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 Respiratory Tract Infections (RTIs) pose significant health challenges in 
resource-scarce settings, where access to diagnostic tools is limited. This 
study presents an explainable artificial intelligence (XAI) framework for 
predicting RTIs using patient symptoms and multidimensional risk 
factors. Leveraging a dataset of 4,870 patient records provided by the 
New Frontiers in Research Fund (NFRF), we addressed class imbalance, 
with 1,756 RTI-positive and 3,112 RTI-negative cases, using the 
Synthetic Minority Over-sampling Technique (SMOTE). This resulted 
in a balanced dataset of 6,258 instances (3,129 positive and 3,129 
negative). We implemented and evaluated three traditional machine 
learning models: Random Forest, XGBoost, and Decision Tree. To 
enhance model transparency and support clinical trust, we integrated 
Local Interpretable Model-Agnostic Explanations (LIME) for feature-
level interpretability. Among the models, XGBoost achieved the highest 
AUC-ROC of 0.8876, followed closely by Random Forest (0.8823), 
while Decision Tree performed lowest (0.7922). LIME explanations 
consistently identified Dizziness (DIZ) and Shock (SHK) as the most 
influential predictors of RTI, reflecting symptoms associated with 
severe infections. Fever was also highlighted, underscoring alignment 
with clinical understanding. This framework not only achieves high 
predictive performance but also promotes interpretability, making it 
suitable for real-world deployment in healthcare systems with limited 
resources. 
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1. INTRODUCTION 

In resource-scarce regions where diagnostic infrastructure is often limited, Respiratory Tract Infections 

(RTIs) remain a significant health concern. RTIs contribute to considerable morbidity and mortality, 

particularly among vulnerable groups such as children, the elderly, and individuals with weakened immune 

systems (Georgakopoulou et al., 2024). The primary causes of RTIs are bacteria and viruses, with recurrent 

infections presenting substantial challenges for healthcare providers (Schaad et al., 2016). Chronic illnesses 

and other risk factors can compromise immune responses, increasing susceptibility to various viral RTIs 

(Fragkou et al., 2022).  

Early and accurate diagnosis of infectious diseases is essential for timely treatment and effective 

containment (Olatunji et al., 2024). Therefore, there is a need for alternative diagnostic methods that are 

not only scalable and precise but also sufficiently interpretable to adapt to challenging clinical settings. 

Advances in artificial intelligence (AI) and machine learning (ML) have shown promising results in disease 

prediction and clinical diagnosis. ML algorithms have demonstrated superior performance in forecasting 

patient outcomes, resource allocation, and disease diagnosis compared to traditional methods (Shrivastava 

et al., 2024). Research has demonstrated that the XGBoost (Asuquo et al., 2024; Yang & Guan, 2022; 

Sankar et al., 2022), random forest (Attai et al., 2024; Attai et al., 2025a, 2025b), and decision tree (Arora 

et al., 2024; Tanaka et al., 2025; Yu et al., 2024) algorithms are useful in the diagnosis, prediction, and 

treatment of medical conditions and have demonstrated effectiveness in handling high-dimensional and 

complex datasets. Previous studies have demonstrated the effectiveness of machine learning (ML) models 

in predicting Respiratory Tract Infections (RTIs). For instance, a Long Short-Term Memory (LSTM) model 

was applied for lower RTI prediction (Bukenya et al., 2025), while a deep learning approach was used for 

pulmonary disease prediction (Habtamu et al., 2025). Similarly, other studies have implemented various 

ML algorithms for predicting acute Respiratory Tract Infections (Yehuala et al., 2024; Kassaw et al., 2024). 

These studies collectively provide a foundation for understanding how ML techniques can support early 

detection and clinical decision-making in RTI diagnosis. 

Although traditional machine learning models have achieved remarkable accuracy in disease 

prediction, they are often criticized for functioning as “black boxes,” offering little or no insight into how 

predictions are made. This lack of interpretability limits their adoption in clinical practice, where healthcare 

professionals must understand and trust the reasoning behind automated decisions. Explainable Artificial 

Intelligence (XAI) has emerged as a vital research direction to overcome this limitation by making model 

outputs more transparent and clinically interpretable. Recent studies have successfully applied XAI 

techniques to enhance the explainability of AI systems in healthcare, for instance, in medical imaging 

diagnostics (Abraham et al., 2025; Ukwuoma et al., 2025), cardiovascular disease prediction (Kiran et al., 

2025; Yan et al., 2025), and infectious disease modeling (Amannah et al., 2025; Attai et al., 2025a, 2025b), 

demonstrating that interpretability can coexist with high predictive performance (Hassan et al., 2025). 

