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ARTICLE INFORMATION ABSTRACT

Communicable lung diseases such as tuberculosis, pneumonia, and COVID-19
Received: 29 Sept., 2025 remain major global health concerns due to the high transmission and mortality
Accepted: 28th Oct., 2025 rates, particularly in developing countries like Nigeria, where healthcare systems
Published: 24t Nov., 2025 face persistent challenges with early detection, diagnosis, and effective control.

Traditional disease-tracing and monitoring methods often fail to accurately
. . N predict real time infection severity, thereby hindering timely response, appropriate
KEYWORDS: -Machlne Lea?rnlng treatment, and the efficient allocation of medical resources. This project
Models, Tracing Communicable developed a single, unified machine learning model capable to distinguishes

Lung Diseases disease type (communicable and non-communicable across multiple lung

conditions),classifies severity (mild/moderate/severe) in real time, and triggers
D.O.I: public-health actions for automatic isolation built into the real working system To
10.5281/zenodo.18631332 achieve this, a Machine Learning models was designed, combining K-Modes

clustering for grouping patients with similar symptoms from categorical datasets
with a Random Forest classifier for categorizing disease severity levels into mild,

© Copyright 2025 Chisaa, moderate, or severe. This integration enables both unsupervised grouping and

Onyejegbu & Baridam supervised prediction within a single analytical framework. Developed using the
Distributed under Creative opject-Oriented Analysis and Design Methodology (OOADM) and implemented in
Commons CC-BY 4.0 Python, the system utilizes Excel as the primary data source, Excel functions as a

simple storage medium accessed and managed through Python libraries,
particularly Pandas, which is employed for statistical computation and detailed
How to cite this article: Chisaa. N. Kings - data analysis. SQLite database engine was used to store user biodata and profile
Wali, Onyejegbu, L. N. & Baridam, B. B.  for system authentication and authorization. The system allows real-time
(2025). Machine Learning Models for  monitoring by analyzing patient symptoms and vital parameters upon data entry,
Tracing Communicable Lung Diseases.  providing immediate diagnostic and severity-level feedback without the need for
International Journal of Research and qhoratory tests. This facilitates rapid clinical decision-making by healthcare
Reviews in Social and Applied Sciences, . tocsionals and supports proactive public health interventions. The model
2(2), 457-476. D-Ol: gchieved an accuracy of 95.6%, precision of 96.1%, recall of 95.2%, and an F1-score
10.5281/zenodo.18631332. of 92.2%, demonstrating reliability in predicting infection severity. Ultimately, the
application enhances disease surveillance, enables early isolation of high-risk
patients, and strengthens national healthcare response systems

INTRODUCTION

Communicable lung diseases such as tuberculosis, pneumonia, and COVID-19 continue to exert
major pressure on global health systems, with the burden especially severe in resource-limited
settings like Nigeria where rapid diagnosis is essential. Machine learning models have become
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increasingly valuable for analyzing chest X-ray images and clinical records, enabling faster disease
detection, contact-tracing support, and the classification of illness severity. Distinguishing patients
into mild, moderate, and severe categories is critical for effective triage, resource allocation, and
timely clinical decision-making, as severe cases require urgent intervention while mild cases may
be safely managed at home.

Accurate diagnosis is further complicated by the rise of Nontuberculous Mycobacteria (NTM),
which often mimic pulmonary tuberculosis in both symptoms and imaging. Studies such as
Zhiheng Xing et al. (2020) highlight the need for precise, region-specific diagnostic tools to reduce
misclassification. Although RT-PCR and next-generation sequencing remain standard
confirmation methods, they face drawbacks—including false negatives and limited availability—
especially in low-infrastructure environments. CT imaging offers higher diagnostic clarity (Chung
et al., 2020; Kwee et al., 2020), but remains costly and inaccessible for many facilities.

Recent research has demonstrated the effectiveness of machine learning in automating lung-
disease detection. For example, Rajaraman et al. (2019) used deep learning to distinguish bacterial
from viral pneumonia in children, while other models have expanded diagnostic capabilities for
diseases such as COVID-19 and NTM. Broader frameworks by Wong et al. (2019) and
Ganasegeran & Abdulrahman (2020) emphasize the potential of Al in infectious-disease
surveillance and population-level behavioural tracking, but these works do not offer real-time,
patient-level severity prediction.

