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Abstract: The development of Al technology has had a great effect on contemporary healthcare services. Some of the most
remarkable advancements have been in technologies such as clinical decision support, telemedicine, and automated patient
sorting. Intelligent healthcare conversational systems have become valuable resources that can provide patients with
preliminary medical consultations. Intelligent systems can analyze patient-reported symptoms and predict disease.
Nevertheless, many existing systems employ rule-based logical approaches or simplistic binary coding to represent symptoms.
This restricts their ability to consider symptom context and work with diverse medical datasets. Besides, medical datasets often
exhibit an imbalanced class distribution, with commonly diagnosed diseases dominating rare conditions. This study proposes
an approach to building intelligent, symptom-based conversational healthcare models for disease prediction. The process
encompasses symptom normalization, duplication elimination, and schema alignment. This helps enhance generalization across
various disease patterns. To enhance symptom representation, researchers perform TF-IDF vectorization. Symptom
descriptions are mapped into numeric vectors through this method. Feature space dimensionality is then reduced with the
application of Chi-Square statistical feature selection. To correct the imbalance, researchers produce synthetic data via SMOTE.
Researchers will train Deep Neural Networks and gradient-boosting classifiers on the optimized feature space. Soft voting
ensembles will combine model predictions. Improves forecast accuracy and stability. Our experiments demonstrate the strong
predictive performance and efficiency of our framework.
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1. Introduction

Through its impact on modern medical systems, Artificial Intelligence (Al) revolutionizes modern medicine. It has made
significant progress in processing medical data, thereby positively impacting treatment methods. In terms of technological
advancements and large medical datasets, Al currently provides essential assistance in many fields, including diagnostics and
patient monitoring [12]. A need for manual patient record analysis is characteristic of conventional medical systems. This can
be quite time-consuming and subject to human mistakes. To avoid these problems, artificial intelligence is a useful tool that
automates data processing and prediction [14]. One important application of Al in medicine includes the development of clinical
decision support systems (CDSS) [15]. These decision support systems assist medical practitioners in analyzing large volumes
of medical data and providing suggestions to improve clinical decisions. Machine learning algorithms incorporated into CDSS
aid in analyzing patient symptoms, medical history, laboratory test results, and other types of clinical data. The CDSS may
analyze a patient’s disease patterns and provide probable diagnoses [16]. By employing sophisticated computing techniques,
CDSS has demonstrated its potential to identify underlying connections in medical data. CDSS holds immense potential to
improve diagnostic accuracy, reduce medical errors, and ultimately enhance the quality of medical care. In addition, it decreases
the burden on medical professionals by automating routine tasks, enabling doctors to focus on their patients [17].

Moreover, the growing use of digital healthcare systems and telemedicine has led to increased incorporation of Al technologies.
Telemedicine is highly significant in today’s world and has enabled consultations without requiring patients to be present at
the hospital [18]. To help telemedicine systems function effectively, Al systems that automatically triage patients and provide
health information are essential. Digital healthcare technologies can provide services to many people without compromising
efficiency [19]. Moreover, digital healthcare systems have enabled the monitoring of patient health status using wearables and
remote sensors. These systems generate huge amounts of health data that can be analyzed using Al algorithms [20]. Al
technology has not only assisted healthcare providers but also enabled the creation of conversational healthcare agents and
medical chatbots that provide initial medical services. Patients can discuss their symptoms in natural language via an online
application or a chat app on their phones. After processing the user’s symptoms, the chatbot generates its own responses. This
response might include possible disease predictions or health advice to the patient. Chatbots are extremely helpful tools for
providing immediate health information when doctors or other health experts are not readily available.

Symptom analysis chatbots have proven effective for enhancing health care access by enabling quick diagnosis and guiding
patients to relevant sources. Patients with minor symptoms often do not seek hospital care due to time constraints and costs. In
this case, chatbots powered by artificial intelligence can provide information to help people determine whether they need
medical help. These tools have also been highly regarded for helping individuals in remote locations, especially in accessing
health care centers and professionals. Recent innovations in ML and NLP technologies have enhanced the functionalities of
intelligent healthcare systems. ML algorithms can process vast amounts of medical data, including relationships between
symptoms and diseases, clinical notes, and diagnostic results. Based on prior medical data, ML algorithms can develop
predictive models that facilitate early disease detection and risk assessment. For instance, ML algorithms can analyze symptom
sets to estimate the likelihood of specific diseases, enabling healthcare professionals to identify health risks. Early detection of
diseases, such as infections, chronic ailments, and emergencies, is especially important, as timely treatment is likely to improve
patient outcomes.

