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Abstract—Accurate disease prediction from symptom
descriptions is vital for improving early detection and enabling
remote healthcare services, especially in the evolving landscape
of digital health. Traditional diagnosis methods face significant
limitations due to their reliance on structured datasets and
subjective assessments, leading to delays and inefficiencies in the
diagnosis process. Our strategy is to employ advanced NLP
techniques such as tokenization and TF-IDF, along with DL
techniques like LSTM, CNN-LSTM, and GRU, to analyze
unstructured symptom data and more accurately predict diseases
The study also compares two text transformation techniques (TF-
IDF vectorization and tokenization) with traditional Machine
Learning (ML) methods like Decision Trees to specify the best
technique. Through intensive experiments on two datasets (one
with 24 diseases and one with 41 diseases), the efficiency of the
proposed methods is verified and the importance of using NLP
and deep learning in revolutionizing healthcare is illustrated,
particularly in upgrading remote diagnosis and enabling early
medical intervention. The best-performing model, CNN-LSTM
using tokenized text, achieved 99.90% accuracy on a 41-disease
dataset, and LSTM with TF-IDF achieved 98.8% accuracy on a
24-disease dataset, outperforming or matching results from more
complex models in prior studies. The findings show that
combining NLP and deep learning enables accurate, efficient
disease prediction, advancing remote care and early intervention
in digital healthcare.

Keywords—Natural language processing; disease prediction;
machine learning; deep learning; classification

. INTRODUCTION

Healthcare systems worldwide always face huge challenges
in precisely and early diagnosing diseases, which are mainly
caused by the limitations of traditional diagnostic approaches
[1]. Not only do diseases impose a heavy influence on the
quality of individuals' lives but also place very high economic
burdens on healthcare systems. Traditional diagnostic
approaches mainly rely on structured clinical data and
subjective judgments, which are likely to result in subjectivity,
inconsistency, errors, and delays. With a growing rate of
chronic and acute illnesses, there is a critical need for novel
solutions that can effectively and efficiently address these
diagnosis issues. With the complexity of the diseases, the
clinicians and doctors require more sophisticated and
automated tools to enable timely decision-making, resource
planning, and improved patient care [2].

Deep learning (DL) and Natural Language Processing
(NLP) have been transformative technologies in healthcare,

particularly in automating and enhancing diagnosis processes
[3]. NLP allows computational systems to read, comprehend,
and manipulate human language, which allows healthcare
professionals to extract useful knowledge from unstructured
patient data, such as symptom descriptions provided in natural
language. At the same time, DL, a subset of Al that employs
neural networks with many layers, has already begun to
achieve great success in recognizing complex patterns and
making predictions from intensive data analysis. NLP merged
with DL has the potential to transform medical diagnosis by
dramatically enhancing prediction accuracy, cutting down
diagnostic time, and enabling remote medical decision-making

[4].

Contemporary trends in digital health further reinforce the
importance of NLP and DL. For example, more than 100
digital diagnostic products are now commercially available to
assess disease risk and expedite diagnosis, many of which are
powered by Al and machine learning. The rapid advancement
of such Al-driven symptom checkers and decision support
tools underscores how computational models of language can
augment clinical practice by triaging patient complaints and
flagging potential conditions earlier than traditional workflows.
The global COVID-19 pandemic has also accelerated the
adoption of telemedicine and remote monitoring solutions,
where NLP plays a critical role in interpreting patient-reported
symptoms in real time. These developments illustrate a broader
shift towards integrating language-based Al into healthcare
delivery, improving accessibility and personalization of care
even outside conventional clinical settings [5].

In parallel, the accessibility of large-scale medical text data
and increase in computational power have paved the way for
data-driven diagnostic systems. Patients now routinely describe
symptoms on online forums, chatbots, and mobile health
applications, creating an abundance of unstructured symptom
narratives available for analysis. Leveraging this wealth of
textual data requires advanced NLP for language understanding
and robust DL for pattern recognition — domains where recent
techniques have demonstrated exceptional promise. By
integrating NLP and DL into clinical workflows, it becomes
possible to bridge the gap between traditional symptom
checkers and expert diagnostic systems, facilitating faster,
more personalized, and scalable diagnostic support for patients
and providers alike [6].

This study builds on these trends and challenges by
introducing several key contributions. It utilizes varied datasets
(including one with 24 diseases and another with 41 diseases)
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to improve the validity and generalizability of the predictive
models. Additionally, it conducts a comparative study of
multiple machine learning algorithms, incorporating two text
representation techniques — TF-IDF vectorization and
tokenization — to identify the most effective approach for
symptom-based disease classification. Finally, the study
emphasizes an iterative model refinement process to boost
accuracy and reliability, ensuring that the proposed NLP+DL
models are well-optimized for deployment in real healthcare
settings. Through these contributions, the work illustrates how
combining NLP and deep learning can enable more accurate
and efficient disease prediction, thereby advancing remote care
and early intervention in the evolving landscape of digital
healthcare.

