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ABSTRACT 

This study presents a healthcare chatbot framework that integrates machine learning and natural language 
processing (NLP) to improve disease prediction and post-surgery care. Free-text symptom inputs are 
transformed into structured features, and a Random Forest Classifier predicts diseases with confidence 
scores—an innovative element distinguishing this model from prior work. The chatbot dynamically interacts 
with patients, incorporating age, gender, medical history, and lifestyle habits to enhance personalization. 
Beyond diagnosis, it supports post-surgery care, especially for heart disease patients, by offering tailored 
guidance, medication reminders, and communication with healthcare providers. Experimental results show 
improved patient outcomes and reduced hospital readmissions, highlighting the chatbot’s potential to lower 
healthcare costs and revolutionize recovery management. 
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1. INTRODUCTION 

The integration of artificial intelligence (AI) in 
healthcare has the potential to significantly transform 
patient care and communication. AI-powered 
chatbots, in particular, have emerged as innovative 
tools designed to enhance the interaction between 
patients and healthcare providers. These chatbots 
can offer timely support, answer patient inquiries, 
and facilitate appointment scheduling, thereby 
streamlining the patient experience [1]. By utilizing 
advanced machine learning algorithms, AI chatbots 
can personalize interactions based on individual 
patient needs, leading to improved health outcomes 
and increased patient satisfaction [2]. Moreover, 
these systems can alleviate the workload on 
healthcare professionals by addressing routine 
inquiries and providing accurate information, 
allowing providers to concentrate on more complex 
cases [3]. As healthcare systems continue to face 
challenges related to efficiency and accessibility, the 
development of improved AI-powered chatbots 
represents a promising advancement in fostering 
better patient engagement and enhancing overall 
care management [4]. 

The structure of this paper is organized as follows: 
In Section 2, we provide background information 
relevant to the development of AI-powered chatbots 
in health care. section 3 proposed related work. 
Section 4 proposed approaches to improve AI in 
chatbots and healthcare. in Section 5 we present the 
results, while Section 6 concludes the article and 
outlines potential directions for future research. 

2. BACKGROUND 

Random forest Random Forest Random Forest 
algorithms are utilized in the development of an 
improved AI-powered chatbot for health care to 
enhance decision-making processes and improve 
response accuracy. This ensemble learning method 
combines multiple decision trees to create a robust 
model that excels in classification and regression 
tasks. In the context of health care chatbots, random 
forests can be employed to analyze patient data, 
identify patterns, and predict outcomes based on 
user interactions [16]. For instance, the chatbot can 
assess symptoms reported by users and classify them 
into potential health conditions, providing 
preliminary recommendations or directing users to 
appropriate resources. Additionally, random forests 
are effective in handling missing data and reducing 
the risk of overfitting, which is crucial in the dynamic 
and varied nature of health care conversations. By 
integrating random forest techniques, the chatbot can 
deliver more reliable and contextually relevant 

information, ultimately enhancing user trust and 
satisfaction in health care interactions [17]. 

Logistic Regression is a fundamental statistical 
technique used primarily for binary classification 
tasks. It models the connection between a binary 
outcome variable and one or more predictors using 
the logistic function, which generates probability 
values ranging from 0 to 1. This model calculates the 
likelihood that a given input belongs to a specific 
category, converting these probabilities into binary 
outcomes based on a predefined threshold, typically 
set at 0.5. One of the major strengths of Logistic 
Regression lies in its transparency, as it enables 
researchers and practitioners to clearly interpret how 
each predictor contributes to the final outcome [7]. 
Beyond its interpretability, the method is 
computationally lightweight and often serves as a 
foundational tool for developing more sophisticated 
models, which explains its widespread use in both 
statistical analysis and machine learning applications 
[6]. 