This allows such systems to analyze and interpret human languages more effectively. Patients often express their symptoms in
less formal terms, which can confuse traditional rule-based systems. However, thanks to NLP, it is possible to analyze such
natural-language descriptions and extract essential medical information, structuring it for use in machine learning algorithms.
The above-mentioned approach enables healthcare conversation agents to communicate effectively with users and provide
appropriate responses to the symptoms they describe. One more example of Al applications in healthcare concerns the
development of intelligent triage systems that classify patients by condition severity. It is especially crucial in emergency
departments where patient triage is essential to provide urgent care when necessary. An Al triage system can identify patients
who require prompt treatment based on their symptoms and clinical markers. As a result, such systems make it easier to
prioritize patients and decrease the pressure in emergency departments. Still, several issues prevent today’s symptom-based
disease prediction systems from working efficiently. The first problem concerns the diversity of medical datasets. Healthcare
data is usually heterogeneous and originates from various sources using distinct terminologies and formats of information
storage and transmission. Processing such diversity to construct a consistent model requires properly preparing raw datasets
for machine learning.

Next, many medical datasets exhibit an imbalance, with certain diseases occurring much more frequently than others. This
problem may make it difficult for machine learning algorithms to detect rare diseases, despite their high clinical importance.
Besides, some existing systems heavily rely on narrow databases or primitive machine learning models. Inaccurate predictions
may undermine healthcare providers’ trust in the system. Privacy and ethical considerations should also be taken into account
when handling medical data, as all patients need to maintain the confidentiality of their personal information. To address these
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problems, it is necessary to design sophisticated Al-driven healthcare frameworks that leverage efficient methods for dataset
integration, feature engineering, and model development. In this respect, modern healthcare systems require the application of
ensemble machine learning techniques, advanced feature selection, and intelligent conversational interfaces. By integrating the
above elements into the architecture, the benefits include improved disease prediction accuracy and scalability. With continued
advances in Al research, there will be no choice but for artificial intelligence to become more common in the healthcare
industry.

1.1. Problem Statement

Most present-day disease prediction models apply rule-based and simple binary encoding techniques. This approach does not
account for the context and prevalence of symptoms associated with various diseases, thereby adversely affecting diagnostic
performance. Based on the available literature, it is evident that machine learning techniques used in healthcare applications
often face challenges with feature representation and class imbalance, leading to overestimation of the prevalence of more
common diseases. Further, deep learning models require large numbers of annotations for datasets and substantial computing
resources due to their complex nature. Deep neural networks achieve high predictive accuracy, but their complexity hinders
their use in real-world applications. Also, data sets used in healthcare applications often suffer from class imbalance, with some
diseases being more common than others. Such data imbalance can force machine learning algorithms to prefer frequent
diseases over infrequent ones. These challenges indicate the need to build an effective machine learning model capable of
predicting disease from symptoms with minimal computational cost.

1.2. Motivation

The current research focuses on building an intelligent conversational healthcare system capable of providing efficient and
scalable disease predictions based on symptoms. Many people search for basic information about their health problems online
before consulting a doctor; however, the results from existing solutions lack consistency and generality. A properly designed
Al-enabled disease prediction system will support patient triage, enhance patient awareness of diseases, and reduce the burden
on healthcare institutions. To accomplish this task, improvements in symptom representation, datasets, and the consistency and
accuracy of the prediction model should be achieved. With appropriate feature engineering and ensemble machine learning
models, it is possible to develop a reliable predictive model.

1.3. Objectives
The goals of this research are:

e Todevelop an intelligent symptom-based disease prediction framework using integrated medical datasets.

e To create an effective feature engineering process that improves symptom representation and predictive performance.

e To implement a scalable ensemble learning architecture that delivers reliable predictions in real-time healthcare
conversational systems.

1.4. Scope of the Project

The proposed Al system will be designed to predict a potential disease condition based on a patient’s reported symptoms. This
system is expected to support clinical decisions but not substitute professional diagnoses. The framework will use multiple
medical databases and advanced machine learning algorithms. The project scope will cover data integration, feature extraction,
handling class imbalance, model training, and prediction ensembling. The system will operate through a conversational user
interface, allowing patients to enter their symptoms and receive predictions along with preventive tips. Studies have shown that
conversational Al systems significantly improve healthcare service delivery and patient interactions. Predictive performance
will be evaluated using a retrospective database analysis approach. Clinical trials, the regulatory approval process, and
hospitalization are beyond the scope of the current project and will be addressed in future studies.

