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Abstract: Malaria, typhoid fever, respiratory tract infections, and urinary tract infections 

significantly impact women, especially in remote, resource-constrained settings, due to limited 

access to quality healthcare and certain risk factors. Most studies have focused on vector control 

measures, such as insecticide-treated nets and time series analysis, often neglecting emerging yet 

critical risk factors vital for effectively preventing febrile diseases. We address this gap by 

investigating the use of machine learning (ML) models, specifically Extreme Gradient Boost and 

Random Forest, in predicting adult females' susceptibility to these diseases based on biological, 

environmental, and socioeconomic factors. Explainable AI (XAI) techniques, such as Local 

Interpretable Model-Agnostic Explanations (LIME), were applied to enhance the transparency and 

interpretability of these models. This approach provided insights into the models’ decision-making 

process and identified key risk factors, enabling healthcare professionals to personalize treatment 

services. Factors such as high cholesterol levels, poor personal hygiene, and exposure to air 

pollution emerged as significant contributors to disease susceptibility, revealing critical areas for 

public health intervention in remote and resource-constrained settings. This study demonstrates the 

effectiveness of integrating XAI with ML in directing health interventions, providing a clearer 

understanding of risk factors, and efficiently allocating resources for disease prevention and 

treatment. 

Keywords: Febrile Disease; Explainability; Interpretability; LIME; Machine Learning; Malaria; 

Random Forest; RTI; Tropical Disease; Typhoid fever; UTI; XAI; XGBoost 

 

1. Introduction 

Tropical diseases such as urinary tract infection (UTI), respiratory tract infection (RTI), malaria, 

and typhoid fever are significant health concerns. In low- and medium-income countries (LMICs), 

these diseases impact the vulnerable groups, especially the female population, due to non-clinical 

risk factors categorized as environmental, socioeconomic, and biological factors [1]. Environmental 

factors are outside elements about a person's physical surroundings and living circumstances that 

can potentially raise their risk of developing illnesses. Poor sanitation, overcrowded living spaces, 

exposure to mosquitoes, and traveling to regions where tropical diseases are endemic are all 
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environmental factors that increase disease susceptibility. Direct contact with infected persons as well 

as pollution of the environment are also important risk factors in transmitting the disease. 

Socioeconomic factors constitute an individual’s financial, occupational, and social circumstances 

and can impact their health and ability to access healthcare services. For example, street vendors may 

experience poor personal hygiene or live in unsanitary conditions, elevating their risk of disease. Poor 

access to clean water, malnutrition, intravenous drug use, and limited healthcare resources can 

further contribute to disease susceptibility. Biological risk factors are genetic or physical 

characteristics of an individual, including pre-existing health conditions such as high blood pressure, 

high cholesterol, underlying chronic illnesses, and genetic predispositions, which can compromise 

immunity and increase susceptibility to infections. The heightened susceptibility of an individual to 

tropical diseases can also be attributed to allergies and other biological vulnerabilities that impact the 

host’s immune system. 

Women, particularly in LMICs, are affected by tropical diseases because of a confluence of 

environmental, socioeconomic, and biological factors. Their vulnerability to infections such as UTIs 

and malaria is heightened by biological factors such as hormonal fluctuations, pregnancy, as well as 

anatomical variations. Hormonal fluctuations during the menstrual cycle, pregnancy, and 

menopause can impact the immune system, which could lead to heightened vulnerability to 

infections [2–4]. The increased risk of UTI in women is attributed to the relatively short female 

urethra. This results in a reduction in the distance at which bacteria such as Enterococcus fecalis, 

Streptococcus species, and Escherichia coli move from the anus into the urethra. In addition, the 

female urethra opens up into the vulvar vestibular (which is prone to frequent vaginal infections); 

thus, during sexual activity and when using female hygiene products, the balance of the natural 

microbacteria of the vagina is distorted [5,6]. Due to increasing numbers of caesarean section, 

perioperative catheterisations, as well as vaginal examinations during labour, urinary tract infections 

are typically common during pregnancy and the perinatal period. On the other hand, the post-

menopausal woman’s risk increases due to a fall in estrogen and glycogen levels leading to vaginal 

epithelial atrophy as well as a reduction in lactic acid bacteria counts. This leads to the spread and 

infection of the urinary tract by other bacteria, primarily Escherichia coli. According to estimates, 

between 10 and 60 percent of women will at some point in their lives get a symptomatic UTI, and 

every other woman will have experienced at least one UTI [7,8]. UTIs are more common in women 

but are more severe in men [9]. Temporary suppression of the immune system is a characteristic of 

pregnancy that enables the body to strike a balance between shielding the foetus from the mother's 

immune system and shielding the mother from infection [10]. In Mehta & Mann [11], this balance is 

seen in the numerous physiological, immunological, and anatomical changes that take place to 

accommodate the developing foetus. These changes can also increase the severity of some infections 

and make pregnant women more vulnerable. 