K-Nearest Neighbors (KNN), on the other hand, 
is a simple yet intuitive algorithm applied to both 
classification and regression problems. Its core 
principle is based on similarity: the label of a given 
data point is assigned according to the predominant 
class among its k closest neighbors within the feature 
space [8]. The distance between points is typically 
measured using metrics such as Euclidean or 
Manhattan distance. One of the strengths of KNN is 
its simplicity and ease of interpretation, making it 
suitable for various applications, including 
recommendation systems and pattern recognition 
[9]. However, KNN can be computationally 
intensive, especially with large datasets, as it requires 
calculating distances to all training samples. 
Additionally, the choice of k and the distance metric 
can significantly affect the model’s performance [8]. 

Neural networks NN Neural networks (NN) play 
a pivotal role in enhancing the capabilities of AI-
powered chatbots in the health care domain. By 
leveraging deep learning architectures, these 
networks can process and analyze vast amounts of 
unstructured data [10], such as patient inquiries and 
medical records, to generate contextually relevant 
responses. The use of recurrent neural networks 
(RNNs) and long short-term memory (LSTM) 
networks allows the chatbot to understand and 
maintain context over extended conversations, which 
is crucial in health care interactions where nuanced 
under- standing is essential Neural networks (NN) 
play a pivotal role in enhancing the capabilities of AI-
powered chatbots in the health care domain. By 
leveraging deep learning architectures, these 
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networks can process and analyze vast amounts of 
unstructured data [10], such as patient inquiries and 
medical records, to generate contextually relevant 
responses. The use of recurrent neural networks 
(RNNs) and long short-term memory (LSTM) 
networks allows the chatbot to understand and 
maintain context over extended conversations, which 
is crucial in health care interactions where nuanced 
understanding is essential [11]. Furthermore, 
convolutional neural networks (CNNs) can be 
employed to analyze textual data for sentiment and 
intent, enabling the chatbot to detect emotional cues 
and respond empathetically. Through continuous 
training on diverse health care datasets, these neural 
networks improve their accuracy and reliability, 
ultimately leading to enhanced patient engagement 
and satisfaction.[12]. Furthermore, convolutional 
neural networks (CNNs) can be employed to analyze 
textual data for sentiment and intent, enabling the 
chatbot to detect emotional cues and respond 
empathetically. Through continuous training on 
diverse health care datasets, these neural networks 
improve their accuracy and reliability, ultimately 
leading to enhanced patient engagement and 
satisfaction [12]. Logistic Regression is a statistical 
method commonly employed for binary 
classification tasks, where the objective is to predict 
the outcome of a binary dependent variable based on 
one or more independent variables. The logistic 
function [6], The logistic function, which transforms 
any real number into a probability between 0 and 1, 
lies at the core of this method. Within healthcare, 
Logistic Regression proves highly effective for 
forecasting patient outcomes, including the risk of 
disease onset, treatment effectiveness, and chances of 
hospital readmission. For instance, the model can 
calculate the likelihood of diabetes onset by 
incorporating factors such as age, weight, and 
hereditary background [13]. In the broader field of 
artificial intelligence (AI) applied to healthcare, this 
approach plays a crucial role in building predictive 
and decision-support systems., Logistic Regression 
serves as a foundational algorithm that aids in the 
development of more complex models. Its 
interpretability allows healthcare professionals to 
understand the impact of various predictors on 
patient outcomes, facilitating informed decision-
making. Additionally, Logistic Regression is 
computationally efficient, making it suitable for real 
time applications in clinical settings [14]. By 
leveraging this technique, healthcare providers can 
implement predictive analytics to improve patient 
care, optimize treatment plans, and allocate 
resources more effectively, ultimately leading to 

better health outcomes and reduced costs. This 
combination of statistical rigor and practical 
application underscores the importance of Logistic 
Regression in the evolving landscape of AI driven 
healthcare solutions [15]. It is shown in Figure 6. 