2. Literature Review

Mathur et al. [1] investigated symptom analysis chatbots for early-stage disease diagnosis. In their research, the authors focused
on the ability of conversational healthcare systems to assess users’ symptoms and make diagnostic suggestions based on their
information. Thus, it is stated that symptom-analysis chatbots may help provide medical guidance and raise users’ awareness
of health risks before visiting a doctor [5]. At the same time, the paper under discussion highlights some challenges related to
symptom interpretation accuracy and dataset diversity in existing systems. Grassini et al. [2] conducted a literature review of
inclusive healthcare chatbot systems. The authors pay much attention to the role of Al technologies in improving healthcare
access for various populations. In particular, the paper under discussion demonstrates that the capabilities of multilingual
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conversational agents, their contextual awareness, and their adaptive learning have a significant impact on the effectiveness of
healthcare chatbots. Ouanes and Farhah [3] studied the productivity of artificial intelligence in clinical decision support systems.
As part of their research, the authors explored how machine learning techniques assist clinicians in diagnosing illnesses and
searching for treatment options using medical databases. The findings of this paper suggest that decision support systems
powered by Al can improve diagnostic precision and reduce doctors’ workload. In turn, Singh et al. [4] explored the use of
chatbots in healthcare, specifically Al-powered conversational agents. According to the authors, conversational technologies
may help healthcare providers to deliver continuous medical assistance by analyzing users’ symptoms, responding to their
medical queries, and directing them to appropriate medical services.

Finally, Sharma [5] considered the effects of artificial intelligence, robotics, and NLP on modern telemedicine systems. It was
revealed that healthcare technologies enable remote medical consultations and monitoring, digital diagnoses, and automated
symptom analysis. Consequently, telemedicine systems powered by Al can be highly promising in remote settings. Fahim et
al. [6] reviewed the applications of Al technologies in healthcare and the associated ethics. The researchers identified major
challenges faced by such technologies, including dataset biases, transparency of machine learning models, and fairness, to
ensure reliable healthcare predictions. The researchers highlighted the importance of designing machine learning models that
are understandable, support decision-making in healthcare, and minimize bias. In Hazhir et al. [7], the development of
conversational agents for vulnerable groups through chatbot systems was discussed. The paper concluded that chatbot
technologies could make access to healthcare services easier by providing instant medical consultations to the patient. Thus,
the importance of applying Al technologies in the digital transformation of healthcare services was highlighted. Abdelwahed
et al. [8] examined patients’ attitudes toward the use of Al chatbots as an assistance tool for healthcare service provision.
Conducting surveys among participants, it became apparent that the level of interaction with Al-assisted healthcare services
increases when patients are provided with credible, reliable medical information.

Therefore, the paper emphasized that patients expect transparency and reliability from chatbots. Lal and Neduncheliyan [9]
studied the application of deep learning techniques to conversational healthcare agents. The researchers analyzed how well
different neural networks could help conversational agents understand and interpret medical symptoms and provide patients
with the right advice. According to the authors, while deep learning approaches could identify intricate connections among
medical symptoms, they often required large amounts of training data. Ahsan et al. [10] analyzed diagnostic tools for diseases
designed using machine learning approaches. The authors examined the effectiveness of decision tree and support vector
machine techniques in predicting disease states. As a result, it was shown that applying multiple machine learning techniques
could yield greater benefits than using a single technique. The IEEE Computer Society [11] discussed the role of Al techniques
in medical diagnosis, monitoring, and decision-making. In the article, the authors emphasized the growing use of Al
technologies in healthcare. They outlined several factors responsible for the adoption of Al in healthcare service provision.
Christopoulou [13] provided an analysis of machine learning applications in telehealthcare and smart healthcare systems. The
researchers demonstrated that machine learning can significantly improve patient monitoring by analyzing large datasets and
predicting the onset of certain diseases.

3. Proposed Methodology

The proposed approach is to design a multi-module machine learning technique to predict disease based on patient-reported
symptoms, leveraging medical databases. It should help create intelligent healthcare conversation systems that rapidly and
efficiently analyze patients’ symptoms and predict possible diseases. The proposed framework comprises the following
components: dataset integration, data preprocessing, feature engineering, addressing class imbalance, model training, ensemble
prediction, and real-time inference. Each of the above-mentioned modules can be considered a basis for improving the
performance of the prediction system. The first module involves merging multiple symptom—disease databases into a single
dataset for analysis. It is done because healthcare databases are typically diverse, with their elements collected from multiple
sources, and each record has a specific format and schema. To ensure the dataset’s elements can be generalized and used for
training machine learning models, it is necessary to normalize the schema and labels.