Women are also at risk of respiratory tract infection and hospitalization, especially pregnant 

women [12,13].  A twofold higher risk of being overweight or obese in the female gender has been 

reported, thus increasing the risk of obesity-related physical and psychological comorbidities [14]. 

Obesity increases the risk of respiratory tract infections, and thus, women have a higher risk of 

respiratory tract infections [15]. Socially, childcare, caring for ailing family members, and managing 

household chores are more frequently performed by women in LMICs, including cooking and 

cleaning, often in unsanitary conditions, which puts them in closer contact with contaminated areas.  

Since women are the primary caregivers in most families, they spend more time with ailing relatives 

[16], which increases their susceptibility to diseases. These environments increase their exposure to 

contaminated food and water, increasing their risk of contracting infections. They also frequently 

spend time indoors using biomass fuels for cooking, increasing their risk of respiratory tract 

infections from exposure to smoke and other pollutants [17]. Furthermore, their economic roles, such 

as working in agriculture or street vending, increase their exposure to vectors like mosquitoes. In 

resource-poor settings, a large number of women work outside in jobs as street vendors [18], 

agriculture [19], and construction [20], which increases their exposure to mosquitoes and 

contaminated environments, thereby raising their risk of contracting UTI, typhoid fever, and malaria. 
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There is also gender disparity in literacy levels, with men being more literate than women [21]. Thus, 

knowledge about these disease conditions, hygiene as well and prevention is limited in women 

compared to men. Women are more likely to be chronic carriers of Typhoid [22], which increases 

their risk of re-infection, thus putting them more at risk of infections. The abovementioned risk factors 

highlight the pressing need for research on disease susceptibility to concentrate on the female 

population. By developing predictive models that target this population, public health policies can 

be improved, particularly in areas with limited medical resources and health disparities, thereby 

improving prevention and treatment strategies. The prevention of severe health outcomes and the 

effectiveness of treatment depend on the early and accurate detection of tropical diseases. 

Conventional machine learning techniques have been applied in predicting tropical conditions, using 

patient symptoms and other clinical features. 

Most studies have applied ML and XAI techniques with clinical features such as symptoms, 

laboratory findings, and pathogen characteristics, to diagnose typhoid fever, malaria [23–25], UTI 

[26], and RTI [27], but there seems to be a gap in addressing how non-clinical factors particularly 

environmental, socioeconomic, and biological risk factors have in determining an individual's 

susceptibility to tropical disease, particularly in vulnerable groups such as women. Our study 

addresses this gap by shifting the focus to non-clinical factors and how these risk factors increase the 

susceptibility to diseases like typhoid, malaria, respiratory, and urinary infections. This novel 

approach complements clinical studies, providing a comprehensive understanding of disease risk 

that is vital for preventive measures, particularly in resource-poor settings where clinical 

interventions may be delayed or inaccessible. The predictive models developed in this study hold 

great potential for personalized interventions and public health strategies targeted at lowering the 

incidence of tropical diseases among women. Through the identification of women who are more 

susceptible to health risks due to these factors, policymakers and healthcare professionals can better 

allocate resources, concentrating on preventive measures like vector control, better sanitation, and 

health education in communities at high risk. Personalized interventions, in which women who are 

considered to be at risk receive specific guidance, immunizations, or medical care, can also be made 

easier by these predictions, guaranteeing that public health initiatives are both focused and 

economical. Predicting susceptibility aids in the distribution of scarce medical resources and 

guarantees that the most vulnerable groups receive treatments and supplies on time. 

