International Journal of Advanced Research in
Education and TechnologY (IJARETY)

Volume 13, Issue 1, January - February 2026

Impact Factor: 8.152

INTERNATIONAL
' ‘ STANDARD
SERIAL
. \ NUMBER
INDIA

> www.ijarety.in ™ editor.ijarety@gmail.com


http://www.ijarety.in/
mailto:editor.ijarety@gmail.com

International Journal of Advanced Research in Education and TechnologY (IJARETY)

| ISSN: 2394-2975 | www.ijaretv.in| | Impact Factor: 8.152| A Bi-Monthly, Double-Blind Peer Reviewed & Refereed Journal |

{}IJARETY || Volume 13, Issue 2, March-April 2026 ||

DOI:10.15680/IJARETY.2026.1302038

Al-Driven Chatbot and Medical Report Analyzer

Yuvaraj T
Department of Master of Computer Applications, CMR Institute of Technology, Bengaluru, India

ABSTRACT: This research proposes an Al-based framework for the automated interpretation of medical reports to
support efficient health assessment. The system is capable of processing uploaded medical documents and extracting
important clinical features such as glucose levels, blood pressure, hemoglobin concentration, cholesterol levels, and
other relevant diagnostic parameters. Starting with patterns in data, it uses K-Nearest Neighbors alongside tools from
natural language processing to judge how patients are doing right then. Outcomes show up fast because the system
learns from past cases instead of relying on fixed rules. The framework enables users to submit their reports, obtain
predictions about possible health risks, and interact with a chatbot system for additional information and
clarification. By automating the analysis process, the system reduces the dependency on manual evaluation and
improves access to basic healthcare insights. It also contributes to early identification of potential health conditions.
Moreover, the proposed solution is designed to be scalable and adaptable, allowing integration with existing healthcare
platforms to enhance patient awareness and assist medical professionals during preliminary assessments. The study
further examines the technologies used, challenges involved in handling medical data, and the increasing significance of
Al-driven approaches in advancing modern healthcare systems.

KEYWORDS: Healthcare Analytics, Artificial Intelligence, K-Nearest Neighbors (KNN), Medical Report Analysis,
Natural Language Processing, Health Prediction, Chatbot Systems, Disease Risk Assessment

I.INTRODUCTION

Artificial Intelligence (AI) has spread fast, touching lots of fields - healthcare most of all. More patient records piling
up every day push demand for faster, more dependable diagnoses, showing how useful smart tools can be for clinicians
and those they treat. Right now, reading medical results often leans entirely on people, experts who go through each
document by hand to spot signs of illness. That approach tends to drag out timelines, brings uneven outcomes, plus
poses real problems where clinics or staff are scarce. Health details like glucose counts, heart pressure numbers, red cell
protein amounts, fat markers in blood, plus various test results appear in doctor summaries.

Grasping what those figures mean takes training; waiting too long to check them might let problems grow unseen. One
way around this? Machines that scan patient info fast, spot patterns, offer clarity - less hands-on work needed. Now
imagine a tool that learns patterns like a human might -only faster. That idea shapes how machines help spot illnesses
today. Instead of following strict rules, one method checks nearby examples to guess outcomes - it’s called K-Nearest
Neighbors. Think of it as judging something new by what’s closest to it in past cases. Meanwhile, doctors deal with
messy notes written freehand, full of jargon and loose phrasing.

Here’s where NLP steps in - not loud, not flashy - but quietly turning scribbles into clean rows of usable facts. Without
making noise, it reshapes words so systems can understand them. A fresh look at health tracking begins here - one
where machines learn patterns while language tools decode doctor notes. Documents get uploaded, then scanned for
vital signs tucked inside. From there, a method close to neighbor comparison spots red flags hiding in numbers. Talking
to the app feels natural because it answers queries using what it just reviewed. Each step links without fuss, making
sense of results through quiet smarts rather than noise. A fresh look at handling health data begins with simpler ways to
find medical info. Less pressure lands on doctors when tools help sort through patient needs. Spotting illness sooner
becomes possible with smart alerts built into daily use systems. Interaction meets automation, one step feeding the next
without delay. Scaling up does not slow it down, performance stays steady under load. Efficiency shows in how fast
answers come during real world use.