In addition to this step, it is necessary to apply procedures to clean and standardize the dataset. Data normalization techniques
can be used to convert symptoms to lowercase and remove punctuation. Additionally, any duplicates should be removed from
the dataset to reduce noise for machine learning algorithms. To represent textual symptoms as feature vectors suitable for
machine learning, the framework will employ feature engineering techniques. TF-IDF vectorization can measure the
importance of each symptom in the dataset. Further, various methods of attribute elimination are applied to the features. To
address the class imbalance in the medical dataset, the proposed model uses the Synthetic Minority Oversampling Technique
(SMOTE). Multiple predictive models are trained to increase their precision and reduce the risk of false negatives. Then, the
output predictions are collected and used in the framework’s ensemble prediction phase.
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3.1. System Architecture

The proposed disease prediction system uses a one-step, optimized architecture in which a machine learning algorithm
processes patient symptom data to predict diseases. The design comprises several stages: user interface, data preprocessing,
feature extraction, model training, voting, and predictions. Each of these stages transforms input data into an appropriate
structure required for disease prediction (Figure 1).

Single-Stage Optimized Disease Prediction Architecture

Figure 1: System architecture

First, symptoms enter the process through the User Interface layer, where users provide their symptoms via an application built
on either the Flask or Streamlit platform. This layer involves entering symptoms, which serve as the raw data for the second
layer. This layer involves interaction and provides access to patients” symptom information required in disease prediction. The
processed data then moves to the next level via the Data Preprocessing layer, where text normalization and cleaning are
performed. In this regard, data pre-processing converts symptoms provided as text to lowercase and removes punctuation. Texts
accurately pre-processed are then passed to the Feature Extraction module, where TF-IDF vectorization and Chi-Square
Selection occur. The feature extraction layer converts the provided symptoms into numerical vectors using TF-IDF
vectorization and Chi-Square selection for dimensionality reduction. Features obtained from the previous process are used to
develop the Machine Learning Models, during which operations such as balancing and resampling using the SMOTE technique
are performed. In this regard, deep neural networks (DNN), extreme gradient boosting (XGBoost), and light gradient boosting
machine (LightGBM) are among the models used. Ultimately, predictions from the machine learning models are combined
using a Soft VVoting Ensemble, yielding a single prediction for each disease. Finally, the system generates an output consisting
of predicted disease and health precautions.

3.2. Data Preprocessing

The figure above illustrates the process by which medical data is preprocessed for use in machine learning for disease
prediction. The process begins with an integrated dataset containing 16,532 entries. The data set consists of the patient’s
symptoms and diseases. During the first stage, the dataset is divided into two parallel processes. One stream involves cleansing
of symptoms through normalization, removal of extraneous symbols, and uniform symptom naming. Meanwhile, the other
process involves encoding diseases into numeric labels, thus making them learnable for machine learning models. As a result,
55 disease classes remain after this preprocessing step. The second stage of preprocessing includes applying TF-IDF
vectorization to the cleansed symptom data. TF-IDF vectorization involves converting a text description of symptoms into a
numeric representation using the Term Frequency-Inverse Document Frequency (TF-IDF) y algorithm. 50 numeric features are
generated in this way. Two additional preprocessing steps are performed immediately after feature extraction. Firstly,
StandardScaler normalization ensures that feature values fall within the same range. This makes it easier for most machine
learning models to work with the data. Secondly, outliers are found and handled. The last step before applying the SMOTE
algorithm is to split the data into a training and test set (80% train, 20% test). These datasets are used for training and models.
As an output from this preprocessing stage, preprocessed data are obtained (Figure 2).
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Data Preprocessing Pipeline

Raw Integrated Dataset
{16,532 records)

Label Encoding

Text Preprocessing
{55 Diseases)

(Symptom Cleaning)

TF-IDF Vectorization
(50 Features)

Feature Pipeline:

Preprocessing Stats:

» Input Records: 16,532 [ Text Cleaning
* Output Features: 58 (TF-IDF) [] Tokenization
* Classes: 55 diseases [ TF-IDF Transform
« Scaling: StandardScaler Normalization
= Balancing: SMOTE [ Outlier Handling
* Train/Test: 80/20 StandardScaler Handle Outliers [J Class Balancing
. nnft'l.gnrs: Handled (Normalize Features) (Remove/Cap) [] Train/Test Split
* Missing: Imputed

SMOTE: Class Balancing
(Handle Imbalanced Data)

Training Set Testing Set
(80%) (20%)

Preprocessed Data
(Ready for Model)

Figure 2: Data preprocessing

3.3. Data Integration

Table 1 describes the datasets used to train the disease prediction system. The combination of several symptom-disease data
sets from various sources increases the chances of getting reliable training data. The number of entries, diseases, and

symptoms varies across the datasets used.

