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Abstract

This study examines the performance of Random Forest and XGBoost in predicting the
diagnosis and severity of respiratory diseases using a simulated dataset of 2,000 patient
records. The models were tested on two classification tasks: identifying disease types (e.g.,
pneumonia, influenza) and classifying severity levels (mild, moderate, severe). Both models
achieved petfect accuracy in severity classification, with 1.0000 £ 0.0000 cross-validation
scores, demonstrating strong stability under balanced class distributions. However, in the
diagnosis task, Random Forest underperformed on minority classes, particularly
pneumonia, with a recall of 0.18 and Fl-score of 0.31. XGBoost, on the other hand,
achieved superior results across all classes, including minority cases, with 0.9825 + 0.0170
cross-validation accuracy and perfect test set performance. These findings highlight
XGBoost’s robustness in handling imbalanced and multiclass medical data, making it a
promising candidate for clinical decision support. Future work should address class
imbalance and explore explainability techniques to improve trust and transparency in real-
wotld applications.
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1. INTRODUCTION

Early and accurate diagnosis is a cornerstone of effective healthcare, particularly
for respiratory illnesses such as pneumonia, influenza, bronchitis, and the common
cold. Timely identification of these diseases leads to improved treatment
outcomes, minimizes complications, and reduces healthcare costs. In pneumonia,
for instance, early diagnosis supports targeted treatment and prevents severe
outcomes like respiratory failure [1], [2]. Similarly, early detection of influenza
enables the timely administration of antiviral drugs and helps mitigate transmission
[3], [4]- For bronchitis and the common cold, accurate differentiation from other
respiratory illnesses avoids unnecessary antibiotic use and contributes to better
patient management [5].
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Nevertheless, the diagnostic process remains complex due to nonspecific symptom
presentation, patient variability, and limitations in conventional diagnostic tools.
Many diseases, such as those caused by Mycoplasma pneumoniae, mimic other
respiratory infections and present diagnostic ambiguity [6]. Moreover, in eldetly
populations, symptoms may be attenuated, leading to underdiagnosis or delayed
care [7]. Even advanced imaging techniques suffer from sensitivity issues, as
observed in various domains including oncology and dermatology [8]. These
challenges are further compounded by the lack of universally accepted gold
standards for several diseases.

To address these limitations, the integration of data-driven technologies,
particularly machine learning, has gained traction in the medical field. Clinical data
(such as patient demographics, medical history, and laboratory results) serve as
valuable inputs for prediction models [9]. Symptom-based data also offer
predictive potential, especially in chronic and mental health conditions [10].

A strong framework for enhancing diagnosis and classifying the severity of a
disease is provided by combining machine learning algorithms with clinical,
symptomatic, and sensor data. This context has been the subject of exceptional
performance by tree-based machine learning methods, including Random Forest
and XGBoost. These algorithms are commonly utilized in medicine due to their
resilience, accuracy, and multiclass problem handling. Random Forest
consolidates numerous decision trees to enhance generalizability and diminish
variation, whereas XGBoost constructs trees in succession to rectify previous
inaccuracies, adeptly managing imbalanced data [11], [12].

Both models have shown superior capabilities in managing noisy clinical data,
identifying nonlinear interactions among features, and extracting meaningful
patterns that are often difficult to detect using traditional statistical methods [13],
[14]. Their ability to perform multiclass classification makes them particularly
suitable for healthcare applications involving diverse diagnoses and severity levels.
However, challenges remain, particularly regarding model interpretability and the
practical integration of these tools into clinical workflows [15].

In order to better anticipate respiratory illnesses and their severity, numerous
machine learning models have been investigated in eatlier research. Albrecht et al.
devised a multivariate time-series forecasting methodology to anticipate
hospitalization rates for severe acute respiratory infections (SARI) utilizing models
such as the Temporal Fusion Transformer (TFT) and DeepAR. Their research
indicated that while multivariate models can enhance prediction accuracy, the
dependability of forecasts fluctuates seasonally due to varying viral incidence
patterns [16]. A comparison study was undertaken by Isik and Aydin (2023) to
predict the severity of infection and symptoms based on gene expression data.
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They utilized advanced feature selection techniques and machine learning models,
specifically Random Forest and XGBoost. Their methodology surpassed
benchmarks like DeepFlu, especially in forecasting symptom intensity across
several respiratory viral datasets [17].