However, despite these advances, the integration of XAI into Respiratory Tract Infection (RTI) diagnosis 

remains limited, particularly in frameworks that combine symptoms and risk factors for model 

interpretation. This gap underscores the need for interpretable ML approaches tailored to RTI prediction in 

resource-limited settings. To address this, the present study employs the Local Interpretable Model-

Agnostic Explanations (LIME) technique to identify and prioritize the most influential features contributing 

to RTI predictions, thereby improving transparency, clinical validation, and trust in AI-assisted medical 

decision-making. 

In this study, we integrated LIME with traditional machine learning techniques, including Random 

Forest, XGBoost, and Decision Tree, to create an interpretable model for predicting RTIs based on 

symptoms and multidimensional risk factors, such as behavioral and environmental indicators. XGBoost, 

Random Forest, and Decision Tree algorithms were selected for predicting RTIs due to their proven 

performance, interpretability, and suitability for complex clinical datasets. Decision Trees provide 

transparent and easily interpretable structures, making them ideal for medical decision support (Balcan et 
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al., 2024; Catalano et al., 2025). Random Forest enhances predictive accuracy by combining multiple trees 

and reducing overfitting, which is beneficial in heterogeneous healthcare data (Attai et al., 2024; Attai et 

al., 2025a, 2025b). XGBoost, a gradient-boosted ensemble method, efficiently captures nonlinear 

relationships among clinical features and has demonstrated high accuracy in disease prediction tasks (Jiang 

et al., 2025; Zhou et al., 2025). When integrated with LIME, these models provide both robust performance 

and explainability, enabling clinicians to understand model-driven predictions with confidence. This work 

focuses on healthcare settings with limited resources, where diagnostic support tools need to be accurate, 

easily deployable, inexpensive, and explainable. 

2. METHODOLOGY 

This study focused on developing predictive models for respiratory tract infection (RTI) using classical 

machine learning algorithms, integrated with an Explainable Artificial Intelligence (XAI) approach to 

enhance model interpretability. The proposed explainable framework for predicting Respiratory Tract 

Infections integrated both clinical symptoms and patient risk factors to enhance diagnostic accuracy and 

interpretability. The process began with input data collection, comprising relevant symptoms and risk 

factors associated with Respiratory Tract Infections as shown in Fig. 1. These data underwent preprocessing 

to handle missing values, normalize feature scales, and encode categorical variables. To address class 

imbalance, the Synthetic Minority Oversampling Technique (SMOTE) was applied, ensuring equitable 

representation of disease and non-disease cases. The balanced dataset was then used to train a machine 

learning model, whose parameters were optimized through GridSearchCV for improved performance and 

generalization. To enhance transparency, the framework incorporated Explainable Artificial Intelligence 

(XAI) using the Local Interpretable Model-Agnostic Explanations (LIME) technique, which identified and 

visualized the most influential features contributing to each prediction. Finally, the interpretable outputs 

were presented as part of a decision-support system to assist healthcare workers in making informed, data-

driven, and transparent clinical decisions regarding Respiratory Tract Infection diagnosis. 

 

 

Fig. 1. Proposed Framework for Explainable Respiratory Tract Infection Prediction 

2.1 Dataset and Preprocessing 

The New Frontiers in Research Fund (NFRF) project provided 4,870 patient records used in this study 

(University of Uyo Teaching Hospital & Mount Royal University, 2024). Following the removal of entries 

with missing symptom or risk factor information, 4,868 complete records were retained for analysis. Table 

1 presents the demographic distribution of male and female patients. During the preprocessing stage, all 

columns unrelated to the study objective, such as irrelevant symptoms, risk factors, and non-target diseases, 

were excluded. The dataset was then refined to include only the relevant features necessary for modeling 
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Respiratory Tract Infections (RTIs). The final set of selected features used in the machine learning pipeline 

is summarized in Table 2. The dataset demonstrated a class imbalance, comprising, 1,756 RTI-positive 

cases and 3,112 RTI-negative cases. To mitigate this imbalance and enhance the fairness and robustness of 

model training, the Synthetic Minority Over-sampling Technique (SMOTE) was employed. This approach 

generated synthetic examples for the minority class, resulting in a balanced dataset of 3,129 RTI-positive 

and 3,129 RTI-negative instances. 