Table 1: Dataset description

Dataset Source Records Disease Classes Features
Symptom-Disease Dataset A 4,920 41 132
Symptom-Disease Dataset B 3,200 36 118
Symptom-Disease Dataset C 1,980 34 95
Symptom-Disease Dataset D 1,150 28 85
Combined Dataset ~11,250 40+ ~500 raw symptoms

Dataset A, for instance, contains 4,920 records for 41 diseases, and other datasets contribute new sets of symptoms-disease data
with varying numbers of attributes. Once all data sets have been merged, the final set comprises more than 11,250 records
covering more than 40 diseases and roughly 500 symptom attributes. Figure 3 below shows the data integration pipeline used
to combine multiple datasets into a single dataset for disease prediction. Initially, there are several datasets, including Dataset
1, 2, 3, 4, and the health dataset. All these datasets are stored in CSV file format and contain symptom and disease data. During
loading, the system loads all CSV files containing different datasets into the processing unit. During this phase, data from all
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datasets is extracted from their respective files. Next, the name columns are standardized to ensure that attributes with the same
features across datasets have the same name. Data formatting and data type are used to ensure data quality, with the system
checking whether the data structure and data types are uniform. Numerical data fields contain actual figures, while categorical
data contains valid category labels.

Data Integration Pipeline

Dataset 1 Dataset 3 Dataset 4 Health,
(Csv) (csv) (csv) (CSV)

Load & Parse Validate Data
CSV Files Formats

Standardize Ensure Data
Column Names Types

Merge & Consolidate
All Datasets

Remove
Duplicates

Handle Missing
Values

Data Quality
Validation

Integrated Dataset
(Combined CSV)

Figure 3: Data integration

After verification, the datasets are merged into a single set. This helps increase data diversity, thereby improving a model’s
generalization. Once datasets have been merged, the system eliminates duplicate rows. Next, the data cleaning process is
conducted, during which missing values are either imputed or removed. Finally, a data quality check is performed to ensure the
integrity of the integrated dataset. The output of the whole data integration process includes an integrated dataset comprising
16,532 records across 55 disease classes, stored in a single CSV file.

3.4. Training Pipeline Architecture

The diagram shows the Deep Neural Network (DNN) training pipeline used to build and deploy the disease prediction model
(Figure 4). This pipeline includes the steps involved in preparing data, training the neural network, evaluating its performance,
and deploying the final model. Firstly, researchers load and prepare data. This means loading the previously processed dataset
with structured symptom features. The second stage involves scaling and normalizing the feature values to put all input features
on the same scale, thereby improving neural network training stability and convergence. The following stage is class balancing
using the Synthetic Minority Oversampling Technique (SMOTE). It helps generate new samples for minority classes to
minimize dataset imbalance. After balancing, a specific DNN architecture is defined, specifying the number of layers, neurons,
and activation functions. At the next stage, the neural network is trained for 200 epochs to learn complex interdependencies
between symptoms and disease. At this stage, the neural network model’s hyperparameters are optimized through learning rate,
batch size, and model configuration tuning. When the training process is complete, the system performs model validation and
testing on unseen data and evaluates performance using metrics such as accuracy, F1-score, and loss. Finally, the system
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produces a report on the model’s performance, including the corresponding metrics. If these metrics meet the required
standards, the model is deployed for backend integration.