The proposed methodology was chosen due to its
adaptability to real-world symptom expression formats and its
ability to extract both semantic and sequential patterns from
text. Traditional classifiers often require structured or pre-
encoded symptom data and struggle with ambiguity and
variability in natural language inputs. Moreover, prior methods
frequently overlook interpretability, computational trade-offs,
or generalization across datasets. In contrast, our framework
explicitly addresses these limitations through multi-dataset
validation, model transparency (via feature analysis), and an
architecture that balances performance with deployment
feasibility.

To validate the effectiveness of the proposed approach, the
rest of this study is organized as follows: Section Il explores
related work in natural language processing and deep learning
for disease prediction. Section Il outlines the methodology,
detailing the text representation methods and model
architectures used. Section IV presents the results, including
the datasets and a thorough analysis of the experimental
findings. Section V concludes the study and suggests directions
for future research.

Il.  RELATED WORK

In the past several years, several studies have tried to utilize
ML and DL methods for disease prediction based on symptom
descriptions. Such methods usually combine natural language
processing (NLP) techniques and different ML models in an
effort to improve prediction accuracy and computational
efficiency. Some of the research studies aim to exploit hybrid
systems, preprocessing techniques, and optimization
algorithms to develop more robust and effective models for
disease diagnosis with potential for future digital health and
remote diagnosis.

A range of studies have explored automated disease
prediction using symptom descriptions, applying both
traditional and deep learning techniques. One study introduced
a hybrid ensemble model that combined Naive Bayes, SVM,
and XGBoost to improve the classification of categorical
symptom data [7]. This model achieved 97.2% accuracy,
approximately 2% lower than that of another work which
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focused on optimizing classical classifiers using severity-
weighted symptom scores, reporting 99.19% accuracy with a
tuned KNN model. It offered a lightweight and
computationally efficient alternative for large-scale screening
applications [8].

In contrast, a deep learning approach that applied MCN-
BERT and BiLSTM to symptom text achieved the highest
performance, reaching 99.58% accuracy. This showcased the
advantage of contextual language models and advanced
optimizers in capturing subtle patterns in unstructured clinical
descriptions [9]. Another comparative study evaluated multiple
classical classifiers on a structured symptom dataset and found
that Random Forest outperformed other models with an
accuracy of 99.5%, about 2.3% higher than earlier ensemble-
based methods, confirming its strength in handling tabular
symptom data [10]. Additionally, a separate model used
translated symptom data and XGBoost, achieving 99.45%
accuracy while maintaining relatively simple preprocessing
and training requirements. This approach proved to be a
practical option for early illness detection, especially in
resource-limited settings [11].

Table | provides a comparison of five representative
studies, highlighting their approaches, data, performance, and
noted limitations. These prior works have made important
strides by achieving high predictive accuracy using various
NLP and Al methods, as summarized below.