To address this gap, the present study integrates K-Modes clustering with Random Forest
classification to enable real-time disease detection, severity prediction, and automated public-
health response. By leveraging large clinical datasets and immediate data-processing pipelines,
this system aims to strengthen diagnostic accuracy, improve clinical decision-making, and enhance
disease-surveillance capacity in environments where rapid response is crucial.

2.0 Review of Related Work

Machine learning has become an important tool for supporting the diagnosis, classification, and
severity assessment of lung diseases, particularly in clinical settings where rapid and reliable
evaluation is required. A substantial body of research has explored the application of deep learning
and ensemble-based models to both medical imaging and structured clinical datasets.

A significant portion of existing studies focuses on image-based lung disease detection using deep
learning. Bharati et al. (2020) proposed a hybrid deep-learning framework that combines
convolutional neural networks with optimized feature extraction for detecting lung diseases from
chest X-ray images. Similarly, Rajinikanth (2020) developed a deep-learning framework for
identifying lung abnormalities from chest X-ray and CT images, demonstrating the suitability of
convolutional architectures for radiological interpretation. Kumar and Ravi (2023) evaluated
multiple deep-learning architectures for respiratory disease classification, reporting strong
performance across pneumonia, tuberculosis, and COVID-19 detection tasks. Further imaging-
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based advancements include knowledge-distillation approaches presented by Roy and
Bhattacharyya (2024) and segmentation-assisted pipelines described by Nair et al. (2024), which
improved detection robustness across diverse imaging conditions. In the context of tuberculosis
detection, Showkatian et al. (2022) demonstrated the effectiveness of deep-learning-based
automated chest X-ray analysis for early disease identification. Additional ensemble-based
imaging studies include Chakraborty et al. (2021) and Hussain et al. (2021), who incorporated
Random Forest as part of ensemble or benchmark models for COVID-19 and respiratory disease
detection from chest radiographs. Sharma et al. (2020) also applied Random Forest-based
approaches to classify COVID-19 and other infectious diseases from chest X-ray images.

Beyond imaging-based methods, Random Forest has been widely applied to structured clinical and
physiological data for lung disease prediction and severity assessment. Khalilia et al. (2011)
demonstrated the suitability of Random Forest for handling imbalanced medical datasets,
establishing its applicability in healthcare prediction tasks. Islam et al. (2018) applied Random
Forest and decision-tree models to clinical pneumonia datasets using patient symptoms,
demographic attributes, and medical history, reporting strong predictive performance without
reliance on imaging data. Srinivas and Rao (2020) similarly applied machine-learning techniques,
including Random Forest, to clinical datasets for lung disease detection, highlighting its
effectiveness in symptom-based classification. Yang et al. (2025) extended Random Forest
applications to electronic health records for respiratory disease prediction, while Huang et al.
(2020) demonstrated its use in clinical decision-support systems for respiratory disease
management.

Random Forest has also been employed for disease-severity and risk stratification in respiratory
and related clinical contexts. Perumal and Velmurugan (2018) applied Random Forest to lung
cancer detection using CT scan features, while Topalovic et al. (2019) utilized ensemble learning
methods, including Random Forest, for interpreting pulmonary function tests and assessing
respiratory impairment. Tariq et al. (2022) applied Random Forest to predict COVID-19 severity
using clinical biomarkers, demonstrating its relevance for patient-risk categorization. Hong et al.
(2022) and Yar Muhammad et al. (2021) further applied Random Forest-based models for disease-
risk and severity prediction in acute and chronic clinical conditions. At the population level,
Kristensen et al. (2023) demonstrated the applicability of Random Forest in improving spirometry-
based respiratory assessment using large cohort datasets. Narasimhan and Victor (2025) explored
the integration of optimization techniques with Random Forest to enhance classification precision
in disease prediction tasks.