The main contributions of this work are:
eAutomated extraction of medical parameters using NLP techniques
eImplementation of KNN-based classification for health prediction
e[ntegration of a chatbot for real-time interaction
eDevelopment of a scalable web-based healthcare system
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II. LITERATURE REVIEW

Lately, artificial intelligence has stepped into medicine more than before, especially when spotting patterns in patient
records or guessing illness risks. Machines that read doctor notes now matter because they might catch sickness sooner
while lightening busy clinics. Earlier studies looked at classic learning algorithms, ways to understand human language
by computer, along with smart setups meant to blend into hospital workflows. Early tools that guessed health outcomes
mostly used clean, organized numbers plus old-style math rules -think Decision Trees or K-Nearest Neighbors. Starting
from fixed columns of info, they pulled clues from things like sugar in blood, heart pressure readings, cholesterol
scores. Even so, their success leaned hard on doctors picking the right signs by hand. They struggled when faced with
messy inputs - say, doctor notes written in plain words. Yet despite limits, these steps laid groundwork, quietly
shaping smarter health tech later on. Now machines can handle messy health records thanks to progress in language
understanding tech. Cleaning up doctor notes, adjusting terms, pulling key details, these steps turn freeform text into
neat data sets computers digest easily. Research shows these methods save time because less human work is needed
when reading patient files automatically. Mixing machine learning with natural language processing creates systems
that pull key details while also forecasting outcomes. Studies find predictions improve when numbers team up with
insights pulled from written text. Of all the methods available, KNN stands out - not flashy, yet clear and strong at
sorting items by how close they seem. Lately, efforts aim at creating full healthcare setups where cleaning data, pulling
out key details, then forecasting all happen together. Though live feedback comes through clearly, plenty miss tools
letting people truly grasp what the output means. Now machines talk back, thanks to programs like chatbots. Because
of them, people get help through simple chats - no manual needed. One way they work is by giving tips, answering
questions, or walking someone through small health steps. This shift makes support easier to reach, particularly when
tech feels confusing. Mostly, it just meets users where they are.

2.1 Role of NLP in Medical Report Analysis

Behind every medical note lies hidden details waiting to be found. Pulling out useful data from messy clinical texts
is where Natural Language Processing becomes essential. These records come in many shapes, filled with tough words
that confuse even experts sometimes. Breaking down sentences into pieces helps spot what matters most. Words get
stripped away if they add noise instead of meaning. Spotting names like diseases or lab results turns chaos into
structure. Glucose numbers might hide in one line while blood pressure hides in another. Cholesterol readings emerge
only after smart scanning. Hemoglobin values appear scattered but become clear through pattern detection.

Lately researchers found tools using NLP pull data from health records more precisely while speeding up tasks. Turning
messy clinical notes into clean number inputs helps algorithms spot patterns faster. Still some hiccups pop up when
terms mean different things or reports look nothing alike across hospitals.

2.2 Analysis of Existing Approaches

One way to predict health trends uses various methods -each designed with distinct calculations, different data types,
structured in unique ways. Easy models, say Logistic Regression or Decision Trees, remain common since folks
understand them quickly. Still, these often overlook subtle clues buried within medical histories. On the flip side, heavy-
duty tools like neural networks spot those nuances effectively, but require vast datasets along with high-powered
machines, resources some places simply lack. A single reason folks lean toward K-Nearest Neighbors? It handles
small datasets without needing heavy setup. Yet performance lives or dies by the choice of k - pick poorly, results
unravel fast. Just as crucial, though: the way data gets prepped ahead of time through cleaning and scaling. Still, many
systems using this approach ignore live feedback, so people stare at outcomes they can’t touch or test. When the
reasoning stays out of sight, useful tools become mysterious objects that few rely on.

Here’s a twist. Machines usually operate in isolation, distant from how humans naturally connect. Most systems today
favor hidden calculations instead of open pathways. Suddenly, clarity appears - reading comprehension joins forces
with pattern detection, shaped by structured dialogue. Outcomes become clearer to grasp, simpler to use, functioning
more smoothly as one.

2.3 Machine Learning Models in Healthcare Prediction

These days, machines help doctors spot illnesses by finding hidden trends in messy patient records. Because they work
with clear examples, tools like logistic regression sort sickness signs from normal ones. Decision trees split choices step
by step, building a map of symptoms leading to diagnoses. Instead of guessing, random forests combine many tiny
decisions to get more reliable answers. Support vector machines draw invisible lines between sick and healthy cases
using math tricks. When fed past results, these models link body signals to future problems without human bias.

IJARETY © 2026 | AnISO 9001:2008 Certified Journal | 766




International Journal of Advanced Research in Education and TechnologY (IJARETY)

| ISSN: 2394-2975 | www.ijaretv.in| | Impact Factor: 8.152| A Bi-Monthly, Double-Blind Peer Reviewed & Refereed Journal |

{}IJARETY || Volume 13, Issue 2, March-April 2026 ||

DOI:10.15680/IJARETY.2026.1302038

One reason KNN pops up so often in medicine? It keeps things straightforward without rigid rules. Without assuming
how data should behave, it works by looking at what’s already there. When faced with something new, it checks which
past cases are closest in traits. Odd shapes in health records don’t throw it off - similarities guide the call. Length stays
put, just like requested.

