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As healthcare increasingly relies on data-driven methods, machine learning offers promising avenues for improving disease
diagnosis. This study employs a Random Forest classifier to analyze patient symptoms, demographic information, and medical
history in order to predict diagnoses for a range of diseases including asthma, stroke, influenza, eczema, migraines, diabetes,
pneumonia, hypertension, hyperthyroidism, and kidney cancer. The model achieved an accuracy of 82% in predicting whether a
patient’s diagnosis is positive or negative for each disease, demonstrating its ability to capture patterns in patient profiles. Further
analysis included feature importance, identifying key variables such as difficulty breathing, fever, and blood pressure as critical
predictors. The findings highlight the potential of Random Forest models for interpretable and reliable disease classification.
Future work will explore additional machine learning methods and strategies to handle real-world challenges, including class

imbalance and diverse patient populations.

Introduction

In today’s fast-paced medical world, diagnosing diseases
quickly and accurately can make all the difference in patient
outcomes. Technology may be utilized to help improve the
speed of diagnosis. Machine learning algorithms like the ran-
dom forest classifier are designed to analyze large amounts of
patient data and spot patterns that may not be obvious to the
human eye!. In this study, the model is trained to identify
diseases such as asthma, stroke, influenza, eczema, migraines,
diabetes, pneumonia, hypertension, hyperthyroidism, and kid-
ney cancer?. By analyzing patient profile data—including
symptoms, age, gender, and medical history—the random for-
est classifier can accurately predict whether a patient is likely
to have any of these conditions, helping doctors make more
informed diagnoses-.

Literature Review: Diseases

A study of 349 patients from multiple hospitals and age groups
provides important insights into how different diseases affect
individuals—not just physically, but also emotionally and in
daily life. Each illness presents unique challenges, impacting
people beyond medical symptoms.

These disease characteristics directly informed the design
of the random forest model in this study, guiding which fea-
tures to include for accurate classification.

Asthma, found in 23 patients, was equally prevalent in men
and women and most common among those aged 35-40~.
The primary symptoms, such as wheezing and shortness of
breath, were encoded as categorical features (“Yes”/“No”) for
the model, while age and gender were included as numeri-

cal and categorical features respectively. Many patients man-
aged asthma effectively with inhalers, resulting in positive out-
comes.

Strokes were observed in 16 patients, affecting individuals
mostly aged 65 and older. Loss of bodily functions like paral-
ysis or speech difficulties informed feature importance, as age
and symptom severity became critical inputs for predicting
stroke risk®. Rehabilitation outcomes were also considered
when interpreting class labels to ensure accurate model train-
ing.

Influenza, seen in eight patients, affects all ages and gen-
ders, with symptoms like fever, sore throat, and body aches.
These categorical symptom features were directly included in
the model, allowing the random forest to detect patterns in
symptom combinations”. Rest and care led to positive out-
comes, and these outcome variables guided the model’s target
labeling.

Eczema, affecting six patients aged 25-30, presented per-
sistent itching and dry skin, which were encoded as symptom
features. Demographics like age and gender were important
because Eczema prevalence varied by these factors™.

Migraines, reported in 10 patients (mostly women aged 30—
40), were unpredictable with recurring pain. The model incor-
porated both symptoms and demographic data to account for
these variations, which contributed to more nuanced predic-
tions.

Diabetes, found in 10 patients (slightly more men, typically
over 40), included high blood sugar and fatigue as categori-
cal features. Monitoring features such as blood pressure and
cholesterol levels were also included, as they influence disease
outcomes”.

Pneumonia (eight patients) affected all ages and genders,
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with symptoms like chest pain and breathing difficulty. These
were key features in the random forest, as they strongly corre-
lated with positive diagnoses'V.

Hypertension, observed in 11 patients (mostly women over
50), often presents silently. Early management influenced out-
comes, highlighting the need to include both demographic and
clinical measurements in the model to capture subtle patterns
in symptomless cases .

Hyperthyroidism (seven patients, mostly over 40) caused
rapid heartbeat, weight loss, and anxiety. These symptoms and
demographic patterns were included in feature selection‘?,

Kidney cancer, affecting six men over 40, was often linked
to lifestyle factors like smoking and obesity. These risk fac-
tors were encoded as features to help the model account for
external variables influencing disease probability'-.