Other researchers have emphasized model interpretability and integration with
clinical workflows. For example, the review by Ma and Shen focuses on
interpretable machine learning models, particularly in the context of COVID-19,
highlighting the importance of feature transparency and explainability for clinical
decision-making. heir analysis shows that tree-based models, for example, Random
Forest and XGBoost, are effective, making them suitable for clinical applications
involving severity risk predictions [18]. Likewise, another study proposed
leveraging image-derived environmental factors such as AQI to predict lung
disease severity, combining domain knowledge with Al techniques to model
external health determinants [19]. Finally, Kumar et al. underscored the advantages
and trade-offs of different AI model types, noting that ensemble methods enhance
accuracy but require computational resources. This balances model selection
between interpretability, robustness, and resource efficiency [20].

Considering all of these factors, the purpose of this research is to construct and
evaluate tree-based machine learning models, specifically Random Forest and
XGBoost, for predicting disease diagnosis and severity classification. This study
utilizes a simulated dataset of 2,000 patient records, including demographic
profiles, symptom information, and sensor-based vital measurements. The goal is
to assess the predictive performance of these ensemble methods and explore their
potential to enhance diagnostic accuracy within digital healthcare systems.

Despite the increasing use of machine learning (ML) in medical contexts, there
remains a lack of focused tesearch comparing ensemble models' effectiveness in
jointly predicting disease type and severity level from structured clinical data. This
study seeks to fill that gap by addressing two key research questions: (1) How
accurately can Random Forest and XGBoost predict respiratory disease diagnosis
and severity based on simulated clinical features? Moreover, (2) Which algorithm
demonstrates superior generalization ability and interpretability in multiclass
classification scenarios? To investigate these questions, we design and test two
classification models using features such as demographic details, symptoms, and
physiological indicators. The findings are expected to contribute to developing
intelligent decision-support tools in healthcare.

2. METHODS

This study utilized a simulated medical dataset comprising 2,000 patient records,
each containing demographic details, symptom profiles, sensor-based health
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indicators, and corresponding disease diagnoses and severity levels. The dataset
was designed to reflect common respiratory conditions, including pneumonia,
influenza, bronchitis, the common cold, and healthy cases. Each patient entry
includes structured attributes such as age, gender, three reported symptoms, and
physiological sensor readings, including heart rate (beats per minute), body
temperature (°C), blood pressute (systolic/diastolic mmHg), and oxygen saturation
(%). A diagnostic (a multiclass categorization of disease kind) and a severity (a
multiclass categorization of condition severity: mild, moderate, and severe) were
utilized as target variables. Due to their demonstrated robustness and capacity to
handle complicated, multicategorical healthcare data, Random Forest and
XGBoost were used in this study to create prediction models for both goals.
Figure 1 shows the overall flow of process in the approach.
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Figure 1. The overall process flow of the research.
2.1. Data Acquisitions

A publicly available dataset containing 2,000 simulated patient records was used in
this study. The dataset was initially constructed to support research and
experimentation in medical machine-learning applications and is openly accessible
for academic use. Each record consists of a well-structured set of features,
including demographic details (age and gender), three randomly assigned
symptoms from a predefined list, and physiological sensor data such as heart rate
(bpm), body temperature (°C), blood pressure (systolic/diastolic in mmHg), and
oxygen saturation (%). In addition to these input features, each record includes
two target labels: a rule-based diagnosis (i.e., pneumonia, influenza, bronchitis,
cold, or healthy) and a severity classification (mild, moderate, or severe).

Although the dataset does not contain real patient data, it was designed to mimic
realistic clinical patterns based on expert-informed rules, ensuring plausible
associations between symptoms, sensor readings, and disease outcomes [21].
However, as a synthetic dataset, it may not fully capture the noise, irregularities,
and edge cases commonly found in real-world clinical environments. This
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limitation should be considered when interpreting the generalizability of the
models developed in this study.

2.2. Data Preprocessing

The dataset underwent a seties of preprocessing operations prior to model building
to make it ready for machine learning analysis. The dataset was initially examined
for absent or inconsistent values; however, due to its synthetic production, it
displayed no missing elements. Subsequently, categorical variables like gender,
symptoms, diagnosis, and severity were transformed into numerical
representations. One-hot encoding was specifically employed for symptoms and
gender to prevent the introduction of ordinal correlations, whilst label encoding
was utilized for target variables (diagnosis and severity) to enable multiclass
classification [22].

One-hot encoding was applied to categorical symptom variables to ensure that the
machine learning models could interpret them without imposing ordinal
assumptions [23]. Label encoding was used for the target variables (diagnosis and
severity) as they represent discrete class labels [24]. These encoding techniques are
widely adopted for tree-based models, which do not require feature scaling and are
robust to categorical splits when encoded appropriately [25].