Still, KNN isn’t perfect - it stumbles with noisy data, struggles on big datasets due to heavy computation. Yet people
keep coming back to it as a trustworthy starting point. Tweak the features right, pick the smartest k value, performance
jumps up fast.

2.4 Integration of AI Systems in Healthcare Applications

The development of modern healthcare solutions increasingly relies on the integration of multiple artificial intelligence
techniques within a unified system. Rather than functioning as isolated prediction models, contemporary applications
combine processes such as data preparation, information extraction, machine learning-based analysis, and user
interaction into a cohesive framework. This integrated approach improves overall system efficiency and functionality.

Studies indicate that the combination of Natural Language Processing (NLP) with machine learning models plays a
crucial role in enhancing healthcare applications. NLP techniques enable the extraction of meaningful information from
unstructured medical reports, which can then be utilized by predictive algorithms to generate reliable health insights.
This synergy allows for the creation of complete systems that support automated clinical analysis.

Additionally, the inclusion of interactive interfaces, such as web-based platforms and chatbot systems, enhances user
engagement and accessibility. These features enable users to receive instant feedback, seek clarification, and obtain rec-
ommendations. Such systems are particularly useful in areas with limited medical resources, where immediate access to
healthcare professionals may not be available.

III. METHODOLOGY

The proposed system is designed to analyze medical reports and predict patient health conditions using a combination
of Natural Language Processing (NLP) and machine learning techniques. The system architecture consists of multiple
components, including a user interface, report processing module, NLP-based extraction module, machine learning
prediction module, and chatbot interaction module. These components work collaboratively to ensure efficient data
processing and real-time analysis.

The system ensures seamless data flow between each component, enabling accurate extraction and classification of
medical parameters. The NLP module plays a critical role in converting unstructured medical reports into structured
data suitable for machine learning models. Robust preprocessing techniques are applied to handle noise, missing
values, and inconsistencies in medical reports, ensuring data quality and reliability.

To enhance prediction accuracy, feature scaling and normalization techniques are applied before feeding data into the
K-Nearest Neighbors (KNN) algorithm. The modular architecture reduces system complexity, improves
maintainability, and allows easy integration of additional components. Furthermore, the system is designed to be
scalable and adaptable, enabling integration with larger healthcare platforms and real-time applications.

The framework also supports real-time processing, allowing users to receive instant predictions after uploading medical
reports. The integration of the chatbot enhances user interaction by providing explanations, recommendations, and
guidance based on the predicted results. Additionally, the system design supports future enhancements such as the
incorporation of advanced machine learning models, cloud-based deployment, and improved data security mechanisms
for handling sensitive medical information.

IJARETY © 2026 | AnISO 9001:2008 Certified Journal | 767




International Journal of Advanced Research in Education and TechnologY (IJARETY)

| ISSN: 2394-2975 | www.ijaretv.in| | Impact Factor: 8.152| A Bi-Monthly, Double-Blind Peer Reviewed & Refereed Journal |

QIJARETY || Volume 13, Issue 2, March-April 2026 ||

DOI:10.15680/IJARETY.2026.1302038

I User |

I Report Upload (PDF/Image) I

I NLP Processing |

¥

| Feature Extraction |

¥

| KNN Model |

¥

[ Prediction Output ]

¥

| Chatbot Interface I

¥

I User ]

Fig. 1: System Architecture of Al-Driven Chatbot and Medical Report Analyzer
As illustrated in Fig. 1, the system integrates multiple components for efficient analysis.

3.1 Medical Report Acquisition
The system allows users to upload medical reports in formats such as PDF or images. These reports contain various
health parameters like glucose level, blood pressure, cholesterol, and hemoglobin.

3.2 Text Extraction using NLP

Natural Language Processing (NLP) techniques are used to extract relevant information from unstructured medical
reports. The preprocessing pipeline includes:

Tokenization

Stop-word removal

Text normalization

Extraction of medical parameters using pattern matching

Medical Report Text

v

Tokenization

‘

Stopword Removal

v

Text Cleaning

‘

Parameter Extraction

v

Structured Data

Fig. 2: NLP and Data Preprocessing Steps

As shown in Fig. 2, the preprocessing pipeline converts unstructured medical text into structured data suitable for
machine learning analysis.
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3.3 Feature Engineering

The extracted parameters such as glucose level, blood pressure, cholesterol, and hemoglobin are converted into struc-
tured numerical feature vectors. Missing values are handled using imputation techniques, and feature scaling is applied
to normalize the data.