The advent of Explainable Artificial Intelligence (XAI) methods like Local Interpretable Model-

agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP) offers transparency into 

the decision-making process. The XAI methods facilitate transparency by providing insights into the 

decision-making processes of intricate machine learning models [28,29]. Since ML models, which are 

sometimes referred to as "black boxes," generate accurate predictions that are not interpretable, it 

makes it challenging for users in the health sector to comprehend and trust their outcomes. To 

address this problem, LIME builds locally interpretable models around individual predictions, 

highlighting the key features (risk factors) influencing a prediction and explaining why specific risk 

factors are involved in specific outcomes. This increases user trust and accountability and improves 

the transparency and dependability of AI-driven systems. By incorporating LIME for explainability, 

clinicians, policymakers, and other stakeholders can have greater confidence in the transparent 

decision-making process of the ML models. Healthcare practitioners can better understand why some 

women are considered more susceptible to particular tropical diseases by using these explainability 

techniques, which provide a thorough breakdown of the risk factors that most strongly influence 

each prediction. To guarantee that AI-driven insights are applicable and enable better-informed 

decision-making and focused interventions, this transparency is essential. It provides a mechanism 

for policymakers to rank risk mitigation initiatives according to distinct, comprehensible criteria, 

encouraging evidence-based policies targeted at lowering the burden of disease in high-risk 

populations. 

This study aims to use LIME and ML models to predict the susceptibility of women to tropical 

diseases based on environmental, socioeconomic, and biological risk factors. By concentrating on this 

susceptible population, we hope to develop a predictive framework that improves prediction 
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accuracy and healthcare outcomes for populations at high risk of tropical diseases by integrating ML 

and XAI as demonstrated in this work. Some primary contributions of this study are: 

• By using ML algorithms such as Random Forest (RF) and Extreme Gradient Boost (XGBoost), 

the study improves the prediction of susceptibility to tropical diseases and offers a data-driven 

approach to disease prevention and intervention by efficiently processing risk factors to 

provide accurate predictions for at-risk women. 

• The integration of LIME with XGBoost and RF offers explainability for the model's predictions, 

making decisions more comprehensible and practical by enabling policymakers and healthcare 

professionals to comprehend the precise risk factors influencing each prediction. This 

transparency builds trust in AI-driven healthcare solutions and enables targeted interventions 

based on identified risk factors. 

The study is structured as follows: Section 2 outlines the methodology, which includes data 

collection, preprocessing, the suggested system framework, the prediction and interpretability model 

for enhanced diagnostic interpretability, and the model's performance metrics. Section 3 presents the 

findings and discussion, assessing the performance of different algorithms and demonstrating how 

XAI provides information about model choices. The study is concluded in Section 4, which also 

identifies its shortcomings and suggests additional research.   

2. Methodology 

2.1. Dataset Description and Data Preprocessing 

The New Frontiers in Research Fund (NFRF) project provided 4870 patient records for this study 

[30]. The dataset was segmented according to patient symptoms, demographic data, risk factors, 

suspected diagnosis, additional testing, and confirmed diagnosis. Five points were assigned to each 

patient's symptom severity and risk factors on the dataset: 5 for very severe, 4 for severe, 3 for 

moderate, 2 for mild, and 1 for absent. The medical professionals made suspected diagnoses based 

on the extent to which the patient is susceptible to non-clinical risk factors. Before reporting the 

confirmed diagnoses, additional tests, including blood films, serology, complete blood counts, etc., 

were performed. Using a language scale, the severity of the suspected and confirmed diagnoses was 

rated: 6 = very high; 5 = high; 4 = moderate; 3 = low; 2 = very low; and 1 = absent. Malaria, HIV/AIDS, 

TB, typhoid fever, dengue fever, urinary tract infection, yellow fever, respiratory tract infection, and 

Lassa fever were the illnesses included in the dataset. To preserve the integrity of the dataset, records 

with missing symptoms, risk factors, and diseases (TB, HIV/AIDS, dengue fever, yellow fever, and 

Lassa fever) not covered by this study were removed during data preprocessing. 

Women from adolescents (13 years to 18 years) and above were chosen for this study. 

Adolescents go through a crucial period of physical, hormonal, and immune system changes. 

Adolescent women frequently undergo biological changes during this time, including the onset of 

menstruation and hormonal fluctuations, which can impact their vulnerability to infections. 