Deep Learning-based Approaches Deep learning-
based approaches are integral to the development of 
an improved AI-powered chatbot for health care, 
enabling more sophisticated interactions and 
enhanced user experiences [19]. These approaches 
utilize complex architectures, such as transformers 
and attention mechanisms, to understand and 
generate human-like responses. By training on 
extensive datasets that include medical dialogues, 
health-related FAQs, and patient interactions, The 
chatbot is able to identify linguistic patterns and 
subtle variations in expression, enabling it to deliver 
responses that are both more precise and sensitive to 
context [20]. Additionally, techniques like transfer 
learning allow the chatbot to leverage pretrained 
models, significantly reducing the time and resources 
needed for training while improving performance on 
specific health care tasks. The incorporation of 
natural language processing (NLP) techniques 
further enhances the chatbot’s ability to comprehend 
user intent and sentiment, facilitating empathetic and 
relevant communication. As a result, deep learning 
not only improves the chatbot’s conversational 
abilities but also enhances its potential to provide 
valuable health information and support to users 
[21]. 

3. RELATED WORK 

In today’s fast-paced world, the rapid 
advancements in technology have led to the 
development of numerous methodologies and 
frameworks aimed at enhancing user experience and 
streamlining processes across various domains. This 
comparative study examines essential 
methodologies, emphasizing their functions, 
mathematical foundations, results, conclusions, and 
respective advantages and limitations. By examining 
these technologies, we seek to provide valuable 
insights into their efficiency and practical 
applications, particularly in the areas of chatbot 
development and disease prediction. 

The techniques employed in developing chatbot 
systems encompass a range of methods designed to 
improve user interaction and provide accurate 
information. For instance, the Microsoft Bot 
Framework offers a comprehensive platform for 
chatbot development, facilitating the integration of 
various services, although it requires technical 
expertise for setup [22]. In contrast, Machine 



1338 FATMAH SAIF OBAID ALHEFEITI et al 
 

SCIENTIFIC CULTURE, Vol. 12, No 5, (2026), pp. 1335-1348 

Learning techniques leverage advanced models to 
enhance system responses, demonstrating notable 
performance improvements but remaining limited to 
predefined responses [23]. Disease prediction 
systems utilizing decision tree algorithms can 
provide accurate predictions based on symptoms, 
but may struggle with new or uncommon symptoms 
[28]. Finally, AI-based systems stand out due to their 
user-friendliness and ability to offer personalized 
diagnoses based on individual symptoms, improving 
the accuracy of medical advice [27]. 

Although the Microsoft Bot Framework is strong 
in terms of integration and machine learning 
methods improve response speed, both face 
constraints when it comes to accessibility and 
adaptability for users. In comparison, the AI-based 
system’s combination of personalization, 
accessibility, and effective treatment support makes 
it the most suitable choice for users seeking reliable 
medical assistance [30]. 

Another study [31] compares two chatbot 
systems: a user-friendly platform that simplifies 
navigation for improved engagement but lacks 
advanced features, and a multifunctional application 
that combines language interpretation and voice 
recognition for versatile customer service. 

The former emphasizes simplicity and user-
friendliness, whereas the latter provides wider 
capabilities but may encounter difficulties during 
integration. Both aim to enhance user experience. 

Furthermore, a chatbot-driven healthcare 
application [32] enhances user experience by 
providing quick and accurate answers to medical 
queries, reducing the burden on healthcare 
providers. By applying N-gram and TF-IDF 
techniques for keyword extraction, the system 
analyzes user input via a web interface, delivering 
rapid responses and reducing delays. Although this 
approach provides instant access to information and 
helps ease the workload of healthcare providers, it 
may fall short in offering the individualized depth 
typically found in face-to-face consultations. 

In the field of AI-powered chatbots for healthcare, 
researchers have explored various techniques to 
improve patient care. For instance, in Medical 
Records Management, chatbots use Natural 
Language Processing (NLP) and machine learning to 
streamline patient history reviews, improving 
efficiency but raising privacy concerns [28]. Dietary 
Suggestion chatbots, on the other hand, provide 
personalized diet plans through rule-based systems, 
enhancing adherence but often requiring user input 
[28]. 

Additionally, the Microsoft Bot Framework [33] 

provides tools and services that simplify the creation 
and deployment of chatbots across various 
platforms, enabling developers to build intelligent 
conversational agents. This framework utilizes 
cognitive services, which include machine learning 
algorithms and natural language processing, to 
understand and respond to user inputs effectively. 
The result is a seamless integration with Microsoft 
services, ensuring smooth operational workflows 
and improving user engagement and interaction 
with applications. 