Numerical values were employed to characterize sensor measurements, including
heart rate, temperature, blood pressure (systolic and diastolic), and oxygen
saturation. The variables were normalized using Min-Max scaling. Itis imperative
to allocate 80% of the dataset for training and the remaining 20% for testing to
ensure a fair and impartial evaluation of the models across all classes.

2.3. Model Development

This study employed two tree-based machine learning models: Random Forest
(RF) and Extreme Gradient Boosting (XGBoost) to develop classifiers capable of
predicting illness categories and their severity levels.  These algorithms were
selected for their efficacy in modeling nonlinear patterns, handling multiclass
classification, and mitigating overfitting.

The Random Forest approach combines the forecasts of numerous decisions trees
and determines the final result via a majority vote. A number of critical
hyperparameters were fine-tuned to improve the model's performance. These
included the overall tree count, the maximum depth per tree, and the min sample
needed at each terminal node [26].
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At the same time, XGBoost builds its decision trees in a sequential fashion, with
the goal of improving prediction accuracy with each building.  Critical
hyperparameters, including the learning rate, the number of estimators, the tree
depth, the subsample proportion, and the regularization factors (L1 and L2), were
meticulously modified during the process of model optimization in order to
improve performance [27].

The two models were independently trained and assessed for the following
prediction tasks: (1) diagnostic classification and (2) severity classification. To
optimize the hyperparameters, we used grid search and then used k-fold cross-
validation with a k value of 5 to make sure it works for everyone and avoid
overfitting [28].

2.4. Model Evaluation

In order to measure how well the built models performed, we used standard
classification measures to examine the RF and XGBoost classifiers. The metrics
employed include accuracy, precision, recall, and Fl-score, detailed as shown in
Equation 1, 2, 3, and 4, calculated for each class and averaged using macro and
weighted approaches [29].

(True Positive+True Negative)

accuracy= — . — . M
(True Positive+True Negative+False Positive+False Negative)
.. rue Positive
precision= —— - )
(True Positive+False Positive)
L. rue Positive
recall or sensitivity= (r , ) , 3
(True Positive+TFalse Negative)
recisionXrecall
F1-Score= 2x Lredsonxrecil) @)

(precision+recall)

Additionally, confusion matrices were generated to visualize the distribution of
true versus predicted labels across all classes. This helped in identifying specific
classes where the models performed well or struggled, and provided insights into
common misclassification patterns. Model evaluation was conducted separately for
each task:

1) Diagnosis prediction: a 5-class classification task (e.g., Pneumonia, Flu,

Bronchitis, Cold, Healthy)
2) Severity prediction: a 3-class classification task (Mild, Moderate, Severe)

To ensure the reliability and generalizability of model performance, k-fold cross-

validation (with k=5) was applied to the training data. This approach helps
minimize overfitting by validating the model on multiple subsets of the data [30].

1648 | Predicting Respiratory Conditions Using Random Forest and XGBoost



Journal of Information Systems and Informatics
Vol. 7, No. 2, June 2025

p-ISSN: 2656-5935 http:/ /journal-isi.org/index.php/isi e-ISSN: 2656-4882

Each model was trained and validated across five distinct folds, with average
performance metrics recorded to obtain a more stable and generalized evaluation.
In addition, a final evaluation was performed on a held-out 20% test set that was
never seen during training or cross-validation. This strict separation ensures that
the reported results reflect each model's true generalization ability.

Grid search hyperparameter tuning was conducted during cross-validation to
further optimize model performance. Key parameters such as the number of trees,
maximum depth, and minimum samples per leaf were tuned for Random Forest.
For XGBoost, tuning included the learning rate, number of estimators, maximum
depth, subsample ratio, and regularization terms (L.1/L2). These optimization
steps contributed to enhancing the accuracy and robustness of both models [31].

3. RESULTS AND DISCUSSION
3.1. Prediction for Diagnosis Classification

The Random Forest and XGBoost models were evaluated for their ability to
predict respiratory disease diagnoses based on clinical and sensor data. XGBoost
achieved perfect classification performance on the test set, with accuracy,
precision, recall, and Fl-score all reaching 1.00 across all diagnostic categories,
including Bronchitis, Cold, Flu, Healthy, and Pneumonia (see Table 2). In contrast,
Random Forest exhibited slightly lower performance, particularly in identifying
Pneumonia cases, where it achieved a recall of 0.18 and an Fl-score of 0.31. This
led to a macro-average F1-score of 0.84 and a test set accuracy of 0.97 for Random
Forest, as shown in Table 1.