Beyond lung-specific applications, Random Forest has shown adaptability across diverse
healthcare domains. Fife (2021) applied Random Forest to psychological assessment datasets,
while Rahimian (2019) used it for emergency-admission risk prediction. Roysden and Wright
(2020) combined Random Forest with natural-language processing techniques to predict
healthcare utilization from clinical text, illustrating its suitability for unstructured healthcare data.
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At a broader system level, artificial-intelligence frameworks have been developed to support
disease surveillance and public-health monitoring. Wong et al. (2019) proposed an Al-driven big-
data analytics framework for infectious-disease surveillance, demonstrating how automated
systems can support outbreak detection and public-health decision-making. Ganasegeran and
Abdulrahman (2020) examined Al-based approaches for tracking population behaviour during
epidemics, highlighting the role of intelligent systems in public-health preparedness and response.
Within clinical radiology, Kotter et al. (2020) developed Al-assisted tools that improved
radiologist interpretation of lung nodules, while Zhang (2020) demonstrated high-accuracy
pneumonia prediction using convolutional deep-neural networks.

3.0 Methodology

This study adopts an Object-Oriented Analysis and Design (OOAD) methodology to develop a
machine learning system capable of tracing communicable lung diseases and predicting severity
levels. OOAD provides a structured technological approach for analyzing and designing software
systems by identifying key objects such as patients, health centers, and locations and defining their
attributes (e.g., age, symptoms, identity number) and behaviours (e.g., updating patient status). By
modelling the system around interacting objects and their relationships, OOAD supports clarity,
maintainability, and reusability while reducing development time and cost.

Given the complexity of real-time disease tracing, the methodology integrates iterative and
modular development. The system is decomposed into functional modules such as data
preprocessing, feature extraction, clustering, and classification. These modules are designed as
reusable objects and subsystems, allowing the system to evolve smoothly and accommodate new
data sources, algorithms, or workflows. The iterative nature of OOAD ensures continuous
refinement, enabling the system to adapt to changing project requirements and public-health needs.

Obiject-oriented design enhances the performance and scalability of the proposed machine learning
framework. By organizing components into classes, subclasses, and hierarchical relationships, the
model simplifies system updates, supports parallel processing across multi-core environments, and
allows multiple developers to work efficiently. This methodological approach provides robustness
for handling large clinical datasets, ensures encapsulation of complex disease-tracing logic, and
offers an extensible foundation for integrating future improvements in communicable-disease
surveillance and automated public-health response.

3.2 Input Data and Feature Preparation

Patient-level data of 20501 in table 1 were obtained from hospital information systems, including
demographic attributes, clinical symptoms, vital signs, and comorbidities, as summarized in Table
3.1. These records represent individual hospital visits and contain routinely collected clinical
information such as age, sex, residence, cough, fever, chest pain, temperature, heart rate,
respiratory rate, and oxygen saturation.
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All raw data were consolidated into a shared repository and subjected to cleaning, normalization,
and structured organization to ensure consistency prior to supervised learning. Patients identified
as communicable through the earlier K-Modes clustering stage shown in table 3.2 were retained
and assigned a ClusterID, which served as an additional feature for downstream analysis.

This refined dataset forms the input for the Random Forest classification module. By leveraging
the unsupervised clustering output, the supervised model begins training with patient groups that
already reflect underlying disease patterns, improving its ability to predict disease type, assess

severity levels, and support early triage decisions.

Table 3.1 Source Data
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Table 3.2 Clustered Patients Data

DISEASE SEVERITY  TEMP O, SAT DURATION
RECORDID AGE AGE GROUP SEX CATEGORY DISEASE TYPE LEVEL °c) (%) (DAYS)  CLUSTER
REC2-00001 0 middleage male  Pneumonia  communicable severe 381 95 5 1
REC2-000X1 0 middleage male  Pneumonia  communicable severe 381 95 5 1
REC2-00002 0 adult male  Tuberculosis  communicable Severe 381 927 36 1
REC2-00003 0  child male Asthma  non- communicable moderate 369 95.9 4 0
REC2-00004 0 middleage male  Pneumonia non- communicable  severe 375 944 6 0
REC2-00005 0 middleage female Pneumonia non- communicable  severe 375 894 2 2
REC2-00006 0 adult male Asthma  non- communicable moderate 372 97.3 12 0
REC2-00007 0 adult female COPD non- communicable moderate 373 924 6 0
REC2-00008 0 adult male  Pneumonia  communicable Severe 383 968 6 0
REC2-00009 0  senior female COPD non- communicable  severe 371 B8.8 56 1
REC2-00010 0  adult male  Pneumonia  communicable severe 74 934 4 1
REC2-00011 0 middleage female Pneumonia  communicable severe 387 90 2

3.3 Random Forest-Based Classification and Severity Prediction

Preprocessing procedures included data cleaning, categorical encoding, normalization of
numerical attributes, and class balancing to address uneven severity distributions.