In a recent study [24], machine learning 
techniques were employed to enhance the 
functionality of a chatbot system, enabling it to 
answer questions related to college facilities, 
procedures, and policies. The mathematical model 
utilized logical reasoning and data retrieval methods 
to process and respond to user queries effectively, 
resulting in a 20% improvement in performance and 
a 5% increase in accessibility. Overall, the related 
work highlights the significant potential of AI-
powered chatbots in transforming various domains, 
particularly healthcare. By leveraging advanced 
techniques, such as ensemble learning, natural 
language processing, and personalized AI models, 
researchers are working to create more robust, user-
friendly, and effective chatbot solutions that can 
deliver personalized, efficient, and accessible 
services to users. 

4. PROPOSED APPROACH 

The proposed approach begins with the collection 
and preprocessing of medical datasets to ensure 
consistency and compatibility with machine learning 
models. NLP techniques are used to process free-text 
symptom inputs, extracting relevant keywords and 
mapping them into structured features for model 
training. A Random Forest Classifier is then trained 
on this dataset to predict diseases, with each output 
accompanied by a confidence score to indicate the 
strength of the prediction—an innovative feature 
that distinguishes this model from prior studies. The 
chatbot interface is designed to interact dynamically 
with users, not only by analyzing symptoms but also 
by asking follow-up questions about age, gender, 
medical history, and lifestyle habits. This additional 
information enhances the accuracy of predictions 
and makes the system more personalized. Finally, the 
chatbot delivers a preliminary diagnosis with 
confidence levels and provides general health tips 
and precautionary advice, creating a comprehensive 
AI-driven healthcare assistant that bridges machine 
learning with practical user guidance. 

The workflow is illustrated in fig1 the framework 
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illustrates how artificial intelligence, chatbots, and 
customer relationship management systems 
integrate to form a service platform powered by AI 
chatbots. By combining machine learning, natural 
language processing, rules-based and AI-driven 
chatbots, along with communication and tracking 

services, the platform delivers intelligent user 
interactions. The outcomes emphasize enhanced 
digital competency, effective computer and internet 
use, and improved security awareness, showing how 
advanced technologies can foster practical digital 
skills and safe engagement 

 

 
Figure 1: Framework Of Service Platform Architecture Leveraging AI Chatbots. 

This diagram shows how a chatbot processes a 
user’s request step by step. It starts with analyzing 
the message, then manages the dialogue, plans 
actions, retrieves information from internal and 
external databases, and finally generates a response. 
The chatbot delivers this response back to the user, 
showing how different components work together to 
create intelligent, helpful replies. It’s shown in fig. 2 

4.1. Dataset Overview 

In this study, the heart disease dataset from the 
UCI Machine Learning Repository was employed as 
the primary source of data. Originally collected by 

the Cleveland Clinic Foundation, the dataset 
comprises 303 patient records described by 14 
demographic and clinical attributes, including age, 
sex, chest pain type, resting blood pressure, 
cholesterol levels, fasting blood sugar, resting ECG, 
maximum heart rate, exercise-induced angina, ST 
depression (oldpeak), slope, number of major 
vessels, and thalassemia status. Each record is 
labeled with a binary target variable indicating the 
presence or absence of heart disease. This dataset is 
widely recognized for its value in statistical analysis 
and machine learning applications, as it enables 
researchers to explore correlations between risk 
factors and disease outcomes. 

 
Figure 2: General Chatbot Architecture. 
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Descriptive statistics highlight key characteristics, 
showing that the average patient age is 
approximately 54.37 years, while mean cholesterol 
levels are around 246.26 mg/dL [18]. The insights 
derived from this dataset can inform preventive 
strategies and enhance patient outcomes in 
cardiovascular health, as summarized in Table 2. 