Tabel 1. Classification report for diagnosis prediction using Random Forest.

Class Precision Recall F1-Score
Healthy 1.0 1.0 1.0
Cold 1.0 1.0 1.0
Bronchitis 0.97 1.0 0.98
Flu 0.89 0.98 0.93
Pneumonia 1.0 0.18 0.31

These discrepancies highlight that, although Random Forest performed well in
detecting standard classes like Cold and Healthy, it struggled with minority classes,
leading to misclassifications that could have clinical consequences in real-world
settings.

The confusion matrices for diagnosis prediction (Figure 2) reflect this contrast.

XGBoost showed perfect class separation, while Random Forest demonstrated
misclassification specifically for Pneumonia, evidenced by off-diagonal values.
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Cross-validation results also support these findings. Random Forest achieved a
mean cross-validation accuracy of 0.8225 * 0.0339, indicating some variability and
reduced generalizability. In comparison, XGBoost maintained a high mean cross-
validation accuracy of 0.9825 F 0.0170, confirming its consistency and robustness
across data splits. The best-performing hyperparameters for each model, obtained
through grid search, were:

1) Random  Forest: 'n_estimators': 200,  'max_depth": None,

'min_samples_split": 2
2) XGBoost: 'learning rate”: 0.1, 'max_depth": 3, 'n_estimators": 100

These results confirm that while both models can handle multiclass classification
for respiratory diagnoses, XGBoost outperforms Random Forest in predictive
performance and stability, especially when dealing with underrepresented or
imbalanced classes.

Tabel 2. Classification report for diagnosis prediction using XGBoost.

Class Precision Recall F1-Score
Healthy 1.0 1.0 1.0
Cold 1.0 1.0 1.0
Bronchitis 1.0 1.0 1.0
Flu 1.0 1.0 1.0
Pneumonia 1.0 1.0 1.0
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Figure 2. Confusion matrices for diagnosis prediction using Random Forest
(eft) and XGBoost (right).

3.2. Prediction Results for Severity Classification

In the severity classification task, both Random Forest and XGBoost models
achieved perfect classification results on the test set. Each class (Mild, Moderate,
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and Severe) was predicted with 100% precision, recall, and Fl-score, resulting in
an overall accuracy of 1.00 for both models (see Table 3 and Table 4). This level
of performance demonstrates the models’ strong capability to distinguish between
varying levels of clinical severity, especially given the availability of diagnosis as a
supporting feature in the input data. The balanced class distribution and the
discriminative power of features likely contributed to this outcome.

Tabel 3. Classification Report for Severity Prediction (Random Forest).

Class Precision Recall F1-Score
Mild 1.0 1.0 1.0
Moderate 1.0 1.0 1.0
Severe 1.0 1.0 1.0

Beyond test set results, 5-fold cross-validation was conducted to assess
generalization consistency. Both models yielded a mean cross-validation accuracy
of 1.0000 % 0.0000, indicating exceptional stability across folds and the absence of
performance variance. These findings reinforce the reliability of the models in
multiclass classification settings where misclassification between severity levels can
have critical clinical implications. The best-performing hyperparameters for each
model, found through grid search, were as follows:

1) Random Forest: n_estimators=10, max_depth=None,

min_samples_split=2
2) XGBoost: n_estimators=10, max_depth=3, learning rate=0.1

Such configurations balanced depth and complexity, allowing the models to
achieve perfect accuracy without overfitting,

Tabel 4. Classification Report for Severity Prediction (XGBoost).

Class Precision Recall F1-Score
Mild 1.0 1.0 1.0
Moderate 1.0 1.0 1.0
Severe 1.0 1.0 1.0

Figure 3 presents the confusion matrices for severity classification using Random
Forest (left) and XGBoost (right). Both models achieved perfect classification for
all three severity categories (Mild, Moderate, and Severe) with no misclassified
instances. Every sample in each class was accurately predicted, resulting in a clear
diagonal structure in both matrices. The Random Forest model and the XGBoost
model correctly classified all 1,330 Mild, 292 Moderate, and 378 severe cases. This
ideal result confirms the models’ exceptional ability to differentiate severity levels,
particularly when combined with diagnosis information as input. The lack of off-
diagonal values highlights the robustness and reliability of both models in high-
stakes, multiclass medical prediction tasks.
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Figure 3. Confusion matrices for severity classification using Random Forest
(eft) and XGBoost (right).