Table 1. Statistics of patients in the dataset 

Patient Age (Years) < 5 5 -12 13 – 19 20 – 64 ≥ 65 Total 

Female 419 323 213 1605 135 2695 

Male 534 346 150 1012 133 2175 
Total 953 669 363 2617 268 4870 

Table 2. Symptoms and Risk Factors Used in the Study 

SN Symptoms/Risk Factors SN Symptoms/Risk Factors 

1 Cough_initial dry (CGHDRY) 14 Fatigue (FTG) 

2 Dry cough (DRYCGH) 15 Foul breath (FOLBRT) 

3 Catarrh (CTRH) 16 Dizziness (DIZ) 
4 Chest pain (CHSPN) 17 Shock (SHK) 

5 Chest indraw (CHSIND) 18 Skin rash (SKNRSH) 

6 Difficulty breathing (DIFBRT) 19 Indoor Air Pollution (EXPIDARPOL) 
7 Wheezing (WHZ) 20 Smoking Exposure (SMSCHNSM) 

8 Red eyes (REDEYE) 21 Overcrowding (OVCRW) 

9 Red eyes, face, tongue (REDEYEFCTNG) 22 Poor Environmental Condition (PECON) 
10 Sore throat (SRTRT) 23 Contact with an Infected Person (DRCOIFPS) 

11 Mouth ulcer (MUTUCR) 24 Allergy (ALG) 

12 Generalized rashes (GENRSH) 25 Underlying Chronic Illness (UNCHRIL) 

13 Fever (FVR) 26 Poor Personal Hygiene (PPHYG) 

2.2 Model Development and Performance Evaluation 

Three supervised machine learning algorithms, Random Forest, XGBoost, and Decision Tree, were 

utilised to develop predictive models for RTI. These algorithms were chosen for their strong track records 

in clinical prediction tasks, ease of interpretability, and resilience against overfitting. GridSearchCV was 

employed for hyperparameter tuning to determine the best-performing settings for each classifier. In the 

case of XGBoost, the tuning process tested combinations of 100 and 200 estimators with maximum tree 

depths of 3 and 5, aiming to minimize overfitting while preserving accuracy. The Random Forest algorithm 

used a similar procedure, with the n_estimators parameter tested at 100 and 200, and max_depth evaluated 

at both unrestricted (None) and a controlled limit of 10. The Decision Tree model was optimized by 

assessing tree depths of None, 10, and 20 to find the most effective complexity level. This careful 

calibration of parameters ensured that each model was tailored for optimal learning and stable predictions 

in the context of the study. To assess model performance, a suite of classification metrics was employed: 

Accuracy, Precision, Recall, F1 Score, Logarithmic Loss (Log Loss), and area under the receiver operating 

characteristic curve (AUC-ROC). This multi-metric approach ensured a balanced evaluation, especially 

critical in healthcare applications where data imbalance and the cost of misclassification must be carefully 

managed. 

2.3 Model Explainability with LIME and Experimental Environment 

To improve the interpretability of the model predictions, the Local Interpretable Model-Agnostic 

Explanations (LIME) technique was adopted. LIME provides local explanations by identifying which 

features most significantly influenced individual prediction outcomes, thereby making the models’ 

decisions more transparent to end users, particularly healthcare professionals. All model training, 

evaluation, and explainability analyses were conducted in Google Colaboratory, a cloud-based interactive 
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development environment. The experiments were implemented using Python, with key libraries including 

scikit-learn for model development, imblearn for handling class imbalance with SMOTE, and LIME for 

generating explanation outputs. 