Furthermore, the socioeconomic difficulties that many teenagers in LMICs face, such as poor living 

conditions, poor nutrition, and restricted access to health care, increase their susceptibility. By 

including adolescents, this study captures a broad spectrum of life stages where women are 

susceptible to non-clinical risk factors, providing comprehensive insights into how environmental, 

socioeconomic, and biological influences affect disease susceptibility throughout different phases of 

adulthood. This ensures that public health interventions can be tailored to address the unique needs 

of both younger and older women, ultimately improving healthcare outcomes for this vulnerable 

population. The demographic data of the female patients extracted for this study is presented in Table 

1. The age range is presented in five (5) groups (adolescents, young adults, middle-aged adults, older 

adults, and elderly), as well as the number of pregnant patients from the first to third trimester and 

nursing mothers. 
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Table 1. Demographic Data of female patients. 

Age range Frequency 

13 years to 18 years 182 

19 years to 35 years 978 

36 years to 50 years 425 

51 years to 65 years 260 

66 years and above 106 

Total 1951 

Pregnant Patients Frequency 

0-3months 135 

4-6months 184 

7-9months 86 

Total 405 

Nursing mothers Frequency 

0-3months 26 

4-6months 35 

7-9months 28 

over 9months 61 

Total 150 

After removing the columns for symptoms, further testing, and doctors' suspected diagnoses, 

the dataset was narrowed down to risk factors and confirmed diagnoses that fell within the purview 

of the investigation. By using binary encoding to convert the output labels to absent (0) [1=absent] 

and present (1) [6 = very high; 5 = high; 4 = moderate; 3 = low and 2 = very low], the classification 

tasks were made simpler, the model's complexity was decreased, and performance was enhanced 

because there would be no need for the model to differentiate between multiple, potentially 

overlapping classes. Only 1951 records remained in the dataset after preprocessing, as Fig. 1 

illustrates, with 17 risk factors and 4 confirmed diagnoses. The list of risk factors and the diseases 

considered in this study is presented in Table 2. 
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Figure 1. Pre-processed dataset. 

Table 2. Risk factors and Diseases with abbreviations. 

Biological Factors Abbreviation 

Poor Environmental Condition PECON 

Overcrowding OVCRW 

Travel to Endemic Region TRVENRG 

Exposure to Mosquito Bite EXPMQBT 

Indoor Air Pollution EXPIDARPOL 

Smoking Exposure SMSCHNSM 

Contact with an Infected Person DRCOIFPS 

Skin Puncture SKPUPR 

Socioeconomic Factors 

Street Vendor STRVEN 

Poor Personal Hygiene PPHYG 

Intravenous Drug Use IVNDRUS 

Low Fluid Intake LWFLIN 

Biological Factors 

Genetic Condition GNCN 

High Blood Pressure HIBP 

High Cholesterol Level HICOLV 

Underlying Chronic Illness UNCHRIL 

Allergy ALG 

Diseases 

Malaria MAL 

Enteric fever (Typhoid Fever) ENFVR 

Urinary Tract Infection UTI 

Respiratory Tract Infection RTI 

2.2. Prediction and Interpretability Models  

Google Colab was used in the study along with matplotlib, sk-learn, numpy, and pandas, among 

other Core Python libraries and packages. The RF and XGBoost algorithms created the prediction 
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models with performance metrics. GridSearchCV, a hyperparameter tuning technique, was included 

to increase the prediction accuracy. The hyperparameter settings used were RF ('max_depth': [None, 

10, 20], 'n_estimators': [100,200,300]) and XGBoost ('max_depth': [3,5,7], 'n_estimators': [100,200,300]). 

While n_estimators indicates the number of trees to be built, max_depth specifies the maximum 

depth of the trees. These hyperparameters help to fine-tune the model's behaviour, improving its 

functionality and capacity to accurately and broadly identify the febrile conditions that this study is 

considering. The corresponding machine learning algorithms' built-in features were used to derive 

these hyperparameters. The Random Forest and XGBoost algorithms were utilized in this study. To 

increase prediction accuracy, the RF algorithm is an ensemble machine learning technique that 

combines several decision trees with a strong resistance to over-fitting [31]. RF efficiently handles 

high-dimensional and complex problems and performs well with large datasets [32]. Voting on 

individual tree predictions creates the final prediction, lowering overfitting and increasing the 

model's resilience. The gradient boosting framework includes the XGBoost algorithm, which can be 

applied to resolve problems with predictive modeling for regression or classification. With each new 

learner focusing on correcting the errors made by the more experienced ones, XGBoost brings in 

weaker students to the group. XGBoost has gained widespread use in numerical applications, such 

as illness prediction, due to its well-known ability to manage structured data [33]. LIME uses an 

interpretable model to approximate the complex model near a specific prediction to provide local 

explanations [25,34]. This made it possible to produce a graphic explanation that illustrates how the 

characteristics of the risk factors influenced the forecasts. It indicates which symptoms influenced the 

model's judgment the most, making the reasoning behind it transparent for healthcare professionals. 