The Random Forest algorithm was chosen due to its robustness, ability to handle mixed data types,
and strong interpretability. The model was implemented as an ensemble of decision trees
constructed through bootstrap aggregation (bagging). Hyperparameters such as the number of
trees, maximum depth, and feature selection strategy were tuned to optimize predictive
performance.

A real-time prediction pipeline was developed in which incoming patient data passed through
preprocessing and feature extraction stages before being classified by the Random Forest model.
The system generated both disease classification outputs and severity levels, with severe cases
automatically flagged up.

3.4 Integrated Machine Learning Models Framework

The system integrates K-Modes clustering and Random Forest classification within a unified
architecture designed for real-time tracing and severity prediction of communicable lung diseases.
As shown in Figure 3.2, patient biodata and clinical records serve as the primary inputs, allowing
the system to automatically detect infected individuals and determine their severity level. Output
from the K-Modes clustering representing communicable is passed into the Random Forest module
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for supervised training and prediction. This creates a hybrid pipeline in which unsupervised cluster
assignments support more accurate supervised classification.

The Random Forest processes patient features such as symptoms, vital signs, and clinical
indicators by generating multiple decision trees, each trained on a bootstrapped subset of the
dataset. At each split, the algorithm evaluates a random subset of features and selects the one that
minimizes Gini impurity, ensuring that patients with similar disease characteristics move into purer
branches. After all trees are trained, predictions are aggregated through majority voting to
determine both the disease class and severity level. Model performance is evaluated using a
confusion matrix to measure true positives, false positives, true negatives, and false negatives.
Severe cases detected during prediction automatically trigger alerts to health authorities such as
the NCDC to support rapid clinical response.

The system uses patient datasets containing both categorical and numerical variables such as sex,
age, symptoms, heart rate, disease name, and duration of infection. These records, summarized in
Table 2.1, form the foundation for prediction

Overall, the summarized architecture captures the complete workflow of the hybrid system from
raw data input through clustering, supervised training, model evaluation, and real-time severity
reporting ensuring accurate disease identification and timely intervention for high-risk patients.

Published by Empirical Research Institute of Nigeria Page 463


https://ijois.com/index.php/ijrrsas

INTERNATIONAL JOURNAL OF RESEARCH AND REVIEWS
IN SOCIAL AND APPLIED SCIENCES
ISSN: 3121 - 6765 | https://ijois.com/index.php/ijrrsas | VOLUME 2. ISSUE 1. (NOVEMBER, 2025)

Differet Data Soure ey

Different Sources of Data
from Different Hospitals and

¢ J
L | — -

Figure 3.1 Models for Tracing Communicable Lung Diseases

3.4 Random Forest Training Process

The clustered data produced by the K-Modes module is fed into the Random Forest component
for training and severity prediction. As shown in Figure 3.2, the Random Forest training begins
with the input layer, where patient biodata, symptoms, vital signs, and clinical indicators are
preprocessed for analysis. During training, the algorithm generates multiple decision trees, each
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built on a unique bootstrap sample slightly altered subsets of the original data created through
random sampling with replacement. Because each tree is trained on a different combination of
patient records, they learn diverse decision rules, improving model robustness.

At every tree node, the algorithm randomly selects a subset of patient features and identifies the
best splitting attribute using Gini impurity, a measure that determines how well a feature separates
patients based on disease severity. Features that reduce impurity most effectively create purer
branches, enabling the model to distinguish between mild, moderate, and severe cases more
accurately. After all trees are trained, their outputs are combined through majority voting to
produce the final predictions for disease type and severity.