3. RESULTS AND DISCUSSION 

The XGBoost model showed a strong balance between correctly identifying patients with Respiratory Tract 

Infections (RTI) and those without. This was reflected in the confusion matrix in Fig. 2, where both the 

True Positive and True Negative values are high, while the False Positive and False Negative values are 

comparatively low. XGBoost achieved the highest accuracy (81.72%), indicating that it correctly classified 

most cases. Its precision (82.03%) and recall (81.72%) are well-balanced, meaning the model is both 

reliable in identifying true positives and minimizing false alarms. The F1 score (81.83%) further confirmed 

this balance between sensitivity and specificity. Additionally, XGBoost had the lowest log loss (0.4335), 

suggesting its probability estimates are both accurate and confident. The highest AUC-ROC (0.8876) 

indicated that XGBoost was effective at distinguishing between patients with and without RTI. 

 

 

Fig. 2. XGBoost Confusion Matrix 

The Random Forest model also performed well, with a slightly higher precision (82.24%) than 

XGBoost, indicating fewer False Positives, which is desirable in a medical setting because it helps avoid 

misdiagnosis and overtreatment as shown in Fig. 3. The confusion matrix was like XGBoost, but with a 

minor increase in FN and a reduction in FP.  The Random Forest model’s recall and F1 score were nearly 

identical to XGBoost, making it a very dependable alternative. However, its higher log loss (0.6174) 

compared to XGBoost suggests it may be less confident in its probability outputs. Nonetheless, the AUC-

ROC of 0.8823 showed that it still had strong classification capability.  
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Fig. 3. Random Forest Confusion Matrix 

Although the Decision Tree model was simple and interpretable, it underperformed compared to other 

models, as seen from its lower precision (78.75%) and recall (78.85%).  As shown in its confusion matrix 

(Fig. 4), the FP value is relatively higher than in the other models, which resulted in a lower number of TN. 

The Decision Tree model had the lowest accuracy (78.85%), precision (78.75%), recall (78.85%), and F1 

score (78.79%), suggesting that it was less reliable overall. More concerning was its extremely high log 

loss (2.7169), indicating that its predicted probabilities were far from actual outcomes, which was 

problematic in medical applications where confidence in predictions matters. The AUC-ROC (0.7922) also 

lagged, showing a weaker ability to distinguish between RTI and non-RTI cases. Given these weaknesses, 

the Decision Tree was not recommended for deployment in a clinical application. 

 
Fig. 4. Decision Tree Confusion Matrix 

Table 3. Prediction model performance 

 Accuracy Precision Recall F1 Score Log Loss AUC-ROC 

Random Forest 0.8162 0.8224 0.8162 0.8179 0.6174 0.8823 

XGBoost 0.8172 0.8203 0.8172 0.8183 0.4335 0.8876 
Decision Tree 0.7885 0.7875 0.7885 0.7879 2.7169 0.7922 
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LIME was used to interpret the model’s individual prediction by identifying which symptoms and 

risk factors contributed most to the diagnostic outcome, and the results are illustrated in Fig. 5-7. The Y-

axis presents the list of features that are important in determining the outcome of a specific instance. The 

X-axis shows the feature contribution weights, representing the degree and direction of influence each 

variable has on the model’s prediction. Values further from zero indicate a stronger influence, while values 

closer to zero have minimal impact. Features shown in red represent factors that decrease the likelihood of 

Respiratory Tract Infection in this specific prediction, whereas green bars indicate factors that increase the 

likelihood of infection. 

For the XGBoost model, the LIME explanation in Fig. 5 showed that severe clinical symptoms, 

particularly shock (SHK) and dizziness (DIZ), were the strongest positive contributors to RTI prediction, 

consistent with their association with serious infections. Additional positive influences included mouth 

ulcer (MUTUCR), foul breath (FOLBRT), fatigue (FTG), skin rash (SKNRSH), generalized rash 

(GENRSH), and fever (FVR), highlighting the model’s sensitivity to inflammatory and systemic features. 

Symptoms such as cough_initial dry (CGHDRY), dry cough (DRYCGH), catarrh (CTRH), and difficulty 

breathing (DIFBRT) exhibited relatively small negative contributions, suggesting limited influence on this 

specific prediction. This minimal effect may have been attributed to the dataset’s composition, which 

originally included several febrile diseases and overlapping symptom profiles; after refining the dataset to 

focus exclusively on RTI, these features retained less discriminative power in this localized context. 