As seen in Table I, prior studies in this domain report
remarkably high accuracies (often above 95% and even nearing
99%), suggesting that automated symptom-based disease
classifiers can perform extremely well under certain conditions.
However, a notable observation is that most of these works
focus on showcasing their performance results while providing
relatively limited discussion of technical constraints or real-
world challenges. For instance, several studies used complex
ensembles or deep models but did not comment on the
computational memory requirements or infrastructure needed
to deploy those models at scale. The interpretability of the
models is another aspect often glossed over — methods
involving transformers or ensemble boosting are essentially
black boxes from a clinician’s perspective — yet only one study
explicitly acknowledged the issue of explaining predictions.
Moreover, generalizability is frequently under-addressed:
many models were trained and tested on a single dataset
(sometimes a synthetic or idealized one), raising questions
about how they would perform on different patient populations
or symptom inputs. In cases, where a non-clinical or limited
dataset was used, authors occasionally noted the need for more
diverse data, but they generally stopped short of testing their
models beyond the original setting. This pattern of presenting
near-perfect accuracy without proportional attention to
practicality can make the proposed solutions seem overly ideal.
It creates an impression that the problem of automated
diagnosis is “solved” in a controlled environment, even though
issues of model robustness, scalability, and integration into
medical practice remain open challenges.
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TABLE I. COMPARISON OF RELATED WORK
Authors Year Techniques Used Dataset Accuracy
. . Symptom-based disease dataset with categorical
Indupalli & Pradeepini 2023 ?elagggost fl;e(rgjégost ft&;l;:/r;gBay:Sr;semble Zymptom inputs_(post-COVID context; multiple | 97.2%
iseases, categorical symptoms)
Optimized classical ML classifiers (SVM, PL.J?:'C sympto(rjn dataset contamcljn% Ak;l dlseas_es
Fuster-Pala et al. 2024 Random Forest, KNN, ANN) with symptom wit assoglate symptoms enco de d Y sever;ty 99.19%
severity encoding. (sjc;ores ( pen-source  structure ataset for
isease screening).
Two datasets:
(1) Dataset-1: 1,200 patient symptom description
Transformer-based language model (MCN- | entries (each a unique combination of a disease 99.58% on Dataset-1
Hassan et al. 2024 BERT) and deep neural network (BiLSTM) | label and its described symptoms); 96.15% on Dataset-2
for symptom text classification. (2) Dataset-2: 23,516 Twitter posts for adverse '
drug reaction detection (tweets labeled ADR or
non-ADR).
Structured disease-symptom dataset with 41
prevalent diseases and 132 possible symptoms.
Comparative analysis of four supervised ML | Each case in the data is characterized by a
Das et al. 2022 classifiers: k-Nearest Neighbors, selection of 5 key symptoms out of the 132, | 99.5%
Bayes, Decision Tree, and Random Forest. representing a patient’s input features. (This
dataset is a common benchmark for symptom-
based disease prediction.)
Symptom dataset (translated into English)
covering 41 diseases and 17 selected clinical
Machine learning classification using Naive | symptoms. The translation step ensured uniform
Abidin et al. 2022 Bayes, Linear Discriminant Analysis (LDA), | input language for the model. This smaller | 99.45%
and an ensemble XGBoost model. feature set (17 symptoms) was used to train and
evaluate the classifiers on disease identification
tasks.

Our work distinguishes itself by explicitly addressing many
of these limitations. First, we prioritize a model design that is
computationally efficient and feasible for deployment. Instead
of relying on extremely large language models or complex
stacked ensembles, we implement a CNN-LSTM
architecture—a powerful deep learning model that is faster to
train than transformer-based approaches. This choice means
our best model achieves comparable accuracy to prior works
(e.9., ~99% on a 41-disease set) without the need for
extraordinary computational resources or cloud infrastructure.
Such efficiency is crucial for real-world use, particularly in
resource-constrained  healthcare  settings.  Second, we
emphasize generalizability and robustness by evaluating our
approach on two different datasets (one with 24 diseases and
another with 41 diseases). By demonstrating consistent
performance across multiple datasets, we provide evidence that
the model can handle variations in disease profiles and
symptom expressions. This is what make this method better
than earlier studies that were often validated on a single
dataset, and it gives greater confidence that our method could
be adapted to new data or scaled to broader disease coverage.
Third, while our models are predominantly deep neural
networks, we have incorporated interpretable elements into the
experimentation.

For example, we included a Decision Tree classifier in our
comparisons and performed feature representation analyses
(TF-IDF versus tokenization) to understand the impact of
different input processing techniques. This approach offers
insights into the model’s behavior — such as which symptoms
or words are most influential — thereby injecting a degree of
interpretability and transparency into the results that pure
black-box approaches lack. Finally, our study consciously
discusses practical deployment considerations by iteratively

refining the models and comparing complexity versus
performance trade-offs, we avoid simply reporting an accuracy
number in isolation. In summary, the proposed model aims not
only to achieve high accuracy, but also to deliver a solution
that is balanced and realistic — one that minimizes memory
overhead, maintains interpretability where possible, and
generalizes better to varied inputs. By addressing these often-
overlooked aspects, our work contributes a more practically
viable tool for disease prediction from textual symptom
descriptions, advancing the field towards implementations that
can be trusted and adopted in modern healthcare workflows.

I1l.  METHODOLOGY

Accurate disease prediction from natural language
symptom descriptions poses a challenge due to the
unstructured nature of the input text and the variability in how
symptoms are expressed. Traditional approaches often struggle
to extract meaningful features from such data, affecting
prediction performance and reliability.

To address this, our methodology focuses on transforming
symptom descriptions into structured representations using two
popular text vectorization techniques: TF-IDF and
Tokenization [12] [13]. In this study, a consistent workflow
was applied that includes preprocessing, handling class
imbalance, and training multiple models using each text
representation method. Both traditional ML (Decision Tree)
and DL models (LSTM, GRU, CNN-LSTM) were trained and
evaluated. The process was repeated for both text
representation techniques to systematically compare their
impact on classification performance. This approach enables a
fair assessment of which technique yields more accurate and
robust predictions in the context of disease classification. The
method is visualized in Fig. 1.
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Fig. 1. The Proposed method.

