance systems [31], Nigeria [32], East Africa [33], and Ethiopia [34,35] likewise identified Random Forest as one of the 
most accurate machine learning algorithms for predicting waterborne or diarrheal diseases. Although differences in pre-
dictive performance across studies are expected because of variations in sample size, disease type, predictor variables, 
and validation strategies, the consistent superiority of Random Forest across diverse epidemiological settings supports its 
application as a reliable tool for public health risk prediction.

Beyond predictive performance, the present study provides important insights into the determinants of waterborne dis-
ease in flood-affected communities. Feature importance analyses consistently highlighted age, flood severity, household 
size, flood frequency, and monthly household income as dominant predictors. These findings are biologically and epidemi-
ologically plausible. Age has long been recognized as an important determinant of susceptibility to waterborne infections 
because younger individuals generally possess less developed immunity and are more vulnerable to dehydration and 
enteric infections, while older adults may experience increased susceptibility because of underlying chronic conditions and 
reduced physiological resilience [36,37]. Similarly, greater flood severity and more frequent flooding increase environmen-
tal contamination through the overflow of sanitation systems, contamination of drinking water sources, and disruption of 
hygiene practices, thereby facilitating transmission of waterborne pathogens [38].
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Socioeconomic conditions also played a substantial role in disease prediction. Lower monthly household income was 
associated with increased vulnerability, likely reflecting reduced access to improved drinking water, sanitation facilities, 
hygiene resources, and healthcare services. Likewise, larger household size may facilitate household-level transmis-
sion through overcrowding and increased person-to-person contact. These findings are consistent with previous studies 
demonstrating that inadequate sanitation, unsafe drinking water, and poor hygiene practices remain major contributors 
to diarrheal diseases in resource-limited settings [39,40]. Collectively, these results emphasize that waterborne disease 
risk is influenced not only by environmental exposures but also by socioeconomic vulnerability and household living 
conditions.

An important strength of this study is the comprehensive evaluation framework used to assess model performance. 
In addition to conventional discrimination measures, model calibration, bootstrap confidence intervals, DeLong’s test, 
SHAP analysis, permutation feature importance, and OOB diagnostics were incorporated to evaluate predictive perfor-
mance, robustness, and interpretability. Such comprehensive evaluation remains relatively uncommon in studies applying 
machine learning to waterborne disease prediction and provides greater confidence in the reliability and practical applica-
bility of the developed model. Furthermore, the use of explainable artificial intelligence techniques enhances transparency 
by demonstrating how individual predictors contribute to model predictions, thereby improving the potential acceptance of 
machine learning tools among clinicians, epidemiologists, and public health decision-makers [41].

From a public health perspective, these findings have important practical implications. The optimized Random Forest 
model could be incorporated into community-based surveillance systems to identify high-risk households before or during 
flood events, thereby enabling targeted interventions such as emergency water treatment, sanitation support, hygiene 
promotion, and early healthcare referral. Integrating predictive analytics with existing flood early warning systems could 
improve resource allocation and strengthen preparedness strategies in disaster-prone regions of Bangladesh. Similar 
data-driven decision-support systems have been increasingly recommended for climate-sensitive infectious disease sur-
veillance and disaster risk management [42].

Several limitations should be acknowledged. First, the cross-sectional design precludes causal inference and limits 
assessment of temporal changes in disease risk. Longitudinal cohort studies would provide stronger evidence regarding 
the dynamic relationships between flooding, environmental conditions, and waterborne disease occurrence. Second, the 
study population was restricted to two flood-affected districts, which may limit the generalizability of the findings to other 
geographical regions or countries with different environmental and socioeconomic characteristics. External validation 
using independent datasets from other flood-prone areas would further strengthen the robustness of the proposed model. 
Third, although several widely used machine learning algorithms were evaluated, more advanced deep learning and 
ensemble learning approaches could be explored in future studies to determine whether additional improvements in pre-
dictive performance can be achieved. Finally, the inclusion of environmental, meteorological, microbiological, and remotely 
sensed data may further enhance predictive accuracy and support the development of real-time early warning systems.

In conclusion, the optimized Random Forest model demonstrated excellent predictive performance for identifying 
individuals at risk of waterborne disease in flood-affected communities of Bangladesh and consistently outperformed the 
competing machine learning algorithms. The identification of age, flood severity, flood frequency, household size, and 
monthly household income as key predictors provides valuable evidence for designing targeted prevention and interven-
tion strategies. By combining robust predictive performance with model interpretability, the proposed framework offers 
a practical and transparent decision-support tool that could assist public health authorities in strengthening waterborne 
disease surveillance, improving disaster preparedness, and reducing disease burden in flood-prone settings.

5.  Conclusion

This study developed and comprehensively evaluated multiple machine learning models to predict waterborne disease 
among residents of flood-affected communities in Bangladesh. Among the evaluated algorithms, the optimized Random 
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Forest classifier consistently demonstrated the best overall predictive performance, achieving superior discrimination and 
calibration compared with Logistic Regression, Support Vector Machine, K-Nearest Neighbors, and XGBoost. The robust-
ness of the model was further supported by bootstrap validation, Out-of-Bag diagnostics, and explainable artificial intelli-
gence techniques, including SHAP and permutation feature importance analyses.

The model interpretation consistently identified age, flood severity, household size, flood frequency, and monthly 
household income as the most influential predictors of waterborne disease, highlighting the combined importance of 
demographic, environmental, and socioeconomic factors in disease risk. These findings provide valuable evidence for 
identifying vulnerable populations and improving risk stratification in flood-prone settings.

The proposed prediction framework has important implications for public health practice. Integrating the optimized 
Random Forest model into community-based surveillance and disaster preparedness systems could facilitate the early 
identification of high-risk households, enabling targeted interventions such as safe water provision, sanitation improve-
ment, hygiene promotion, and timely healthcare services. Such data-driven approaches have the potential to improve 
resource allocation and strengthen preparedness during flood events in Bangladesh and other low-resource settings with 
similar environmental challenges.

Future ‌‌research should validate the proposed model using independent external datasets from different geographical 
regions and incorporate longitudinal, environmental, meteorological, and remotely sensed data to further improve predic-
tion accuracy and generalizability. The evaluation of advanced deep learning and hybrid ensemble approaches may also 
enhance future prediction systems. Overall, the findings demonstrate that interpretable machine learning, particularly the 
Random Forest algorithm, provides a reliable and practical decision-support tool for waterborne disease prediction and 
can contribute to more effective public health surveillance, early warning, and disease prevention strategies in flood- 
affected communities.
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