Environmental and hygiene-related indicators (PPHYG, OVCRW, PECON) also contributed to the 

explanation, underscoring the integration of social determinants with clinical symptoms.  

 

 
Fig. 5. XGBoost LIME diagram 

For the Random Forest model, the LIME explanation in Fig. 6, showed that dizziness (DIZ) and shock 

(SHK) were the most influential positive contributors to RTI prediction, consistent with their role as 

markers of systemic illness and severe infection. Fever (FVR) also appeared as a key positive predictor, 

reinforcing the model’s alignment with clinical expectations for febrile respiratory illnesses. Additional 

features such as generalized rash (GENRSH), fatigue (FTG), skin rash (SKNRSH), and mouth ulcer 

(MUTUCR) further indicated the model’s sensitivity to systemic and dermatological symptoms that may 

have captured viral etiologies. At the same time, most cough-related features, including cough_initial dry 

(CGHDRY), dry cough (DRYCGH), catarrh (CTRH), and difficulty breathing (DIFBRT), exhibited strong 
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negative contributions, suggesting limited discriminative value in this localized prediction. This reduced 

influence may have stemmed from the dataset’s initial inclusion of multiple febrile illnesses with 

overlapping respiratory symptoms, which diminished the specificity of these features once the dataset was 

refined to focus exclusively on RTI. Finally, hygiene and environmental factors such as poor personal 

hygiene (PPHYG), overcrowding (OVCRW), and poor environmental condition (PECON) also contributed 

positively, reflecting the model’s integration of socioeconomic determinants of infection risk. Overall, the 

LIME interpretation illustrated that Random Forest emphasized both severe systemic features and 

contextual risk factors, though its reliance on overlapping respiratory symptoms was reduced by dataset 

constraints. 

 
Fig. 6. Random Forest LIME diagram 

For the Decision Tree model, Fig. 7 highlighted dizziness (DIZ), shock (SHK), and fatigue (FTG) as 

the strongest positive contributors to RTI prediction, underscoring the model’s prioritization of systemic 

illness indicators. Dermatological features such as skin rash (SKNRSH) and generalized rash (GENRSH), 

along with chest indraw (CHSIND) and red eyes (REDEYE), also appeared as influential, suggesting that 

the model relied on more visible and clinically observable signs of infection. However, most cough-related 

features, including cough_initial dry (CGHDRY), catarrh (CTRH), dry cough (DRYCGH), and difficulty 

breathing (DIFBRT), dominated as negative contributors, indicating reduced discriminative power for 

respiratory symptoms in this localized prediction. This limitation likely reflected the dataset’s initial 

inclusion of multiple febrile illnesses with overlapping respiratory manifestations, which diluted the 

predictive weight of these features when the dataset was narrowed to RTI-specific cases. Unlike Random 

Forest and XGBoost, the Decision Tree gave little weight to contextual risk factors such as overcrowding 

and poor hygiene, suggesting an underrepresentation of socioeconomic determinants. Overall, while the 

model’s reliance on fewer, more observable features enhances interpretability, its narrower feature scope 

and reduced contextual sensitivity may have explained its comparatively lower predictive performance. 
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Fig. 7. Decision Tree LIME diagram 

4. CONCLUSION 

This study demonstrated the feasibility and effectiveness of integrating Explainable AI with traditional 

machine learning techniques to predict RTIs in resource-scarce environments. By using SMOTE to address 

class imbalance and LIME to support model interpretability, the proposed framework ensures fairness in 

training and transparency in predictions. Among the models tested, XGBoost emerged as the most accurate 

and robust classifier, with LIME explanations emphasizing clinically relevant symptoms such as dizziness, 

shock, and fever, thereby validating the framework’s diagnostic alignment with medical realities. 

Nonetheless, the study was limited by the composition of the dataset, which originally included multiple 

febrile diseases with overlapping symptom profiles, reducing the discriminative power of certain features 

such as cough and difficulty breathing. To address these limitations, future work should expand the dataset 

to incorporate comorbidities, a broader range of clinical features, and additional diseases, thereby enhancing 

the generalizability and clinical utility of the models. Further studies should also explore integration into 

mobile-based diagnostic tools to support frontline healthcare workers and strengthen early detection of 

respiratory illnesses in low-resource settings. 
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