A. Deep Learning Models

1) Deep learning background. A neural network is a
computer model that replicates the human brain's structure in
the form of layers of interconnected processing nodes
(neurons). The neurons transform information through weights
and activation functions, which allow the network to learn
patterns and make predictions. A 1D Convolutional Neural
Network (CNN) is a neural network that takes sequential data
as input with convolutional filters in one dimension and is
highly appropriate for tasks such as time series analysis, text
analysis, or speech analysis [14]. An RNN (Recurrent Neural
Network) is another neural network that takes data
sequentially and deals with sequences and time-dependent
patterns very well [15]. Sequential data or time series can also
be in text, video, speech recognition, voice recognition, time
series forecasting, NLP tasks, and other mediums. Therefore,
models that are specifically meant for sequential data are
appropriate for applications such as disease prediction from
symptom text. RNNs produce the current output using the
previous information in the sequence. On the other hand, if a
sequence is long, it is hard for the network to convey
information from the earlier steps to the later steps. For
example, in working through a paragraph of text for
prediction, an RNN might forget crucial information from the
start. Though RNNs possess very restricted internal
calculations, they are okay for short sequences. In order to
tackle the short-term memory or disappearing gradient
problem in RNNs, LSTM and GRU models were proposed as
alternatives. The Gated Recurrent Unit (GRU) is an RNN
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variant that is essentially the same as LSTM [16]. The GRU
uses the hidden state to transmit information, unlike the cell
state of the other models. The GRU, which trains LSTM faster
since it requires fewer tensor operations, has two gates: the
reset gate, similar to LSTM, that determines how much
previous information to forget, and the update gate, similar to
the combination of LSTM's forget and input gates, that
determines what information to retain or discard [16]. The
control flow of LSTM is the same as RNN, in that it takes the
data and maintains the information along with it as it
proceeds. The processes in the cells of LSTM differ, however,
in that the cells here are meant to forget or recall [17]. LSTM
contains two more gates compared to GRU: the output gate
and the forget gate. The forget gate decides what to keep or
leave out of the prior cell state, the input gate regulates what
parts of the cell state are transmitted to the hidden state, and
the output gate governs how much of the information from the
prior state is transferred or left out in order to impact the next
hidden state [17]. The forget gate in the LSTM cell is utilized
to element-wise multiply the preceding memory cell.

2) LSTM Layer. The LSTM layer is meant to address the
vanishing gradient issue of the regular RNNs. It has "gates™
like the input gate, the output gate, and the forget gate to
control the flow of data in the LSTM network [17]. The gates
regulate  how information is remembered, updated, or
discarded at every time step. The LSTM updates Eq. (1-6) are
as follows:

ge = ¢(Ug - [ue-1,¥:] + ¢g) (€
Je = (U - [u—1, vl + ¢) (2)
ke = ¢Uy - [we—1, ¥l + i) 3
S; = tanh(Us - [ut — 1, y,] + cg) 4)
S:=9:O S +j: OS: ®)

u; = k; © tanh(S;) (6)

In this context, ¢ refers to the sigmoid activation function.
The variables g., j;, and k, correspond to the activations of the
forget, input, and output gates at time step t, respectively. S,
represents the memory cell's internal state at that same time,
while u; denotes the hidden state [17]. The symbol © indicates
an element-wise multiplication operation. The notation
[u;_4, y.] signifies the concatenation of the hidden state from
the previous time step and the current input. The parameters
Uy, Uj, Uy, Us along with the biases cg, ¢r, ¢, and ¢ are
trainable components of the model—comprising weight
matrices and bias vectors used to compute the gate activations
and update the cell state.

3) GRU Layer. The GRU layer reduces the architectural
complexity of the LSTM by combining the input gate and the
forget gate into one update gate, and the cell state and the
hidden state. The GRU update Eq. (7-10) are:

me = 0(Q * [Up—1, Y] + ) (7
ng = O-(Qn : [ut—li yt] + Cn) (8)
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it = tanh(Q - [n; O ut — 1,y,] +¢) 9)
uy=0-m) Queg +m O (10)

Here, m, is the update gate that decides how much of the
state needs updating. The reset gate, n, , decides how much of
the previous state needs to be erased. The candidate activation,
ut, proposes a new potential value for the state, as decided by
mt. The new state at the present timestep, ut, is computed as a
weighted average of the former state and the candidate state,
with the update gate mt controlling the balance.

4) CNN-LSTM. A CNN-LSTM network takes advantage
of the strengths of CNN and LSTM. The CNN captures
important spatial or local features of the input data, while the
LSTM models are temporal dependencies in sequences. The
combined model is well adapted to the task of sequential data
with complex patterns, such as text classification and time
series forecasting.

