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Abstract:

The growing demand for remote healthcare solutions has increased the importance of efficient disease diagnosis based on
textual symptom descriptions. This study explores the application of machine learning models Multinomial Naive Bayes,
Random Forest, and Support Vector Machine (SVM) to classify 24 different diseases from natural language symptom
inputs. Utilizing a dataset of 1,200 balanced samples and TF-IDF for feature extraction, we trained and evaluated the models
using both accuracy and cross-validation metrics. Among the models, SVM achieved the highest test accuracy of 97.5%
and demonstrated consistent performance across all disease categories. These findings underscore the potential of classical
machine learning approaches in enhancing digital diagnostic tools, particularly for early screening in telemedicine
applications. Future work could extend this study by integrating deep learning architectures and multilingual capabilities
to accommaodate broader and more diverse healthcare scenarios.

Keywords: Natural language processing, Disease classification, Symptom description, Machine learning, Support Vector
Machine, Naive Bayes, Random Forest, TF-IDF, Text classification, Telemedicine.

Dataset link: https://www.kaggle.com/datasets/niyarrbarman/symptom2disease/versions/1

1. Introduction

The accurate and timely classification of diseases based on patients' symptom descriptions is a pressing challenge
and an active research area in the domain of digital health. With the proliferation of natural language inputs via
telemedicine platforms, chatbots, and digital assistants, the necessity to transform unstructured symptom narratives
into meaningful diagnostic predictions has become increasingly important. In this context, Natural Language
Processing (NLP) combined with machine learning (ML) models offers a promising solution to support early and

remote diagnosis.

Despite rapid advancements in medical NLP applications, a research gap persists in addressing multi-class disease
classification based solely on short and ambiguous textual symptom descriptions. Prior works often focus on binary
or limited disease sets, underrepresenting the complexity of real-world symptoms and their linguistic variability [1],

[2], [3]. Furthermore, while pre-trained language models and deep learning architectures dominate recent studies [4],
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[5], traditional machine learning methods such as Naive Bayes, Support Vector Machines (SVM), and Random Forest

remain competitive and interpretable alternatives, particularly in resource-constrained settings [6], [7].

Current state-of-the-art research highlights the application of interpretable ML techniques to various medical text
datasets for clinical support, demonstrating potential in early disease screening, triage systems, and health monitoring
tools [8]. However, the performance of classical ML models for multi-class disease classification using short symptom

texts remains underexplored.

This study aims to investigate the effectiveness of three widely adopted ML classifiers Naive Bayes, Random
Forest, and SVM in classifying 24 distinct diseases based on 1,200 short natural language symptom descriptions. The
focus lies in evaluating the accuracy, generalizability, and robustness of these models in distinguishing diseases with

overlapping symptoms.

From an empirical standpoint, challenges include limited context within user symptom descriptions, semantic
overlap between diseases, and lexical sparsity. This study addresses these issues through pre-processing, TF-IDF
vectorization, and stratified model evaluation, contributing both practical insights and reproducible methodology for

future research and implementation.

2. Method
Research Design:

This study adopts a quantitative research design grounded in supervised machine learning techniques to compare
three classifiers Naive Bayes, Support Vector Machine (SVM), and Random Forest for multiclass disease
classification based on free-text symptom descriptions. The workflow follows a structured pipeline: data loading and
exploration — text pre-processing — feature extraction — model training & evaluation [9], [10], [11]. This design

allows for reproducible comparisons among models under identical data and feature settings.

DATA LOADING & EXPLORATION

!

DATA PREPROCESSING
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Figure 1: Research Workflow
Data Loading & Exploration:

We began by loading the dataset of 1,200 samples and two columns (Label, text). Basic statistics such as

number of classes (24 diseases) and distribution of records were obtained. Descriptive metrics on text length
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(characters) and word count were also computed to understand text variability. This preliminary step aligns with

practices in text classification pipeline research that emphasize early exploration of input text distributions [12].

uuuuu

Figure 2: Top 10 Disease Distribution.
Pre-processing Text:
To prepare the free-text symptom descriptions for modelling, the following steps were applied:

e Lowercasing all characters.
e Removing non-alphabetic characters via regex.
e Trimming extra whitespace.

e Encoding labels using LabelEncoder.

Cleaning the text in such a way reduces noise and enhances consistency for feature extraction. This approach
echoes recommended pre-processing stages in recent machine-learning pipelines for text classification [13], [14], [15].

Feature Extraction:

For turning cleaned text into numeric features usable by ML models, we applied the TF-IDF vectorizer (with
max features=1000 and ngram range=(1,2)) [10], [16], [17]. The transformation is represented
mathematically as:

efidf,, = T 1og—N
fidfu = g5 X091 g5 (2)

Where tf; ; is term-frequency of term j in document i, df; is document-frequency of term j and Nis total number of
documents. Choosing TF-IDF rather than simple bag-of-words improves weighting of rare yet informative terms; this
decision is supported by comparative studies in text classification literature [18], [9], [19].