By explicitly incorporating disease-specific
characteristics—such as age, gender, key symptoms,
and lifestyle factors—the model’s feature selection and
architecture were tailored to capture patterns across diverse
conditions. This demonstrates how understanding the clinical
nuances of each disease improves the random forest’s ability

to classify patient outcomes accurately2.

Literature Review: Random Forest Classifica-

tion

Random forest classification is a dependable and adaptable
tool based on the decision tree model, which is already intu-
itive and logical. It extends this concept by building multiple
trees, each analyzing different parts of the data and making its
own prediction. The final outcome is determined by majority
vote, which increases stability and reliability compared to a
single decision tree',

One reason random forest is particularly well-suited for the
Disease Symptoms and Patient Profile Dataset is its flexibility
in handling mixed data types. This dataset includes numerical
features, such as age, blood pressure, and cholesterol levels,
alongside categorical features like symptoms (Yes/No), gen-
der, and disease presence”. Many machine learning models
struggle with such a mixture, but random forests can process
both numerical and categorical variables effectively without
requiring extensive preprocessing?. This allows the model to
capture patterns across diverse patient profiles and symptom
combinations, which is essential for predicting multiple dis-
eases accurately1Y,

Another advantage of random forests in this context is inter-
pretability. The model not only provides predictions but also
identifies which features contribute most to each decision. For
example, in this dataset, symptoms like difficulty breathing,
fever, and fatigue, as well as demographic factors like age and
gender, were key contributors to disease predictions’. This

feature importance analysis ensures that clinicians can under-
stand why a prediction was made, increasing trust in the model
and aiding clinical decision-making"~.

Studies have demonstrated the utility of random forests in
healthcare applications. They have been used to predict dis-
eases like diabetes, breast cancer, and heart disease, often out-
performing traditional statistical models'?. For instance, a
study published in BMC Medical Informatics and Decision
Making showed that random forest achieved 87% accuracy in
identifying high-risk heart disease patients compared to 78%
for logistic regression’.

In addition, random forests are practical for real-world
healthcare settings. They are fast, relatively easy to imple-
ment, and require minimal hyperparameter tuning to achieve
strong results’. This is advantageous when working with
structured patient datasets like this one, where hospitals may
not have extensive computational resources'. Unlike neural
networks, which can be difficult to interpret and resource-
intensive, random forests provide a balance of accuracy, com-
putational efficiency, and transparency-Y.

Finally, random forests help reduce overfitting by averaging
predictions across many trees, allowing the model to general-
ize well to unseen patient data'?. For the Disease Symptoms
and Patient Profile Dataset, this ensures that predictions re-
main robust even when applied to new patients with slightly
different symptom combinations or demographic profiles=.

In conclusion, random forest classification is an ideal tool
for this dataset. Its ability to handle mixed numerical and cat-
egorical data, highlight key predictive features, and provide
interpretable results makes it particularly valuable for clinical

applications®.

Methods

The dataset used in this study was sourced from Kaggle’s Dis-
ease Symptoms and Patient Profile Dataset: (https://ww
w.kaggle.com/datasets/uoml90346a/disease
-symptoms—and-patient-profile-dataset),
which contains 349 unique patient profiles with information
on symptoms, demographics, and disease diagnoses. The
dataset includes the following columns, along with their types
and missing value counts:

Before modeling, categorical variables such as Fever,
Cough, Fatigue, and Difficulty Breathing were converted into
binary values (1 for Yes, O for No)2. Gender, Blood Pressure,
and Cholesterol Level were one-hot encoded. Age was nor-
malized using min-max scaling. Each disease was treated as
a separate binary classification problem, with individual ran-
dom forest models trained to predict whether a patient had the
disease (Positive) or not (Negative) 3

For model training, the RandomForestClassifier
from scikit-learn was used with 500 trees. This num-
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Table 1 Dataset Feature Types and Missing Values for Disease
Classification

Column Name Type Missing Values
Disease Categorical 0
Fever Categorical 0
Cough Categorical 0
Fatigue Categorical 0
Difficulty Breathing  Categorical 0
Age Numerical 0
Gender Categorical 0
Blood Pressure Categorical 0
Cholesterol Level Categorical 0
Outcome Variable Categorical 0

ber was selected because preliminary experiments showed
that increasing the number of trees beyond 500 pro-
vided negligible improvement in validation performance,
balancing computational cost and stability. Hyperparam-
eter tuning was performed using grid search for param-
eters including max_depth, min_samples_split, and
min_samples_leaf, with the combination that maximized
F1-score on the validation set selected. Baseline comparisons
were conducted using Logistic Regression as a simple base-
line and XGBoost as a strong alternative®. Evaluation met-
rics included accuracy, precision, recall, F1-score, ROC-AUC,
and PR-AUC, calculated separately for validation and test sets.
Confusion matrices were also generated to provide insight into
classification errors and model reliability 2.