B. Machine Learning Model

1) Decision Tree (DT). DT are among the most widely
used machine learning algorithms [18]. While they are
applicable to both classification and regression tasks, they are
more commonly employed for classification. A Decision Tree
structures its predictive model in a hierarchical, tree-like
format: internal nodes represent feature-based decision points,
the root node defines the initial splitting condition, and the
leaf nodes correspond to the final predicted classes or
outcomes. The DT nodes are arranged in levels, and the
highest or first node is the root node. Every internal node
comprises tests on input variables or attributes (i.e., nodes
with one or more children). The classification model descends
downwards through the respective child nodes based on the
test results, splitting recurring until reaching a leaf node. The
leaf nodes denote the final decision results [19].

C. Evaluation Metrics

In order to assess the performance of a classifier, there are
some typical measures: accuracy (most widely used measure),
sensitivity (also referred to as recall in most papers),
specificity, precision, and F1 score [20]. Classification
outcomes for each class are either "True Positive" (TP), "True
Negative™ (TN), "False Positive" (FP), or "False Negative"
(FN). Depending on these values, the higher-level measures are
computed according to the following Eq. (11-14):

TP.+TN,
Accuracy =Y, < ,C € classes (11)
TPc+FPc+TN+FN,
. TP,
Precision =), ——,c € classes (12)
TP.+FP,
TP,
Recall =}, ,C € classes (13)
TPc+FN,
_ precision * sensitivity
Fl,, = 2+ 2Sion s semiivity (14)

precision + sensitivity

Following is a description of the above metrics:
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e Accuracy: The proportion of correctly classified
samples out of all samples.

e Accuracy: The ratio of samples which are "True
Positive" to all the samples which were predicted as
"Positive".

o Recall (or Sensitivity): The ratio of accurately
forecasted "True Positive" examples to all genuine
positive samples.

e F1 Score: The harmonic mean of precision and recall, a
single score that combines both measures and takes into
account precision and sensitivity.

All of the above metrics can be used for any machine
learning system. Thus, all the metrics mentioned in this section
will be used to compare the classifier systems devised in this
study. The performance of the classification system will also
be compared with that of the earlier studies.

IV. RESULTS

This study evaluated the effectiveness of TF-IDF versus
Tokenization  approaches for symptom-based disease
classification across two distinct datasets. The experimental
framework incorporated both traditional machine learning
(Decision Tree) and deep learning architectures (LSTM, GRU,
CNN-LSTM) to provide a comprehensive comparison of text
representation methods. Dataset 1 contained 1,200 clinical
cases spanning twenty-four diseases, while Dataset 2
comprised 4,920 instances across forty-one disease categories,
offering diverse testing conditions for model generalization.
Performance metrics like accuracy, precision, recall, and F1-
score were systematically analyzed to determine optimal
methodologies for clinical text classification tasks.

To ensure robust model evaluation, we used two distinct
datasets (twenty-four and forty-one diseases respectively)
rather than relying solely on internal validation splits. This
cross-dataset validation allows us to test the generalizability of
the models to different distributions and disease spaces.
Performance was assessed using multiple metrics (accuracy,
precision, recall, F1-score), and the models consistently
achieved high performance across both datasets.

A. Dataset

1) Dataset 1. The first dataset comprises 1,200 data
instances and two features: i) label, comprising disease labels,
and ii) text, comprising symptom descriptions in natural
language, illustrated in Table Il. The dataset consists of
twenty-four diseases, with fifty symptom descriptions for
each, giving 1,200 data instances. It is concerned with the
association between diseases and symptoms and comprises
pairs, where each pair is a disease and a symptom. The dataset
is developed by Niyarr Barman and can be found on Kaggle?.
Data curation was done by collecting data from diverse
credible sources of medical data, including research papers,
medical journals, and clinical databases. The information was

! https://www.kaggle.com/datasets/niyarrbarman/symptom2disease
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painstakingly extracted and verified to ascertain the validity of
symptom-disease relationships.

TABLE II. SAMPLE DATA FROM DATASET 1
Disease Symptom Description

Psoriasis I've been experiencing a red, itchy rash with dry, scaly patches
on my arms, legs, and trunk for several weeks.
My skin is scaling, especially on my scalp, elbows, and knees,

Psoriasis and the scaling is usually accompanied by burning or stinging
sensations.

Psoriasis I'm also having joint pain in my fingers, wrists, and knees. The

pain is throbbing and achy and gets worse with motion.