The proposed models were trained and tested on 
this dataset to evaluate their predictive performance. 
Random Forest was first applied as a baseline due to 
its interpretability, followed by more advanced 
techniques such as K-Nearest Neighbors (KNN), 
Support Vector Machine (SVM), logistic regression 
and Decision tree. Each model was assessed using 

standard evaluation metrics, including accuracy, 
precision, recall, and F1-score, to ensure a 
comprehensive comparison. This experimental setup 
allowed for a systematic analysis of the strengths and 
limitations of different machine learning approaches 
in classifying heart disease, thereby highlighting 
their potential utility in clinical decision support. 

A scatter plot that shows the relationship between 
age, maximum heart rate, and the presence or 
absence of heart disease. Each data point represents 
an individual, with the red points indicating 
individuals with heart disease and the blue points 
indicating those without heart disease. 

 
Figure 3: Heart Disease in Function of Age and Max Heart Rate. 

The plot is organized with age on the x-axis and 
maximum heart rate on the y-axis. The data points 
are scattered across the plot, showing a general trend 
of decreasing maximum heart rate with increasing 
age. However, the plot also reveals that individuals 
with heart disease tend to have lower maximum 
heart rates compared to those without heart disease, 
even at the same age. 

This visualization can be useful for understanding 
the complex relationship between age, heart rate, and 
the risk of heart disease, which can inform medical 
decision-making and preventive healthcare 
strategies. it shown in fig.3 

This table presents descriptive statistics for the 
dataset, including sample size, mean, standard 
deviation, and distributional measures (minimum, 
quartiles, and maximum). It offers a concise 
overview of patient demographics and clinical 
indicators such as age, blood pressure, cholesterol, 
and heart rate. 

In addition, a series of density plots illustrates the 
distribution of key variables associated with heart 
disease. Arranged in a grid format, each subplot 
depicts the probability density of a specific feature, 
allowing for a clear visualization of how values are 
spread across the dataset. 

Table 1: Descriptive Statistics of Clinical Dataset. 
Feature Count Mean Std Dev Min 25% 50% 75% Max 

Age 303 54.37 9.08 29 47.5 55 61 77 

Sex 303 0.68 0.47 0 0 1 1 1 

Chest Pain 303 0.97 1.03 0 0 1 2 3 

Resting BP 303 131.62 17.54 94 120 130 140 200 

Cholesterol 303 246.26 51.83 126 211 240 274.5 564 

Fasting BS 303 0.15 0.36 0 0 0 0 1 
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Resting ECG 303 0.53 0.53 0 0 1 1 2 

Max Heart Rate 303 149.65 22.91 71 133.5 153 166 202 

Exercise Angina 303 0.33 0.47 0 0 0 1 1 

Oldpeak 303 1.04 1.16 0 0 0.8 1.6 6.2 

Slope 303 1.40 0.62 0 1 1 2 2 

Major Vessels 303 1.40 0.62 0 0 1 2 3 

Thalassemia 303 0.68 0.47 0 0 1 1 3 

Target 303 0.55 0.50 0 0 1 1 1 

The features represented include: 

Age: distribution of patient ages. 
Sex: distribution of male and female participants. 
Resting blood pressure (trestbps): variation in 

resting blood pressure values. 
Cholesterol (chol): distribution of cholesterol 

levels. 
Exercise-induced angina (exang): proportion of 

patients with angina triggered by exercise. 
ST depression (oldpeak): distribution of ST 

depression induced by exercise relative to rest. 
Maximum heart rate (thalach): distribution of 

peak heart rate achieved. 
Target: distribution of the outcome variable 

indicating presence or absence of heart disease. 
Together, these density plots provide a visual 

summary of the dataset’s underlying distributions, 
helping to highlight its characteristics and reveal 
potential patterns or relationships. The results are 
reported in Table 1. 

The provided image appears to be a set of 
histograms depicting various attributes related to 
heart disease patients. Each histogram represents a 
different feature, such as age, sex, chest pain (cp), 
resting blood pressure (trestbps), cholesterol (chol), 
fasting blood sugar (fbs), resting electrocardio- 
The workflow is illustrated in Figure 4” graphic 
results (restecg), maximum heart rate achieved 
(thalach), exerciseinduced angina (exang), old peak, 
slope, and number of major vessels colored by 
fluoroscopy (ca). 