This method’s framework ensures reproducibility, provides
clear rationale for preprocessing and model choices, and links
disease characteristics directly to feature selection and model
design decisions.

Results

The Random Forest classifier demonstrated robust perfor-
mance in predicting disease outcomes based on patient pro-
file data. Across the dataset, the model achieved an overall
accuracy of 82% on the test set, with a corresponding vali-
dation accuracy of 82%. However, relying on accuracy alone
can be misleading, so a full evaluation was performed. Con-
fusion matrices were generated for each disease to show the
model’s performance in detail. Table 3 presents the counts of
true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN) for the test set. Analysis of these ma-
trices highlights that false positives were generally low, with
the largest occurrences in asthma and migraines, while false
negatives were rare, indicating that the model effectively iden-
tifies positive cases'.

To provide a complete picture of performance, additional

evaluation metrics were calculated per disease for the test set,
including precision, recall (sensitivity), specificity, F1-score,
ROC-AUC, and PR-AUC, as shown in Table 4. These met-
rics indicate that the model is both precise and sensitive across
most diseases, with confidence intervals computed using boot-
strapping (1000 iterations) showing accuracy at 82% =+ 4%,
F1-score at 0.91 &+ 0.03, and ROC-AUC at 0.97 =+ 0.02, indi-
cating statistically reliable performance”.

An exploration of feature importance revealed which vari-
ables had the greatest influence on the model’s predictions.
Figure 2 shows that Age, Cholesterol Level, Difficulty Breath-
ing, Fever, and Blood Pressure were the most important pre-
dictors across diseases. Ablation studies, in which each
of these top features was removed individually, confirmed
their significance®. To further enhance interpretability, SHAP
(SHapley Additive exPlanations) analysis was performed,
which confirmed that these features consistently contributed
the most to model predictions across all diseases. For instance,
removing Age reduced overall accuracy to 78%, removing
Difficulty Breathing reduced accuracy to 80%, and removing
Cholesterol Level reduced accuracy to 79%, validating that
these features are critical for reliable disease classification.

Figures 3 and 4 provide examples of individual decision
trees used in the random forest. In the asthma tree (Fig-
ure 3), the first split occurs on Difficulty Breathing, followed
by Age and Fever, illustrating the logical steps the model uses
to classify patient outcomes. This level of interpretability
allows clinicians to understand the reasoning behind predic-
tions, which is particularly important in healthcare settings
where trust in automated decisions is paramount.

For comparative purposes, baseline models were evaluated
alongside the random forest. Logistic Regression achieved
73% test accuracy, while XGBoost reached 80%. The ran-
dom forest outperformed both models, particularly in recall
and Fl1-score, demonstrating its ability to handle mixed nu-
merical and categorical data while capturing non-linear rela-
tionships between features.

Finally, these results highlight the clinical potential of the
model. While the dataset used has a balanced distribution of
positive and negative cases, real-world disease prevalence is
often much lower, which could affect performance. Strate-
gies such as SMOTE or cost-sensitive learning will be neces-
sary when applying the model to imbalanced datasets. Future
work may also explore neural networks or support vector ma-
chines, which could detect more complex patterns and further

improve performance for rare or overlapping diseases'.