Drug My tongue also changes in taste and scent, leaving a metallic

Reaction aftertaste. Can have excruciating joint and muscle pain.
Dru | have headaches and migraines, and | have been having
Reagtion difficulties sleeping. I've been shaking and shivering all over.

Sometimes | become lightheaded.

Diseases of Dataset 1

Vol. 16, No. 5, 2025

descriptions, with larger words representing more prevalent
symptoms and smaller words representing less prevalent
symptoms. The word cloud is a good visual display of the
prevailing symptoms in the dataset, which identifies frequent
patterns in the symptom descriptions.

2) Dataset 2. The dataset used for this project is the
Disease Symptom Prediction?. The dataset has close to 5,000
entries, with each entry having a list of symptoms. Each entry
is tagged with one of forty-one possible diseases. The
symptoms are given in the same form as in the original file,
and a separate file gives data about the severity level of each
symptom from 1 to 7. Dataset 2 contains eighteen columns
and 4,920 rows. Table Il shows a sample data from this
dataset.
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Fig. 2. Distribution of different diseases in Dataset 1.

Fig. 2 shows the distribution of different diseases in Dataset
1. The diseases are identified on the x-axis, and the y-axis
indicates how many times each disease occurs in the dataset.
The graph provides an idea of how the data are distributed
across the various diseases, indicating how many times each
disease occurs.

Word Cloud of Symptoms dataset 1
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Fig. 3. Word cloud of symptoms in Dataset 1.

Fig. 3 is a word cloud representing the most prevalent
symptoms in Dataset 1. The size of each symptom word is
representative of its frequency of appearance in the symptom

TABLE Ill.  SAMPLE DATA FROM DATASET 2
Disease | Symptom_1 Symptom_2 Symptom_3 Symptom_4
Fungal . . .
. ] oL . nodal_skin_er | dischromic_pa
|nnfect|o itching skin_rash uptions tches
Migrai - F— blurred_and_d
ne acidity indigestion headache istorted_vision
Cervica
l back_pain weakness_in_ neck_pain
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infectio | skin rash nod_al_skln_er dischromic_p
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Fungal . . .
infectio | itching nod_al_skln_er dischromic_p
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Diseases of Dataset 2

Number of Disease
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Fig. 4. Distribution of different diseases in Dataset 2.

Fig. 4 is a bar chart showing the distribution of diseases in
Dataset 2. Diseases are on the x-axis and the frequency of each

2 https://www.kaggle.com/datasets/itachi9604/disease-symptom-
description-dataset

421|Page

www.ijacsa.thesai.org



https://www.kaggle.com/datasets/itachi9604/disease-symptom-description-dataset
https://www.kaggle.com/datasets/itachi9604/disease-symptom-description-dataset

(IJACSA) International Journal of Advanced Computer Science and Applications,

disease in the dataset on the y-axis. The plot provides an
overview of the distribution of data across diseases, showing
how frequently each disease occurs.

Word Cloud of Symptoms dataset 2
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Fig. 5. Word cloud of symptoms in Dataset 2.
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Fig. 5 is a word cloud that illustrates the most frequent
symptoms in Dataset 2. The words are scaled based on how
often they appear in the symptom descriptions, with more
common symptoms shown in larger words and less common
ones in smaller words.

B. Dataset Preprocessing

1) Background. In this study, two primary text
representation techniques (TF-IDF and Tokenizer) were
applied to compare their performance when used with both
deep learning and machine learning models.

a) TF-IDF:  Term  Frequency-Inverse  Document
Frequency is a technique of text vectorization that provides a
weight for each term for the improved representation of rare
words in a corpus and reducing the influence of common, non-
informative terms. This is helpful for the reason that irrelevant
features can confuse the learning algorithm and worsen the
performance. TF-IDF is obtained by multiplying TF with IDF.
TF is the occurrence ratio of term k to the number of unique
words n in the dataset, as indicated in Eq. (15) and Eqg. (16).
The IDF is the term frequency in all the documents, where Eq.
(15) and Eq. (16) are the number of documents in total and the
number of documents containing term k. So, common words
will have a low TF-IDF score and rare words will have a high
score.

TF = Ik (15)

n
1DF'=log2(é?t) (16)

b) Tokenizer: Tokenization converts text into sequences
of integer tokens, where each unique word is assigned a
unique index. This prepares the text for deep learning models
that require numerical input. For the tokenization approach,
we employed a word-level tokenizer followed by an
embedding layer as the first layer in each neural network
(LSTM, GRU, CNN-LSTM).

2) Dataset 1 preprocessing. For Dataset 1, NLP
preprocessing steps was applied including punctuation
removal, stop word removal, and lemmatization. After
preprocessing, both TF-IDF and Tokenizer were applied,
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allowing us to compare the models' performance using these
two text representation approaches.