The model’s performance is evaluated using a validation or test dataset through a confusion matrix
that measures true positives, false positives, true negatives, and false negatives. The final predicted
severity levels are then displayed, and severe cases automatically trigger alerts to relevant health
authorities to support timely intervention and strengthen epidemic response. Overall, the diagram
represents the full Random Forest lifecycle—from data input and training to prediction, evaluation,
and real-time severity reporting.
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Figure.3.2 Random Forest Training Process
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Performance Metrics

The performance metrics play an important role in any machine learning system as they help
validate the method or technique employed with respect to existing model system. In this study,
we use confusion matrix. It is calculated as the number of correct predictions divided by the total
number of predictions. In this model we use confusion matrix performance to evaluate different
performance indicators based on the classifier. In this model, the problem of infected patient is
considered a discrete two-class classification task, which should assign each patient into one of
the predefined classes (Communicable or non-Communicable). Based on the classification by the
classifier, the True Positive (TP) in the confusion matrix signifies the Communicable patient who
are rightly identified as the infected, whereas the False Positive (FP) portrays the non-
Communicable patient. The metrics are the corresponding (relevant) algorithm.

Other classification that is used to calculate the True positive Rate and the False Positive Rate
include: True Negative (TN) which is classified falsely as communicable and False Negative (FN)
which is classified correctly as non-communicable. Based on these values, the model’s
performance is assessed through measuring the accuracy, precision, recall, and F1 score.

The accuracy provides a score of the proportion of correct predictions out of all predictions made.
The precision value provides a measurement of true positive predictions with respect to all positive
predictions. The recall value provides the ratio of true positive predictions out of all actual positive
cases. Finally, the F1-score is the harmonic mean between the precision and recall scores. The
value of all these performance metrics ranges between 0 and 1, with 1 indicating the highest
performance of the classifier model. These performance metrics are calculated using the following
equations:

Precision (P) is defined as the number of True Positives (TP) over the number of true positives
plus the number of False Positives (FP). The formula is as follow

Precision = (3.0

FP+TP

Recall (R) is defined as the number of True Positives (TP) over the number of true positives plus
the number of false negatives (FN).

Recall = —— (3.1)
TP+FN
Accuracy = L — (3.2)
TP+FP+FN+TN
Fl-score = 22K (3.3)
P+R
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4. Results and Analysis
The results of the Random Forest are presented below,

Figure 4.1 Random Forest Futures Analyses

Figure 4.2 Random Forest Decision Tree
Figure 4.3 K-Modes Disease Severity Distribution by Cluster %

Figure 4.4 K-Modes Confusion Matrix Analysis
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Figure 4.1 Random Forest Futures Analyses
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Figure 4.1 presents the feature importance rankings generated by the Random Forest , the chart
shows that duration_of _infection contributes the highest proportion of importance, followed by
body temperature, age, and oxygen_saturation. Other variables such as heart_ rate,
respiration_rate, and BMI have moderate importance, while features like occupational _exposure,
smoking_status, and sex show lower importance values. The dashboard summary also indicates
that the Random Forest model was trained using 100 trees and achieved an overall accuracy of
95%.
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Figure 4.2 Random Forest Decision Tree
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Figure 4.2 displays one of the 100 decision trees generated by the Random Forest classifier. The
tree uses clinical features such as duration_of_infection, oxygen_saturation, body_temperature,
heart_rate, and age to split patient records into different decision paths. The root node begins with
a split based on duration_of infection (< 0.5 days). Each node shows the decision rule, the number
of samples reaching that node, the Gini impurity, and the predicted class label. This figure
illustrates the structure and decision rules of an individual tree within the overall Random Forest

model
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Figure 4.3 Random Forest Severity Analysis

Figure 4.3 shows the severity classification produced by the Random Forest model for patients
diagnosed with communicable lung diseases. The output indicates that 75% of patients were
classified as Severe, 24% as Moderate, and 1% as Mild. These values represent the proportion of
patient records assigned to each severity category. The classification was generated using clinical
features such as duration_of_infection, body_temperature, oxygen_saturation, heart_rate, and age.
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Figure 4.4 Model Performance Disease Class

The Random Forest model achieved an overall accuracy of 95.6% using 15 clinical features and
100 decision trees. Figure 4.4 presents the precision, recall, and F1-score for the two disease
classes—Pneumonia and Tuberculosis. The chart shows that both diseases recorded high values
across all three metrics, with Tuberculosis displaying slightly higher precision and recall scores
than Pneumonia. These values represent the model’s performance in correctly identifying and
classifying cases within each disease category.
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Figure 4.5 Random Forest Confusion Matrix

Figure 4.5 shows the confusion matrix for the Random Forest classifier used to distinguish
Pneumonia from Tuberculosis. The model correctly classified 3,850 Pneumonia cases and
misclassified 150 as Tuberculosis. It also correctly identified 5,710 Tuberculosis cases, with 290
misclassified as Pneumonia. The overall model performance was 95.6% accuracy, with precision
of 96.1%, recall of 95.2%, and an F1-score of 92.2%.