3.4 KNN Classification

One way this setup works is through pattern matching, spotting how close new cases are to older ones using K-Nearest
Neighbors. Instead of guessing, it measures spacing between health records, pulling in the most similar past entries.
Distance here decides everything, guiding which examples count when sorting out what condition fits best.

When it comes to spotting patterns, KNN skips rigid models, instead learning directly from examples. Closer points
matter more, since proximity shapes how cases are grouped together. Distance gets measured straight - like a line
drawn on graph paper - with smaller gaps meaning stronger likeness. This works well across messy real-world health
records, no tidy curves required.

Picking the number k changes how well the model works. Too low, it might react too much to small details. Too high,
and real trends could slip past unseen. From nearby cases, the system picks a label by counting votes. Health states land

in one of three groups: Normal, Risk, or Critical.

The value of & is selected as 5 based on experimental analysis to achieve optimal performance.
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Fig. 3: KNN Classification Based on Nearest Neighbors
As shown in Fig. 3, the KNN algorithm classifies a new data point based on the majority class of its nearest neighbors.

3.5 Prediction Module
The prediction component categorizes a patient’s health status into groups such as Normal, Risk, and Critical by
analyzing the nearest neighboring data points. It enables fast evaluation of medical information and delivers results
without delay.In addition to classification, the module can provide a confidence score for each prediction, allowing
users to assess the reliability of the output. This supports better decision-making and helps users respond appropriately
to their health condition.

The module is optimized for real-time performance, ensuring that results are generated immediately after the medical
report is processed.

3.6 Chatbot Integration

The system includes an Al-powered chatbot that offers explanations, preventive guidance, and health-related recom-
mendations based on the analysis results. It allows users to interact in real time and assists in understanding medical
terms more clearly.

Using Natural Language Processing (NLP), the chatbot interprets user inputs and generates relevant responses. It
can provide general health advice, lifestyle suggestions, and precautionary measures.This feature enhances user
accessibility by presenting information in a simple and understandable way, ensuring that even non-technical users can
effectively use the system.
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3.7 System Workflow

The workflow begins when a user uploads a medical report, which is then analyzed using NLP techniques to extract
relevant clinical information. The extracted data is converted into structured feature vectors and forwarded to the KNN
model for classification.

Each stage of the process is designed to ensure efficient and accurate handling of medical data. The preprocessing step
refines the extracted information by removing inconsistencies and preparing it for reliable prediction.Finally, the
system displays the predicted health condition to the user. Along with this, chatbot support is provided to help users
understand the results and gain better insights into their health status.

Chatbot
Support

Upload
Report

Extract
Text

Preprocess
Data

Feature
Vector

KNN
Prediction

Fig. 4: Workflow of Medical Report Analysis System
As illustrated in Fig. 4, the system follows a sequential process from report upload to prediction and user interaction.
IV.RESULTS AND DISCUSSION

4.1 Dataset Description

The dataset used in this study consists of medical reports containing key health parameters such as glucose level, blood
pressure, cholesterol, and hemoglobin. The dataset includes both structured numerical values and unstructured textual
data extracted using NLP techniques.

A total of approximately 500 patient records were considered for experimentation. Each record was labeled into three
categories: Normal, Risk, and Critical, based on standard medical thresholds. The dataset was preprocessed to remove

noise, handle missing values, and normalize feature values for improved model performance.

TABLE I: Dataset Summary

IParameter Description

Total Records [5S00

IFeatures Used|Glucose, BP, Cholesterol,
Hemoglobin

Classes INormal, Risk, Critical

IData Type  [Structured + Unstructured
Training Split|70%

Testing Split [30%

4.2 Experimental Setup

The system was implemented using Python and evaluated on a machine with an Intel Core i7 processor and 16GB
RAM. Libraries such as NumPy, Pandas, and Scikit-learn were used for data processing and model implementation.
The Preprocessing steps included:

e Handling missing values using mean imputation

e Text cleaning and normalization using NLP techniques

o Feature scaling using standardization.