It also offers succinct, locally interpretable explanations for each prediction.  

2.3. Proposed System Framework 

The proposed tropical disease prediction framework is presented in Fig. 2. The key components 

of the framework, which facilitate decision-making, are medical experts, a mobile device for 

processing and storing data locally and in the cloud, and a healthcare worker. Medical professionals 

provided the patient data, which was then preprocessed into a format that could be used for ML and 

XAI modeling. Preprocessing helps the model produce more reliable predictions by ensuring data 

quality, choosing and encoding relevant features, balancing the dataset, and normalizing inputs. 

Using a mobile device, a healthcare professional can use the suggested model to diagnose tropical 

diseases with greater accuracy and understanding. Healthcare professionals can enter a patient's 

vitals and risk factors using sliders and drop-down menus on the user-friendly interface. Following 

data entry, the model can instantly process the information and determine whether the patient is 

most likely to have malaria, typhoid fever, UTI, or RTI. 

 

Figure 2. Tropical Disease Prediction Framework. 
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2.4. Model Performance Metrics 

Initial records for 4870 patients with feverish symptoms made up the dataset used for this study. 

Following preprocessing, the number of patient records was reduced to 1951, and only those with 

pertinent features were kept for machine learning modeling. The dataset was split into 20% for testing 

and 80% for training. To achieve robust and objective results, for cross-validation, StratifiedKFold 

was used, rearranging the data before dividing it into five stratified folds. GridSearchCV was used 

to optimize model performance. Key performance metric components were used to assess the 

experimental models. 

Precision quantifies how well a model detects true positive cases while avoiding false positives. 

It conveys the precision with which a model forecasts favourable results. Accuracy is important when 

false positives have a significant cost. For example, a false positive in a medical diagnosis could lead 

to unnecessary treatments. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positives

True Positives + False Positives
  

The ability of a model to recognize each positive instance in a dataset is measured using a metric 

known as recall. It measures how sensitive the model is to True Positive cases. In medical screenings, 

where it can be crucial to miss a positive case (false negative), recall is crucial when the cost of false 

negatives is high. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
True Positives

True Positives + False Negatives
  

The harmonic mean of recall and precision is represented by the F1-Score. The F1-score can have 

a range of binary values, with 1 representing each class's correctly predicted data point and 0 

representing any class's incorrectly predicted data point. The F1 Score can be useful when you need 

to balance recall and precision, especially if your class distribution is not uniform. 

𝐹1 = 2 ∗ (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗  𝑅𝑒𝑐𝑎𝑙𝑙

𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
)  

The need to balance accuracy and reliability in a real-world healthcare setting led to the decision 

to use precision, recall, and F1 score to evaluate the models. These metrics are particularly well-suited 

for the prediction of tropical diseases, where an overdiagnosis or underdiagnosis can have major 

implications on women's health, resource allocation, and public health strategies. 

3. Results and Discussion 

This section displays the results of the evaluation of the models' performance as well as the XAI 

technique used to predict tropical diseases based on risk factors. Table 2 displays each model's 

performance, and the model's performance according to the metrics considered is displayed in Fig. 

3. XGBoost performs well in malaria prediction, with high recall and precision rates. While recall 

shows that 84% of those at risk are correctly identified, precision indicates that 89% of the patients 

identified as susceptible to malaria are actually at risk. With an F1-score of 86%, this model is deemed 

reliable for predicting susceptibility to malaria, as it demonstrates a balanced trade-off between 

precision and recall. Typhoid fever is predicted by the model with a moderate degree of precision 

(64%) but a relatively low recall rate (34%). The F1-score of 44% indicates a significant imbalance, 

signifying that the model has difficulty correctly identifying women who are susceptible to typhoid 

fever. The model's moderate precision of 64% for UTI prediction is accompanied by a very low recall 

of 26%, and its poor performance is reflected in its F1-score of 37%, suggesting that the model is not 

effective in capturing a patient's susceptibility to UTIs. The model has a 67% precision and a 32% 

recall rate, which is considered moderate for predicting RTIs. The model can accurately identify 67% 

of the predicted at-risk cases, according to the F1-score of 43%; however, it can only identify 32% of 

the true at-risk cases, resulting in a large number of missed cases.  