1. Data Loading & Preparation

2. Feature Scaling & Normalization

3. Class Balancing (SMOTE)

4. DNN Architecture Design

5. Model Training (200 epochs)

6. Hyperparameter Optimization

7. Model Validation & Testing

8. Performance Evaluation

9. Generate Report & Metrics

10. Model Deployment

FINAL METRICS:
7 Accuracy: 92% | Fl-Score: 91% | Loss: 0.23
v Status: Production Ready | Next: Deploy to Backend

TRAINING COMPLETE

Figure 4: Training pipeline
3.5. Feature Engineering

Feature engineering is required to improve the predictive ability of machine learning models applied in the healthcare industry.
TF-IDF weighting helps transform data from various sources on symptoms into a numerical form:

TF-IDF(t,d) = TF(t,d) x IDF(t) (1)
Term Frequency (TF): TF(t,d) = f(t,d) / X _k f(k,d) 2
Where f(t,d) represents the frequency of symptom t in document d:

Inverse Document Frequency (IDF): IDF(t) = log(N / n_t) (3)
Where N = total number of patient records and n_t = number of records containing symptom t:

Chi-Square Feature Selection: y>=% ((O — E)?/E) 4)

Where y2 — Chi-Square statistic measuring the dependence between a feature and the target class, O — Observed frequency of
the feature, E — Expected frequency assuming no association (Table 2).
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Table 2: Feature reduction stages

Stage Number of Features
Raw Symptom Features ~500
TF-IDF Features 200
Chi-Square Selected 120

The Table illustrates the feature reduction process for optimizing the symptom dataset. At first, the combined database contains
approximately 500 raw symptom features extracted from various datasets. These raw features include a variety of redundant or
less informative symptoms. To transform the symptom text into a numerical format, TF-IDF vectorization is used. After TF-
IDF vectorization, the total number of features is reduced to 200 important, weighted features. Finally, the Chi-Square feature
selection technique is applied to reduce the dimensions by using the selected features. In other words, the technique considers
the most significant features associated with the disease categories. The overall feature count remains 120 after applying the
Chi-Square feature selection technique (Table 3).

Table 3: Model parameters

Model Parameter Feature
TF-IDF Max Features 200
TF-IDF N-gram Range (1,2)
Chi-Square Selected Features 120
SMOTE k_neighbors 3
Deep Neural Network Hidden Layers (64,32)
Deep Neural Network Activation RelLU
Deep Neural Network Optimizer Adam
Deep Neural Network Epochs 50
XGBoost n_estimators 50
XGBoost max_depth 5
XGBoost learning_rate 0.15
LightGBM n_estimators 50
LightGBM max_depth 5
LightGBM learning_rate 0.15
Ensemble Voting Strategy Soft Voting

Here is a brief description of the settings used for disease prediction: handling symptoms, balancing the dataset, and training
models. First, the disease predictor uses the TF-IDF vectorizer to transform symptoms into numerical values. The algorithm
retrieves up to 200 features by analyzing one- and two-token combinations (n-gram range = (1,2)). Afterward, the selected
features undergo a Chi-Square test, and the 120 best ones are chosen. Thus, the predictor filters out irrelevant information and
concentrates on the most useful features. To address class imbalance, the framework applies SMOTE to generate new samples
from the least-represented classes. For instance, the number of nearest neighbors is 3. The approach itself is quite
straightforward: give all models an equal opportunity to learn all available diseases, rather than just the more frequent ones.
The first model used here is a Deep Neural Network (DNN) with 64 and 32 neurons in its two hidden layers, using ReLU
activation functions and Adam optimization for 50 epochs. In addition to the DNN, researchers also have XGBoost and
LightGBM models designed with 50 estimators, a max depth of 5, and a learning rate of 0.15. Finally, all these models are used
to generate predictions, which are then combined by the proposed framework using the Soft Voting ensembling method. This
technique leverages averaging probability estimates to produce reliable predictions across different diseases.

3.6. Handling Class Imbalance

In many cases, medical datasets exhibit substantial variance in the form of a majority-minority diseased case distribution.
Commonly occurring diseases make up the majority of the training data set, whereas the minority class consists of less prevalent
diseases. A common solution to address class imbalance is the Synthetic Minority Over-sampling Technique, which generates
artificial data points for minority classes. Artificial samples are created by interpolating between real data points from the
minority class (Figure 5).
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Figure 5: Class imbalance handling

The diagram shows the impact of applying SMOTE (Synthetic Minority Oversampling Technique) on the dataset used to train
the Deep Neural Network. On the left side of the diagram, the dataset is shown before SMOTE is applied. As shown in the
diagram, the number of samples in each disease class is highly imbalanced. In some categories, the number of samples is very
high, over 3000, while in other groups, it is very low, between 120 and 200. This may impact the model’s performance, leading
it to be biased toward certain classes and to underperform in predicting others. The right side of the diagram shows the dataset
after applying SMOTE. As shown in the diagram, each class is perfectly balanced after applying SMOTE. This is because, in
SMOTE, new samples are generated for the minority classes. Balancing the dataset ensures the model can learn from all disease
categories. This enhances the fairness and robustness of the Deep Neural Network in predicting diseases, especially rare ones
with fewer samples in the dataset.