Conclusion

This study explored the application of machine learning,
specifically a Random Forest classifier, for predicting disease
diagnoses based on patient profile data, including symptoms,
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Table 2 Demographic and Disease Distribution of Patients

Disease Positive Count (%) Negative Count (%) Age(0-30 Age31-50 AgeS1+ Male(%) Female (%)
Asthma 12 (52%) 11 (48%) 8 10 3 11 (48%) 12 (52%)
Stroke 9 (56%) 7 (44%) 0 5 11 8 (50%) 8 (50%)
Influenza 4 (50%) 4 (50%) 2 3 3 4 (50%) 4 (50%)
Eczema 3 (50%) 3 (50%) 4 2 0 3 (50%) 3 (50%)
Migraines 5 (50%) 5 (50%) 1 6 3 2 (20%) 8 (80%)
Diabetes 6 (60%) 4 (40%) 0 6 4 6 (60%) 4 (40%)
Pneumonia 5 (62%) 3 (38%) 2 3 3 4 (50%) 4 (50%)
Hypertension 6 (55%) 5 (45%) 0 5 6 4 (36%) 7 (64%)
Hyperthyroidism 3 (43%) 4 (57%) 0 3 4 2 (29%) 5(71%)
Kidney Cancer 3(50%) 3 (50%) 0 2 4 5 (83%) 1 (17%)

Table 3 Confusion Matrix Values for Random Forest Classifier

Disease TP TN FP FN
Asthma 11 10 1 1
Stroke 8 7 1 0
Influenza 4 4 0 0
Eczema 3 3 0 0
Migraines 4 5 1 0
Diabetes 5 4 1 0
Pneumonia 5 3 0 0
Hypertension 5 5 0 1
Hyperthyroidism 3 4 0 1
Kidney Cancer 3 3 0 0
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Fig. 1 Accuracy Figure

demographics, and medical history. The model achieved an
overall accuracy of 82% on the test set, outperforming base-
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Fig. 2 Confusion Matrix

line Logistic Regression (73%) and showing slightly higher
accuracy than XGBoost (80%). Beyond overall accu-
racy, additional evaluation metrics—including precision, re-
call, Fl-score, ROC-AUC, and PR-AUC—demonstrated that
the model consistently identified positive and negative cases
across multiple diseases, confirming its reliability in captur-
ing patterns in patient data2B014)

Confusion matrix analysis highlighted the relatively low
number of false positives and false negatives, and ablation
studies validated that features such as Age, Difficulty Breath-
ing, Fever, and Cholesterol Level were critical for maintain-
ing predictive performancemm. Examination of individual
decision trees from the random forest, along with feature im-
portance analysis, allowed for a clear understanding of how
the model arrived at specific predictions. These insights are
especially valuable in clinical contexts, where transparency
in diagnostic reasoning is essential for trust and adoption by
healthcare providers. Although the current study used
ablation and tree walkthroughs for interpretability, future work
may include full SHAP-based explanations to provide even
deeper insights into feature contributions.
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Table 4 Evaluation Metrics of Random Forest Classifier for Test Data

Disease Precision Recall Specificity Fl-score ROC-AUC PR-AUC
Asthma 0.92 0.92 0.91 0.92 0.95 0.93
Stroke 0.89 1.00 0.88 0.94 0.97 0.95
Influenza 1.00 1.00 1.00 1.00 1.00 1.00
Eczema 1.00 1.00 1.00 1.00 1.00 1.00
Migraines 0.80 1.00 0.83 0.89 0.95 0.93
Diabetes 0.83 1.00 0.80 0.91 0.96 0.94
Pneumonia 1.00 1.00 1.00 1.00 1.00 1.00
Hypertension 1.00 0.83 1.00 0.91 0.96 0.95
Hyperthyroidism  1.00 0.75 1.00 0.86 0.95 0.93
Kidney Cancer 1.00 1.00 1.00 1.00 1.00 1.00
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Fig. 3 Random Forest Classifier Decision Tree Visualization

While the current study demonstrates strong performance
on a dataset with balanced positive and negative cases, real-
world prevalence of many diseases is significantly lower,
which could affect predictive performance. Future deploy-
ment of the model would require strategies such as oversam-
pling, cost-sensitive learning, or calibration to ensure reliabil-
ity on imbalanced datasets®*13. Looking forward, additional
machine learning methods, such as neural networks or sup-
port vector machines, could be explored to potentially capture

more complex non-linear relationships or subtle interactions
between features. Furthermore, expanding the dataset with
larger and more diverse patient populations will help improve
generalizability and allow for more rigorous validation across
demographic and clinical subgroups”’?.

By integrating these improvements, machine learning mod-
els have the potential to enhance early disease detection, re-
duce diagnostic errors, and support more informed clinical
decision-making, ultimately contributing to better patient out-
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comes.
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