Splitting Data:

The dataset was stratified into training (80 %) and testing (20 %) sets to preserve class distribution across disease
labels. Stratification is important in multiclass settings to avoid sampling bias and to ensure generalizability of results
[15].
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Model Development and Evaluation
Three classifiers were trained with identical feature sets and splits:

¢ Naive Bayes (MultinomialNB with 0=0.1)
e Random Forest (100 trees, random_state=42)

e Support Vector Machine (kernel='linear', C=1.0)

This comparative setup enables direct evaluation of how each algorithm handles the same text-based classification
task [20], [21], [22].

Evaluation:

Models were evaluated on the test set using accuracy, precision, recall, and Fl-score standard metrics in
classification tasks [23], [24]. Additionally, 5-fold cross-validation on training data was used to estimate model

stability.

K
1
Mean CV Accuracy = EZ Acc; 3)

i=1
where k = 5. The selection of these metrics and evaluation protocol aligns with best practices in text classification
and ML research [14].
3. Result and Discussion

The evaluation of machine learning models for disease classification based on natural language symptom
descriptions yielded highly promising results. The dataset comprised 1,200 symptom descriptions distributed evenly
across 24 disease classes. Each class was well-represented, allowing for a balanced analysis and reliable comparison

of models.

The three models tested were Multinomial Naive Bayes, Random Forest, and Support Vector Machine (SVM),
each trained on TF-IDF-transformed symptom text data. The performance evaluation was conducted on a hold-out

test set comprising 20% of the data, with additional validation via 5-fold cross-validation.

The SVM model outperformed the others with a test accuracy of 97.5%, followed by Naive Bayes at 95.0%, and
Random Forest at 93.75% (Figure 3). These results are further corroborated by cross-validation scores, with SVM
achieving a mean CV score of 95.94%, again the highest among the three models. This superior performance can be
attributed to the SVM's capability to handle high-dimensional spaces and its effectiveness in separating classes with

clear decision boundaries in sparse data representations like TF-IDF.:

Table 1. Training and Validation Performance per Epoch

Model Accuracy Mean CV Score Std. Dev. CV
Naive Bayes 0.95 0.9469 0.0212
Random Forest 0.9375 0.9323 0.0329
SVM 0.975 0.9594 0.0283
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Figure 3. Examination of the Confusion Matrices.

A closer examination of the confusion matrices (Figure 3) reveals that the SVM model maintains a consistently
high true positive rate across almost all disease categories, with very few misclassifications. In contrast, Random
Forest and Naive Bayes showed slight confusion between classes with overlapping symptoms, such as dengue and

malaria or typhoid and peptic ulcer disease.

The classification reports further validates these observations. SVM achieved perfect or near-perfect precision and
recall across most classes, whereas Random Forest, despite strong general performance, displayed lower recall in a
few disease classes (e.g., drug reaction, dengue). Naive Bayes, although slightly behind SVM in overall accuracy,

demonstrated robust generalization due to its probabilistic nature, which suits text classification tasks well.

The distribution of diseases in the dataset was uniformly balanced (Figure 2), which eliminates bias in training

and allows performance metrics to truly reflect model capabilities without data imbalance artifacts. This reinforces
the reliability of the performance outcomes.

In conclusion, this experiment demonstrates the effectiveness of using TF-IDF features combined with SVM for
classifying diseases from textual symptom descriptions. Given the growing importance of remote diagnostics and the
need for scalable, language-based health applications, the results support integrating such models into telemedicine
platforms for preliminary diagnostic assistance.

Future research may include evaluating deep learning-based models such as BERT or LSTM for even greater

semantic understanding, handling multilingual symptom inputs, and assessing real-world deployment robustness.

4. Conclusion

This study presents a comprehensive evaluation of machine learning methods Multinomial Naive Bayes, Random
Forest, and Support Vector Machine for classifying diseases from natural language symptom descriptions. Utilizing
TF-1DF vectorization and a balanced dataset covering 24 distinct diseases, all models demonstrated high classification

accuracy, with SVM achieving the best performance at 97.5% test accuracy and 95.94% average cross-validation

accuracy.
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The findings confirm the viability of using classical machine learning approaches for text-based medical
classification tasks. The exceptional performance of SVM suggests its potential as a core component in digital
diagnostic tools, particularly in telemedicine and early disease screening applications.

By converting unstructured symptom narratives into structured predictions, this research contributes to advancing
automated health support systems. Future studies should aim to scale this approach with larger, real-world datasets,
incorporate deep learning models, and consider contextual factors such as temporal symptom progression and patient

history to further enhance prediction accuracy and applicability.
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