5 Discussion

The Random Forest feature-importance analysis shows that the model relies heavily on clinically
meaningful variables when predicting severity levels among communicable lung-disease patients.
Duration of infection emerged as the strongest predictor, confirming that prolonged symptom
duration aligns with worsening clinical outcomes. Other key contributors such as body
temperature, oxygen saturation, heart rate, and age reflect recognized indicators of respiratory
deterioration, demonstrating that the model’s internal decision-making is consistent with
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established clinical understanding. Lower-ranked features, including occupational exposure and
smoking status, still contributed marginally, indicating that while they add contextual information,
they are not primary determinants of severity in this dataset.

The structure of the sample decision tree further highlights the transparency of the Random Forest
model. By following the sequence of decision rules such as infection duration thresholds and
declining oxygen saturation, clinicians can trace how severity predictions are generated. This rule-
based structure increases interpretability and strengthens clinical trust, as the decision paths clearly
reflect progressive symptom patterns commonly observed in severe respiratory infections.

The severity-distribution output demonstrates that the dataset is dominated by high-severity cases,
which is expected in hospital-based records where patients typically present with advanced
symptoms. The model successfully differentiates between mild, moderate, and severe categories
using combinations of clinical features, supporting its capacity to guide triage and care-
prioritisation decisions. The clear separation among severity levels indicates that the Random
Forest system can serve as an effective early-warning tool to highlight patients requiring rapid
intervention.

Performance metrics show that the Random Forest classifier maintains strong and balanced
predictive ability across disease classes. High precision, recall, and F1-scores for both Pneumonia
and Tuberculosis indicate that the model can reliably distinguish between the two conditions, even
where clinical symptoms overlap. The slightly higher scores for Tuberculosis suggest that its
symptom patterns may be more distinct in the dataset, while the moderate differences for
Pneumonia reflect typical diagnostic challenges in differentiating it from other respiratory
infections.

The confusion-matrix evaluation confirms strong classification performance, with the majority of
cases correctly identified and relatively low misclassification rates. This balanced performance
across true positives and true negatives reinforces the model’s reliability and generalization
capability. Overall, the Random Forest results demonstrate that the model successfully captures
clinically relevant predictors, produces interpretable decision pathways, and maintains high
accuracy across disease classes and severity levels supporting its potential use as a decision-
support tool for real-time clinical and public-health applications.

6. Conclusion

The Random Forest model demonstrated strong capability in classifying communicable lung
diseases and predicting severity levels using clinical features. The high accuracy and balanced
performance metrics across Pneumonia and Tuberculosis confirm that the model generalizes well
to different disease categories, even where symptoms overlap. By analyzing multiple decision
trees, the model effectively captures complex clinical interactions and reduces the risk of
overfitting, making it suitable for real-world medical applications.
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The feature-importance analysis shows that the model relies on clinically meaningful indicators
such as duration of infection, body temperature, oxygen saturation, heart rate, and age, enhancing
its interpretability and alignment with established medical knowledge. The severity predictions
further demonstrate the model’s usefulness for early risk stratification, allowing rapid
identification of patients who may require urgent intervention.

Overall, the Random Forest component of the system provides a reliable, interpretable, and data-
driven approach to automated disease classification and severity assessment. Its ability to support
accurate decision-making makes it a valuable tool for improving clinical workflow efficiency,
strengthening early detection of high-risk cases, and enhancing public-health response strategies
for communicable lung diseases.

7. Suggestion for further studies.

Evaluate the system using larger, multi-hospital datasets to assess its generalizability across
diverse populations and clinical environments. Developing adaptive or online-learning versions of
the model could allow it to update continuously as new patient data becomes available, making it
suitable for real-time surveillance and rapidly evolving outbreak scenarios.
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