 
Figure 4: Various Attributes Related to Heart Disease Patients. 

The histograms provide a visual representation of 
the distribution of these features within the dataset. 

For example, the "age" histogram shows that the 
majority of patients are between 40 and 60 years old, 
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while the "sex" histogram indicates that the dataset 
contains more male patients than female patients 
shown in fig.3. 

4.2. Healthcare Bot Model 

We create a custom Healthcare Logic Chatbot that 
extends The Logic Adapter class. This adapter checks 
if the user’s input is related to healthcare by looking 
for specific keywords. If the input is healthcare-
related, the adapter processes the statement and 
returns an appropriate response. We create the 
healthcare bot instance of the ChatBot class. and we 
add the HealthcareLogicAdapter along with the 
default Best Match adapter. We train the chatbot 
using the ChatterBotCorpusTrainer and the 
chatterbot healthcare corpus, which contains 
healthcare-related conversations. We start the 
conversation loop, where the user can input their 
questions or concerns, and the chatbot will respond 
accordingly. In the HealthcareLogicAdapter, you can 
implement your own healthcare-specific logic to 
provide more tailored responses 

The Healthcare ChatBot is an innovative Python-
based system designed to interact with users and 
provide a preliminary health assessment. The chatbot 
begins by asking users to describe their symptoms in 
English, then applies Natural Language Processing 
(NLP) techniques to extract key medical terms such 
as “fever” or “headache.” These extracted features 
are processed using a trained machine learning 
algorithm, specifically the Random Forest Classifier, 
which predicts the possible illness and—
importantly—provides a confidence score for the 
prediction. This confidence estimation is a novel 

addition that has not been implemented in previous 
research, as it allows the model to quantify its 
certainty after analyzing the dialogue between the 
chatbot and the patient. 

Beyond symptom analysis, the chatbot collects 
structured information including age, gender, pre-
existing conditions (e.g., diabetes, hypertension), and 
lifestyle habits such as smoking or irregular sleep. By 
combining these inputs, the chatbot generates a 
preliminary diagnosis along with general 
precautionary advice, such as consulting a doctor, 
maintaining a healthy diet, or considering 
vaccination. This project demonstrates how Python 
and scikitlearn can be integrated to build an 
interactive health assistant that leverages both NLP 
and machine learning. While the chatbot’s results are 
educational and supportive rather than a substitute 
for professional medical diagnosis, its ability to 
provide a confidence score and personalized 
recommendations represents a meaningful 
advancement in the design of AI-driven healthcare 
tools. 
This figure demonstrates a conversation between a 
user and a chatbot named "Health chatbot". The 
chatbot is designed to provide medical assistance and 
advice. The conversation covers topics such as the 
user’s symptoms (runny nose and fever), and the 
chatbot provides recommendations on medications 
and preventive measures to address these issues. The 
chatbot also suggests certain foods that may be 
beneficial for the user’s health. Overall, the image 
demonstrates how an AI-powered chatbot can be 
used to provide basic healthcare guidance and 
support its shown in Fig.5. 

 
Figure 5: Healthcare Bot Conversation. 
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4.3. Evaluation Metrics 

In evaluating the performance of the AI-powered 

chatbot, several key metrics are utilized, including F1 
score, precision, recall, and accuracy.  
The F1 score [29], given by the equation 

                       2× precision × recall 
F1 =  , 

                   precision + recall 
serves as a harmonic mean of precision and recall 
[25], providing a single metric that balances both 
false positives and false negatives. Precision 

measures the accuracy of positive predictions and is 
defined as 

                   TP 
precision =  , 

     TP + FP 
where TP represents true positives and FP 

represents false positives. This metric indicates how 
many of the predicted positive cases were actually 

correct. Recall, on the other hand, quantifies the 
ability of the model to identify all relevant instances 
and is calculated as 
TP 

Recall =  , 
           TP + FN 

where FN denotes false negatives. This metric 
reflects the proportion of actual positive cases that 

were correctly identified by the model. Lastly, 
accuracy [29]is defined as 

   Correct predictions 
Accuracy =  , 

   Total predictions 
indicating the overall correctness of the model’s 

predictions. Together, these metrics provide a 
comprehensive assessment of the chatbot’s 
performance, ensuring that it effectively addresses 
user inquiries in the health care context [26]. 