4. Results and Discussion

This section discusses the experimental results of the proposed intelligent healthcare disease prediction framework. The
performance of the proposed intelligent healthcare disease prediction framework is evaluated at various stages. Experiments
are conducted using various machine learning models, including DNN, XGBoost, and LightGBM. Evaluation parameters used
are accuracy, precision, recall, F1-score, and AUC-ROC. Also, ensemble learning and error analysis are conducted in the
proposed intelligent healthcare disease prediction framework. Further, the results of each stage of the proposed intelligent
healthcare disease prediction framework are discussed in the following subsections.

4.1. dataset Statistics and Data Quality Analysis

Understanding the dataset’s statistics is crucial to ensuring the correctness and efficiency of the proposed disease prediction
system. This section focuses on the dataset’s statistics after preprocessing. The types of statistics considered are the distribution
of the data, the quality of the data, and the statistics of features. These statistics are utilized to verify if the data is clean and
suitable for training. As illustrated in Figure 6, the data analysis after data preprocessing is shown. The dataset includes 16,532
patient records and 55 disease types. By implementing the TF-IDF feature extraction technique, the total number of features
available to machine learning algorithms is 50. Data integrity checks indicate there is no missing or duplicated data in this
dataset. Moreover, the StandardScaler was used for feature scaling. All the features are in the same range due to the application
of the mentioned technique. The disease distribution chart shows the frequencies of diseases such as fever, cough, and cold.
For the TF-IDF feature statistics, the distribution is stable, with values ranging from 0.001 to 0.999. Thus, it can be concluded
that the features adequately reflect the importance of symptoms. Data quality assessment: 100%.
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DATASET OVERVIEW (Post-Preprocessing} DATA CONSISTENCY CHECK
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Figure 6: Data statistics after preprocessing
4.2. Feature Reduction and Importance Analysis

Feature engineering is an important way to improve model efficiency by removing redundant features and retaining only the
most important ones. This subsection examines the impact of feature reduction techniques used during preprocessing.
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Figure 7: Feature reduction results
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As shown in Figure 7, the feature reduction process for optimizing the symptom dataset starts with an integrated dataset
comprising 287 raw symptom features derived from various datasets. After applying text-cleaning and normalization
techniques, the raw features are reduced to 156. Selecting the most relevant symptoms results in a reduced set of 98 features.
Finally, the TF-IDF transformation yields a set of 50 optimized features used in model development. The feature reduction
process results in a 82.6% reduction in dimensionality. As shown in the feature importance graph in Figure 9, the most impactful
symptoms for predicting disease are clearly illustrated. The cumulative variance plot indicates that the selected features capture
more than 95% of the dataset’s variance. Hence, the feature reduction process does not compromise the quality of the features.

4.3. Smote Class Balancing Results

It is also common for medical datasets to exhibit class imbalance, where some diseases may have many training samples, while
others have very few. This may introduce bias in the model, leading some classes to be predicted more accurately than others.
Therefore, class balancing is required for fair learning. As shown in Figure 8, the effect of applying the Synthetic Minority
Oversampling Technique (SMOTE) to the dataset is clearly visible. On the left side of the figure, the dataset’s class distribution
is unbalanced, with an approximately 5:1 imbalance between the majority and minority disease classes. After applying the
SMOTE algorithm to the dataset, new samples are generated using the nearest-neighbor method. The classes in the dataset are
now perfectly balanced, with approximately 500 samples per class. The total number of samples in the dataset increases from
approximately 16,532 to 27,500 after class-balancing.
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Figure 8: SMOTE class balancing
4.4. Model Performance Comparison

Evaluating the performance of several machine learning algorithms is required to identify the most effective algorithm for
disease prediction. This subsection compares the predictive capabilities of various machine learning algorithms, including Deep
Neural Networks, XGBoost, and LightGBM, using multiple evaluation metrics. Figure 9 illustrates the comparative
performance of these three algorithms across various metrics, including accuracy, precision, recall, F1-score, and AUC-ROC.
From the graph, it is observed that the LightGBM algorithm performs better, achieving 94.8% accuracy, 94.5% precision,
95.1% recall, and 94.8% F1-score. The XGBoost algorithm has comparable performance with an accuracy of 94.5%. The Deep
Neural Network algorithm has an accuracy of 92.1%. In terms of computational efficiency, the XGBoost algorithm trains faster
than the DNN algorithm. The training time for the DNN algorithm is 245 seconds, whereas the training time for the XGBoost
algorithm is 18 seconds, and for the LightGBM algorithm is 12 seconds.
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Figure 9: Model performance comparison
4.5. Ensemble Learning Performance