Similar to XGBoost, RF predicts malaria well, yielding almost identical outcomes. An F1-score 

of 87% indicates balanced and trustworthy predictions, and the high precision (89%) and recall (85%) 
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indicate that the model is both accurate in its predictions and effective in identifying those who are 

truly at risk. For typhoid fever, RF outperforms XGBoost in terms of precision (74%). However, recall 

is still low at 27%, meaning many susceptible women are missed. The model appears to be having 

difficulty capturing a significant enough number of true positive cases, as indicated by the F1-score 

of 40%. While RF predicts UTIs with a higher precision (71%) than XGBoost, it still performs poorly 

in recall (21%). The model's poor F1-score of 32% indicates a limited ability to accurately predict the 

risk of UTIs by demonstrating an ineffectiveness at striking a balance between precision and recall. 

RF outperforms XGBoost for RTIs, achieving a 30% recall and 70% precision. Even with acceptable 

precision, a sizable portion of those who are actually at risk are still missed by the model. The model's 

moderate ability to identify women who are susceptible to RTIs is reflected in the F1-score of 42%. 

Table 2. Prediction model performance. 

 MAL ENFVR UTI RTI 

XGBoost Precision 0.89 0.64 0.64 0.67 

Recall 0.84 0.34 0.26 0.32 

F1-score 0.86 0.44 0.37 0.43 

RF Precision 0.89 0.74 0.71 0.70 

Recall 0.85 0.27 0.21 0.30 

F1-score 0.87 0.40 0.32 0.42 

 

Figure 3. Performance Evaluation of the Models. 

These results suggest that while ML models, particularly random forest, do well in predicting 

malaria, they have trouble with illnesses like respiratory tract infections, typhoid fever, and UTIs. 

Given the reliability of malaria predictions, patients who have been identified as susceptible can 

benefit from focused preventive measures like prophylactic treatments or mosquito control. The low 

recall for illnesses like UTIs and typhoid, however, raises the possibility that many women who are 

at risk may not be identified, which would reduce the efficacy of public health initiatives aimed at 

preventing these infections. The model's performance was influenced by the size of the dataset, as 

both the quantity and quality of data are important considerations in machine learning. This is 

because smaller datasets can cause overfitting, a condition in which the model performs well on 

training data but finds it difficult to predict accurately from unseen data. This is demonstrated by the 

lower recall scores for illnesses such as urinary tract infections and typhoid fever in both Random 

Forest and XGBoost, which suggests that the model may have several true positive cases, potentially 

due to insufficient data representing these conditions. Furthermore, imbalances in the way the model 
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learns from the data could result from a smaller dataset's inability to sufficiently capture the diversity 

of non-clinical risk factors across various demographics and disease profiles. For instance, the lower 

F1 scores for respiratory tract infections and typhoid fever indicate that there may not have been 

enough instances of these illnesses in the dataset for the model to properly identify their patterns. By 

adding more representative data, expanding the dataset may enhance performance by enabling the 

model to more accurately detect patterns and relationships between non-clinical risk factors and 

disease susceptibility, particularly in underrepresented categories. 

The LIME results for XGBoost in Fig. 4 provide insight into how various risk factors affect the 

model's predictions for susceptibility to tropical diseases. The negative contribution of mosquito bites 

and travel to endemic regions seems counterintuitive given the association of these risk factors and 

diseases like malaria. It might indicate either model overfitting or potential data imbalances in 

capturing mosquito exposure and travel to endemic regions, suggesting a need for further 

investigation. The positive contributions of factors like high cholesterol levels, smoking exposure, 

and poor personal hygiene indicate that these factors can increase the likelihood of susceptibility. 

While high cholesterol itself isn't directly linked to tropical diseases, this finding may point to 

underlying health vulnerabilities or general immune system weaknesses that make women more 

susceptible to infections. This underscores the importance of addressing lifestyle factors and 

environmental conditions in preventive healthcare strategies for women, especially in regions prone 

to tropical diseases. Additionally, factors like indoor air pollution and contact with infected persons 

highlight the need for public health interventions that focus on improving air quality and hygiene 

education to lower disease transmission risks in vulnerable populations. 

 

Figure 4. XGBoost Algorithm LIME diagram. 