3.3. Discussion

The tindings of this study confirm the effectiveness of ensemble machine learning
models (Random Forest and XGBoost) in classifying disease diagnoses and
severity levels based on structured clinical data. XGBoost consistently
demonstrated superior performance across both prediction tasks, achieving perfect
classification (100% accuracy, precision, recall, and F1-score) on the test sets and
high cross-validation accuracy, indicating strong generalization capabilities.

In the diagnosis classification task, XGBoost achieved perfect performance,
successfully identifying all five diagnostic categories without error. Conversely,
Random Forest showed signs of model instability and misclassification, particularly
in identifying Pneumonia. Despite achieving high precision (1.00) for Pneumonia,
the recall dropped significantly to 0.18, with an F1-score of just 0.31. This indicates
that the model frequently failed to detect actual Pneumonia cases, likely due to the
underrepresentation of this class in the dataset—only 44 out of 2,000 total
instances were labeled as Pneumonia. Such class imbalance can lead tree-based
models like Random Forest to bias predictions toward more dominant classes,
especially when cost-sensitive or resampling techniques are not applied.

The confusion matrix for Random Forest further illustrates this issue, showing
clear misclassifications primarily for the Pneumonia category. This weakness in
minority class prediction could have significant clinical implications if deployed
without further model refinement. In contrast, XGBoost effectively handled these
challenges, maintaining perfect recall and FFl-score across all diagnostic classes,
including the rare Pneumonia cases. Its gradient boosting framework and
regularization mechanisms likely contributed to better learning from minority
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classes and reducing overfitting, as reflected in its high cross-validation accuracy
0f 0.9825 £ 0.0170, compated to Random Forest's 0.8225 + 0.0339.

In the severity classification task, both Random Forest and XGBoost achieved
petfect results on the test set, correctly classifying all samples in the Mild,
Moderate, and Severe categories. Both models also demonstrated exceptional
training stability, achieving a cross-validation accuracy of 1.0000 £ 0.0000,
indicating perfect consistency across folds. These results suggest that when the
class distribution is relatively balanced, as in the severity dataset, both Random
Forest and XGBoost can deliver reliable and accurate multiclass classification.
Figure 4, which presents cross-validation accuracy across both prediction tasks,
confirms these trends. XGBoost exhibited greater stability and generalization in
diagnosis, while Random Forest matched its performance only in the severity
prediction, where class distributions were more even.

[ Diagnosis
B Severity

1.00 1.00
1.00}

o
0
0

0.90r

Cross-Validation Accuracy

0.85F

0.80

0.75

RF XGB

Figure 4. 5-fold cross-validation accuracy of Random Forest and XGBoost for
diagnosis and severity prediction.

In summary, while both models showed high potential, XGBoost is more robust
and reliable, particularly in scenarios involving class imbalance and rare event
prediction. The relatively poor recall and Fl-score of Random Forest for
Pneumonia suggest the need for future research to address data imbalance through
methods such as oversampling, class-weight adjustment, or synthetic data
generation (e.g., SMOTE). Additionally, interpretability techniques such as SHAP
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or LIME are recommended for future implementation to support transparent
clinical decision-making.

4. CONCLUSION

This study demonstrated the effectiveness of Random Forest and XGBoost in
predicting both the diagnosis and severity of respiratory diseases using a simulated
clinical dataset. While both models achieved perfect accuracy on the test set for
the severity classification task, their performance in the diagnosis task varied
significantly. XGBoost consistently outperformed Random Forest, achieving
perfect classification results and higher cross-validation accuracy (0.9825 + 0.0170)
across all diagnostic categories, including minority classes such as Pneumonia. In
contrast, Random Forest exhibited reduced sensitivity, particularly in identifying
Pneumonia, where it achieved a recall of only 0.18 and an F1-score of 0.31. This
limitation is likely due to the class imbalance in the dataset, where Pneumonia cases
were severely underrepresented. Such imbalance can bias model predictions
toward dominant classes, highlighting the need for further strategies to enhance
model fairness and recall in real-world deployment scenarios.

Despite these differences, both models performed equally well in the severity
classification task, with 1.0000 £ 0.0000 cross-validation accuracy and flawless test
set results. These findings suggest that tree-based ensemble models are highly
reliable when balanced class distributions and that XGBoost suits imbalanced or
complex multiclass problems. Future work should focus on validating these results
using real-world clinical data and addressing class imbalance through
oversampling, synthetic data generation, or cost-sensitive learning. Integrating
explainable Al techniques such as SHAP or LIME can further enhance model
interpretability and support transparent clinical decision-making.
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