However, if several models are used, performance may improve further. Ensemble learning is a technique that integrates several
models to improve prediction stability and accuracy.
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Figure 10: Ensemble performance analysis
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Figure 10 compares the performance of individual models and ensemble learning techniques. As illustrated in the figure, the
voting ensemble technique integrates several models and achieves 96.2% accuracy, outperforming the best-performing model
by 1.4%. The stacking ensemble technique performs better, achieving an accuracy of 97.1%. As illustrated in the figure, the
ensemble models perform well in all metrics, including precision, recall, F1 score, and AUC-ROC. The results show that
ensemble learning techniques fully leverage the models and achieve stable predictions.

4.6. Error Analysis and Model Reliability

By analyzing the prediction error, it is possible to identify the possible weaknesses in the system. This subsection discusses the
types of prediction errors generated by the prediction system. It also discusses evaluating the confidence levels of predictions.
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Figure 11: Error analysis and confusion patterns

Figure 11 depicts the ensemble model’s prediction error distribution and confidence levels. From the error rate comparison
chart, it is clear that the proposed ensemble model has the lowest error rate of 2.9%, significantly lower than the DNN model
(7.9%) and other individual models. The error distribution chart shows that the prediction system generates 35% false positives.
In contrast, the system generates 28% false negative errors. There are a few prediction errors due to overlapping symptoms
among the diseases. The proposed prediction system is reliable because its accuracy increases with confidence. From the
prediction accuracy chart, it is clear that the prediction system is 97% accurate when the prediction confidence is between 80%
and 100%.

5. Conclusion
The research proposed a multi-stage intelligent healthcare system for disease prediction. The proposed system enhances
symptom-based disease diagnosis using machine learning and ensemble techniques. The proposed system combines multiple

medical datasets. It uses a series of preprocessing techniques to maintain data consistency and quality. The proposed system
converts raw symptom data into a meaningful numerical format using techniques such as text normalization, feature extraction,
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and feature selection. Feature engineering and dimensionality reduction are crucial to the analysis in this study. The presented
model implements TF-IDF vectorization and Chi-Square feature selection to reduce redundancy. Moreover, the developed
structure applies the SMOTE technique to address class imbalance. The proposed model accounts for the presence of various
diseases in the dataset. Researchers tested three predictive algorithms, including Deep Neural Networks, XGBoost, and
LightGBM, to identify the most effective algorithm for predicting diseases. After the tests, it became evident that LightGBM
demonstrated superior accuracy and precision. Researchers used ensemble learning algorithms to improve the accuracy and
confidence of disease predictions. Ensemble methods have demonstrated high performance by significantly reducing variance
and increasing accuracy. From the experiments described above, it is possible to conclude that the presented architecture
provides an extremely efficient and scalable method for disease prediction, which would be convenient to use for healthcare
conversational agents. Therefore, researchers could use the offered method for preliminary medical diagnostics due to its
effectiveness. Researchers propose improving the model by applying advanced natural language processing techniques and
adding more diseases to the dataset.

6.1. Future Work

Although the intelligent healthcare disease prediction framework proposed in this study has shown promising results and
reliability, there are areas for improvement in future research. For example, advanced Natural Language Processing (NLP)
methods can be integrated into the intelligent healthcare disease prediction framework. This can help understand and analyze
patient symptoms described in natural language. Another improvement that can be made in future research is the integration of
more medical data from various geographic areas. This can help improve the generalization capability of the intelligent
healthcare disease prediction framework. This is because future research can integrate more medical data into the intelligent
healthcare disease prediction framework. This can help improve the generalization capability of the intelligent healthcare
disease prediction framework. Future research can also be conducted to improve the intelligent healthcare disease prediction
framework by integrating advanced deep learning models, including attention-based neural networks and hybrid neural
network-gradient boosting models. Moreover, incorporating additional real-time patient data sources, such as wearable health
devices and electronic health records, could improve the accuracy of predictive results. The system can be extended to include
additional modules, such as multi-disease prediction, severity prediction, and treatment recommendation. Just as crucial,
however, is the assertion that applying this model in real-world healthcare systems cannot be avoided, as it will constitute proof
of its applicability and reliability.
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