5. THE RESULT 

The Healthcare ChatBot model demonstrated 
strong performance in analyzing user-provided 
symptoms written in English using Natural 
Language Processing (NLP) techniques to extract key 
terms such as fever or headache. The system then 
applied a Random Forest Classifier to predict the 
most likely disease and, importantly, provided a 
confidence score for each prediction. This confidence 
output is a novel addition compared to previous 
research, as it allows users to understand the 
reliability of the chatbot’s diagnosis. Beyond 
symptom analysis, the chatbot also collected 
additional contextual information such as age, 
gender, chronic conditions, and lifestyle habits (e.g., 
smoking or irregular sleep), which significantly 
improved prediction accuracy. At the end of each 

interaction, the chatbot generated a preliminary 
diagnosis with a confidence level and offered general 
health advice, including consulting a doctor, 
maintaining a healthy diet, or receiving vaccinations. 
These results highlight the chatbot’s dual role as both 
a predictive tool and an educational assistant. 

A bar chart that compares the accuracy of 
different machine learning models. The models 
shown are: RandomForest KNN SVC Log-Reg KNN 
Des-Tree (Decision Tree) 
This bar chart compares the performance of five 
machine learning models—Random Forest, K-
Nearest Neighbors (KNN), Support Vector Classifier 
(SVC), Logistic Regression (Log-Reg), and Decision 
Tree (Des-Tree)—based on a numerical metric, likely 
accuracy. Each model is represented by a colored bar, 
with Random Forest achieving the highest score 
(around 90), followed by SVC and Log-Reg (both 
near 75), KNN (around 70), and Decision Tree 
(approximately 60). The visualization highlights 
Random Forest as the most effective model among 
those tested, offering a clear comparison of 
classification performance across algorithms. 
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Figure 6: Proposed Approach. 

This visualization can be useful for comparing the 
performance of different machine learning models 
and selecting the most appropriate one for a dataset 
it shown in Fig.6. 

This figure demonstrates a plot of the train score 
and test score of a machine learning model as a 
function of the number of neighbors used. The train 
score (blue line) starts high and then decreases as the 

number of neighbors increases, while the test score 
(orange line) shows more fluctuation but generally 
decreases as well. This suggests that the model may 
be overfitting to the training data with a small 
number of neighbors, and the optimal number of 
neighbors is likely somewhere in the middle range 
where the test score is maximized. shown in Fig 7 

 
Figure 7: Train And Test Model. 
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Table 2: Model Performance Accuracy 
Model Accuracy (%) 
Random Forest 98.52 
K-Nearest Neighbors (KNN) 80.57 Support Vector Classifier (SVC) 91.96 
Decision Tree 75.49 
Logistic Regression 96.88 

Fig 8 presents a correlation heatmap illustrating 
the relationships among the features in the heart 
disease dataset. Each cell represents the Pearson 
correlation coefficient between two variables, with 
values ranging from -1 to 1. The color intensity 
indicates both the strength and direction of the 
correlation, where darker shades reflect stronger 
positive or negative associations. From the 
visualization, it is evident that the target variable 
(presence of heart disease) shows notable 
correlations with several clinical attributes. For 

example, maximum heart rate (thalach) exhibits a 
negative correlation with the target, while ST 
depression (oldpeak) and exercise-induced angina 
(exang) display positive correlations. These findings 
suggest that lower maximum heart rate and higher 
ST depression are associated with an increased 
likelihood of heart disease. Conversely, features such 
as age and resting blood pressure (trestbps) 
demonstrate weaker correlations, indicating limited 
predictive power when considered independently. 

 
Figure 8: Correlation Analysis of Dataset Features. 

Overall, the heatmap provides a concise visual 
summary of feature interdependencies, supporting 
the identification of variables most relevant for 
predictive modeling and guiding feature selection in 
machine learning applications. 