3) Dataset 2 preprocessing. Dataset 2 presented a
challenge due to a large number of duplicated rows. To
address this, column shuffling and automatic word
replacement using WordNet synonyms was applied to enhance
variation. All symptom columns were merged into a single
text column. After resolving these issues, NLP preprocessing
(punctuation removal, stop word removal, and lemmatization)
was applied, followed by TF-IDF and Tokenizer to compare
their effectiveness in representing symptoms for prediction
tasks.

C. Hyperparameter Configuration

Model configurations were carefully optimized for each
text representation approach. For TF-IDF implementations, 10
to 20 training epochs with batch sizes of 16 to 32 were
employed, using the Adam optimizer throughout. Tokenizer-
based models required more extensive training, with 30 to 70
epochs and consistent batch sizes of 16. The Tokenizer
vocabulary was limited to 1,200 tokens for Dataset 1 and 5,000
for Dataset 2, with corresponding maximum sequence lengths
of 24 and 30 tokens respectively. All sequential models utilized
post-padding and included an out-of-vocabulary token
(<00v>) to handle unseen symptom descriptions. The
Hyperparameters for Dataset 1 and Dataset 2 are shown in
Table IV and Table V respectively.

TABLE IV.  HYPERPARAMETERS FOR DATASET 1 (1200 INSTANCES, 24
DISEASES)
Parameter TF-IDF Tokenizer
Epochs 20 70
Batch Size 16 16
Optimizer Adam Adam
Max Words — 1,200
Max Sequence Length — 24
OOV Token — <00V>
Padding — post
TABLE V. HYPERPARAMETERS FOR DATASET 2 (4920 INSTANCES, 41
DISEASES)
Parameter TF-IDF Tokenizer
Epochs 10 30
Batch Size 32 16
Optimizer Adam Adam
Max Words — 5,000
Max Sequence Length — 30
OOV Token — <O0V>
Padding — post

D. Performance Analysis
The results demonstrate distinct performance patterns

between text representation methods. TF-IDF consistently
achieved superior results with traditional models, as evidenced
by the Decision Tree's 99.8% accuracy on Dataset 2, compared
to just 69.0% with Tokenization. For deep learning
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architectures, the advantage of TF-IDF was less pronounced,
with  CNN-LSTM achieving 99.9% accuracy using
Tokenization on Dataset 2, suggesting that hybrid models can
effectively leverage sequential patterns in  symptom
descriptions. Dataset 1 revealed the scalability challenges of
Tokenization, where performance gaps between representation
methods widened for the Dataset 1 classification task. Notably,
the GRU model's accuracy dropped from 97.9% (TF-IDF) to
85.4% (Tokenizer) on this harder dataset. These findings
indicate that while Tokenization can achieve excellent results
with appropriate model architectures, TF-IDF remains more

Vol. 16, No. 5, 2025

robust for general applications, particularly when combining
multiple algorithm types or working with expanded disease
taxonomies. The superior performance of CNN-LSTM across
both datasets suggests that combining spatial feature extraction
with sequential processing may offer the most reliable
approach for clinical text classification tasks. The Performance
analysis on dataset land Dataset 2 is represented in Table VI
and Table VII respectively.

Fig. 6 and Fig. 7 visualize the comparison of performance
for Dataset 1 and Dataset 2, respectively.

TABLE VI.  PERFORMANCE ANALYSIS ON DATASET 1 (1200 INSTANCES, 24 DISEASES)
Model Text Rep. Accuracy Precision Recall F1-Score
LSTM TF-IDF 98.80% 98.90% 98.80% 98.70%
LSTM Tokenizer 95.00% 95.60% 95.00% 94.70%
GRU TF-IDF 97.90% 98.10% 97.90% 97.90%
GRU Tokenizer 85.40% 86.50% 85.40% 85.20%
CNN-LSTM Tokenizer 97.00% 97.00% 97.00% 97.00%
Decision Tree TF-IDF 81.70% 83.10% 81.70% 81.70%
Decision Tree Tokenizer 33.00% 32.00% 33.00% 32.00%
TABLE VII. PERFORMANCE ANALYSIS ON DATASET 2 (4920 INSTANCES, 41 DISEASES)
Model Text Rep. Accuracy Precision Recall F1-Score
LSTM TF-IDF 99.78% 99.81% 99.80% 99.80%
LSTM Tokenizer 94.40% 94.00% 92.20% 93.00%
GRU TF-IDF 97.85% 93.51% 94.78% 94.03%
GRU Tokenizer 99.60% 99.60% 99.60% 99.60%
CNN-LSTM Tokenizer 99.90% 99.90% 99.90% 99.90%
Decision Tree TF-IDF 99.80% 99.80% 99.80% 99.80%
Decision Tree Tokenizer 69.00% 70.00% 69.00% 69.00%
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Fig. 6. Dataset 1 performance comparison.
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Dataset 2 Performance Comparison
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Fig. 7. Dataset 2 performance comparison.
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E. Discussion