The LIME results for Random Forest reveal key insights into how various risk factors affect the 

model’s predictions of susceptibility to tropical diseases. The negative influence of traveling to 

endemic regions is similar to the XGBoost LIME results, which may suggest that women who travel 

to such regions possibly take preventive measures, leading to a reduced risk of infection. The negative 

influence of low fluid intake indicates that the dataset doesn't link this risk factor to tropical diseases, 

although dehydration can sometimes exacerbate disease symptoms. On the other hand, positive 

contributions of factors such as smoking exposure, indoor air pollution, poor personal hygiene, and 

contact with infected persons point to areas where public health interventions could play a critical 

role in reducing disease risk. These findings highlight the need for targeted public health policies that 

address environmental and lifestyle factors to protect women, particularly in resource-limited 

settings where tropical diseases are prevalent. 
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Figure 5. RF Algorithm LIME diagram. 

In comparing the LIME results for XGBoost and Random Forest (RF), we see notable similarities 

and differences in the feature importance rankings and the magnitude of their contributions. Both 

models show "Travel to Endemic Regions" as an important negative predictor, suggesting that travel 

may have been mitigated by preventive measures. On the positive side, XGBoost places more 

emphasis on Smoking Exposure and High Cholesterol, while RF assigns less importance to these and 

gives more weight to Indoor Air Pollution and Smoking Exposure. Overall, XGBoost's results are 

more extreme, with higher magnitude feature importance scores, which may indicate a more complex 

understanding of how certain risk factors affect susceptibility. However, RF's results are more 

balanced and stable across multiple factors, potentially leading to a more robust and interpretable 

model. Depending on the context, RF's more consistent and balanced outputs could be considered 

better for real-world applications, especially when dealing with stakeholders who need interpretable 

and actionable insights. 

4. Conclusions 

This study explores the intricate connections between environmental, socioeconomic, and 

biological risk factors and their influence on the susceptibility of women to tropical diseases such as 

malaria, typhoid fever, urinary tract infections (UTIs), and respiratory tract infections (RTIs). Women 

in LMICs are disproportionately affected by these diseases due to their socioeconomic roles, 

caregiving responsibilities, and increased exposure to environmental hazards. By incorporating non-

clinical factors such as poor personal hygiene, overcrowded living conditions, smoking and exposure 

to smoke, and other socioeconomical factors into predictive models, this research bridges an essential 

gap in the current understanding of tropical disease susceptibility.  

The employed RF and XGBoost models performed well in predicting malaria, making them 

suitable for preventive measures and targeted interventions. However, the models struggled with 

diseases like typhoid fever, UTIs, and RTIs, where the recall rates were significantly lower, suggesting 

overfitting in the training phase. The study also explored the potential of XAI to enhance the 

interpretability of the models. Incorporation of LIME provided even greater transparency, helping 

stakeholders better understand the models’ decision-making processes. By using XAI techniques, 

healthcare professionals and policymakers could understand the key factors influencing the models’ 

decisions. For example, XAI analysis indicated that factors such as high cholesterol levels, smoking 

and exposure to smoke, poor personal hygiene, and indoor air pollution were significant contributors 

to disease susceptibility. This transparency is crucial in ensuring that ML-driven healthcare solutions 

are trusted and can be integrated into real-world public health strategies.  
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One major limitation of the study was the reliance on causative risk factors alone. While this 

approach provided valuable insights into the environmental, socioeconomic, and biological 

contributors to disease susceptibility, the exclusion of clinical factors such as symptoms and other 

geospatial and time-series data may have degraded the different models’ overall performance in 

particularly in the prediction of diseases like UTI and RTIs.  

Future research should explore the integration of both clinical and causative risk factors to create 

a more comprehensive predictive framework. This could improve the models' capacity to recognize 

people who are at risk and improve the overall performance of these febrile disease predictions. 

In conclusion, this research offers a fresh perspective on comprehending and predicting disease 

susceptibility among women in LMICs. By combining advanced ML algorithms with XAI techniques, 

the research offers valuable insights into the environmental, socioeconomic, and biological factors 

that contribute to tropical disease susceptibility. The identification of key risk factors, such as 

exposure to mosquitoes, indoor air pollution, and poor hygiene practices, provides actionable 

insights for policymakers. By focusing on these areas, public health initiatives can be more effectively 

tailored to reduce the burden of tropical diseases among women. The findings have significant 

implications for public health policy, personalized medicine, and the future of AI-driven healthcare.  
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