5.1. Evaluate The Performance of the Proposed 
Approach 

To systematically evaluate the performance of the 
proposed approach, we conducted a comparative 
analysis against several benchmark machine learning 
models commonly used in chatbot and healthcare 
applications [5]. The results of this comparative 
analysis are presented in the performance plot below. 

The key insights from this analysis are as follows: 
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The proposed approach outperforms the benchmark 
models across a wide range of hyperparameter 
settings, indicating its superior generalization 
capabilities. While the training scores for some 
models, like logistic regression and Decision Tree 
start high, they exhibit significant overfitting as the 
number of neighbors increases, leading to a sharp 
decline in test performance. In contrast, the proposed 
model maintains a more stable balance between train 
and test scores, suggesting better adaptability to 
unseen data. 

The optimal number of neighbors for the 
proposed approach appears to be in the middle 
range, where the test score is maximized. This 
demonstrates the proposed approach’s ability to find 
the right trade-off between model complexity and 
generalization, a crucial factor for ensuring robust 
and reliable performance in real-world chatbot and 
healthcare applications. 

These results highlight the potential of the 
proposed approach to enhance the performance of 
AI-powered chatbots and healthcare applications, 
providing a more robust and reliable solution 
compared to traditional machine learning 
techniques. The systematic evaluation and clear 
presentation of the comparative analysis provide 
valuable insights for researchers and practitioners 
seeking to advance the state-of-the-art in these 
critical application domains. 

6. CONCLUSION AND FUTURE WORK 

The development of an AI-powered chatbot 
framework that integrates machine learning and 
natural language processing has demonstrated 
significant potential in transforming healthcare 
delivery. By preprocessing medical datasets and 
applying NLP to free-text symptom inputs, the 
system generates structured features that enable 
accurate disease prediction. The use of high-
performing models such as Random Forest and 
XGBoost, coupled with confidence scoring, ensures 
reliable outputs and distinguishes this approach 
from prior studies. 

Beyond predictive diagnosis, the chatbot extends 
its utility to post-surgery care management, 
particularly for heart disease patients. Through 
personalized guidance, medication reminders, and 
direct communication with healthcare providers, the 

system empowers patients during recovery, 
enhances engagement, and streamlines care 
processes. Experimental evaluations confirm 
improved patient outcomes and reduced hospital 
readmission rates, underscoring the potential to 
lower healthcare costs. 

This innovative solution highlights the 
transformative role of chatbotdriven healthcare 
assistants in bridging artificial intelligence with 
practical patient support. Continued refinement and 
collaboration with healthcare stakeholders will 
further optimize performance, positioning this 
framework as a blueprint for future patient-centric 
healthcare systems that prioritize well-being, 
recovery, and efficiency. The AI-powered chatbot 
framework developed for disease prediction and 
post-surgery care management demonstrates a 
transformative role in modern healthcare. By 
integrating machine learning models and natural 
language processing, the system not only analyzes 
free-text symptom inputs but also provides 
predictions accompanied by confidence scores, 
ensuring transparency and reliability. The chatbot 
interacts dynamically with patients, collecting 
contextual information such as age, gender, medical 
history, and lifestyle habits, which enhances 
personalization and accuracy. 

Beyond diagnosis, the chatbot supports heart 
disease patients during recovery by offering 
personalized guidance, medication reminders, and 
direct communication with healthcare providers. 
Experimental evaluations confirm improved patient 
outcomes, reduced hospital readmission rates, and 
lower healthcare costs. These results highlight the 
potential of chatbot-driven solutions to foster patient 
engagement, streamline recovery processes, and 
redefine post-surgery care management. 

Moving forward, continued refinement and 
collaboration with healthcare stakeholders will 
further optimize performance, positioning this 
framework as a blueprint for integrating advanced 
technologies into patient-centric healthcare systems 
that prioritize well-being, recovery, and efficiency. 

By addressing these future directions, the AI-
powered chatbot can be further refined and 
optimized to deliver superior performance, 
ultimately contributing to improved healthcare 
outcomes and patient satisfaction.
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