The experimental results demonstrate  significant
advancements in symptom-based disease classification when
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Fig. 9. Confusion matrix of Dataset 2 predicted by CNN-LSTM model.
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For Dataset 2 (4,920 instances, 41 diseases), our CNN-
LSTM  achieved 99.90%  accuracy,  surpassing  the
99.19% reported by Fuster-Pala et al. (2024) for their
optimized KNN and FNN models [8]. Notably, while their
study employed traditional machine learning methods (KNN,
SVM, RF) with severity-encoded symptoms, our approach
leveraged raw symptom text through advanced preprocessing
(WordNet-based synonym replacement and row shuffling to
address duplication artifacts), which may account for the
marginal but consistent performance improvement across all
metrics (F1-score: 99.80% vs. their 98%). Crucially, their work
did not address dataset duplication—a limitation explicitly
mitigated in our methodology, suggesting our results may
better reflect real-world generalization.

To ensure a fair and transparent performance assessment,
we selected baseline studies that used comparable encoding
techniques (TF-IDF, tokenization) and classifiers. Our
experiments directly compared the best-performing models
from these prior works against ours, as shown in Table VIII
and Fig. 10. Despite using simpler architectures, our models
either matched or exceeded the State-of-the-art results. This
demonstrates superior generalizability and suggests better real-
world applicability—especially given our use of unstructured
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symptom descriptions rather than severity-encoded categorical
inputs.

Table VIII represents a comparative analysis of disease
classification performance across our proposed methods (TF-
IDF and Tokenizer-based models) and prior works [8] [9].
Metrics include accuracy.

Fig. 10 shows accuracy comparison of disease
classification models. Our CNN-LSTM (Tokenizer) achieves
near-perfect performance (99.9%) on Dataset 2, outperforming
prior FNN [8] and our LSTM TF-IDF near BERT-based
approaches [9] with lower computational cost.

While many previous studies employed lightweight models
such as Decision Trees or Naive Bayes, our approach is
specifically tailored to process unstructured symptom
narratives, a format increasingly prevalent in modern
healthcare settings. Although CNN-LSTM introduces some
added complexity, it achieves 99.90% accuracy with
manageable training time and memory usage, without the
massive overhead of transformer-based models like BERT. To
further justify its efficiency, future work will include
benchmarking on throughput, memory footprint, and inference
latency across hardware setups to quantify deployment
feasibility.

TABLE VIII. COMPARATIVE ANALYSIS BETWEEN OUR RESEARCH AND OTHER STUDIES

Aspect Our Research Fuster-Pala et al. (2024) [8] Hassan et al. (2024) [9]
Dataset BZ:Z:: ; Dataset 2 Dataset 1
Algorithms $g-kleDn::zeer-|r_S|:|§|\-/|rMGRGS %NN-LSTM. KNN, SVM, RF, FNN. MCN-BERT+AdamP (transformer-based).
Best Model BZEZEZ: ; IC_Z?\R{ILEFR/IID(R)I:eiigzlg:;ofgcs;fgi/coyéccuracy. FNN — 99.19% accuracy. MCN-BERT - 99.58% accuracy.
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Fig. 10. Accuracy comparison between our research and other studies.

425|Page

www.ijacsa.thesai.org




(IJACSA) International Journal of Advanced Computer Science and Applications,

V. CONCLUSION

This project demonstrates the effectiveness of integrating
Natural Language Processing (NLP) with deep learning models
for disease prediction based on natural language symptom
descriptions. By comparing TF-IDF and tokenization
approaches across both traditional ML (Decision Tree) and DL
models (LSTM, GRU, CNN-LSTM), the strengths of each
technique depending on the model type are identified. Our
results show that TF-IDF performs better with traditional
classifiers, while tokenization combined with CNN-LSTM
achieves the highest accuracy (99.90%) on a 41-disease
dataset, highlighting the value of sequential pattern
recognition. These findings underscore the potential of NLP-
based models to improve early diagnosis and enable remote
healthcare services, especially in settings lacking structured
clinical data. Moreover, our models achieve competitive
accuracy while remaining computationally efficient relative to
transformer-based approaches, making them promising
candidates for practical deployment. Future work will include
benchmarking inference speed and resource usage to further
validate deployment feasibility.
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