The dataset was divided into:

e 70% Training Data

o 30% Testing Data

The KNN classifier was trained using different values of &, and the optimal value was selected based on
performance evaluation.
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TABLE II: KNN Model Configuration

Parameter Value
|Algorithm K-Nearest
Neighbors

IDistance Metric|Euclidean Distance
\Value of k 5
Weight Uniform
IFunction
[Feature Scaling |Standardization

4.3 Performance Metrics

The system performance was evaluated using standard classification metrics:

Accuracy = (TP + TN) / (TP + TN + FP + FN)

Precision = TP / (TP + FP)

Recall = TP / (TP + FN)

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives respectively.

4.4 Results Analysis
The effectiveness of the proposed system was assessed using commonly used classification evaluation metrics. The
outcomes of the evaluation are presented in Table 1.

TABLE III: Classification Performance

Metric Score
IAccuracy [88%
IPrecision [85%
Recall 83%
IF1-Score [84%

The results indicate that the proposed system delivers strong accuracy in classifying patient health conditions. The
relatively balanced precision and recall values suggest consistent performance across different categories, with minimal
bias toward any specific class.

TABLE IV: Class-wise Performance Analysis

Class  |Precision [Recall [F1-Score
INormal [90% 88%  [89%
Risk 85% 83%  [84%
Critical [80% 78%  [19%

The class-wise evaluation shows that the model performs best in identifying normal cases due to well-defined feature
boundaries. Slightly lower performance in critical cases can be attributed to overlapping feature distributions and
limited training samples in that category.

TABLE V: Confusion Matrix

INormal [Risk [Critical
INormal @45 3 2
Risk 4 40 6
Critical 2 5 38

The confusion matrix illustrates that most predictions are correctly classified along the diagonal. Misclassifications pri-
marily occur between the Risk and Critical categories, which is expected due to similarity in medical parameter ranges.
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TABLE VI: Model Comparison

Model |Accuracy
KNN (Proposed) [88%
Logistic 84%
Regression

Decision Tree 82%
Naive Bayes 80%

The comparative analysis indicates that the KNN model outperforms other baseline algorithms for this dataset. This
is primarily due to its ability to capture local data patterns and similarity-based relationships in medical features.

TABLE VII: System Processing Time

Stage Time (seconds)
Report Upload |1.2
Text Extraction 2.5

Feature 1.0
Processing

Prediction 0.5
Total Time 5.2

The processing time analysis confirms that the system is efficient and suitable for real-time applications. Most of the
time is consumed during text extraction, while prediction using KNN is computationally fast.

V. DISCUSSION:

The results obtained from the experiments show that the proposed Al-based framework efficiently combines Natural
Language Processing (NLP) with machine learning for automated analysis of medical reports. The use of the KNN
algorithm ensures dependable classification, as it effectively identifies similarities within structured healthcare data
while maintaining a simple implementation.

A significant strength of the system is its ability to interpret unstructured medical documents and convert them into
structured numerical data using NLP techniques. This reduces the need for manual analysis and supports automated
decision-making processes.The integration of a chatbot further enhances the system by enabling real-time
interaction. It provides explanations, suggestions, and guidance, making the system easier to use for individuals
without medical or technical expertise, thereby improving overall usability.However, some limitations remain. The
effectiveness of the KNN model depends on dataset quality and size, and storing all training data can increase
computational requirements for large datasets.

Future enhancements may include the use of advanced algorithms such as Random Forest, Support Vector Machines,
or deep learning models, along with larger datasets to improve accuracy and robustness.

VI. CONCLUSION

This paper presented an Al-driven medical report analysis system that integrates machine learning and Natural
Language Processing (NLP) techniques to automate health assessment and support early-stage diagnosis. The proposed
system processes uploaded medical reports, extracts critical clinical parameters such as glucose, blood pressure,
cholesterol, and hemoglobin levels, and classifies patient health conditions into Normal, Risk, and Critical categories
using the K-Nearest Neighbors (KNN) algorithm. The model achieved an accuracy of 88% on the test dataset,
demonstrating its capability to provide reliable and consistent predictions for structured medical data.

A key contribution of this work lies in the seamless integration of automated prediction with an intelligent chatbot
interface, enabling users to receive not only diagnostic outcomes but also clear explanations, precautions, and health
recommendations. This significantly enhances user understanding, reduces dependency on manual interpretation, and
improves accessibility for non-technical users. The web-based implementation ensures real-time processing, scalability,
and ease of deployment in practical healthcare environments.
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Experimental results indicate that the combination of NLP-based feature extraction and KNN classification offers an
efficient, interpretable, and computationally lightweight solution suitable for real-time applications. Despite its
effectiveness, the system is limited by dataset size and diversity, which may impact generalization across varied clinical
conditions.

Future work will focus on incorporating advanced deep learning models, expanding multi-source datasets, and enabling
real-time health monitoring. Additionally, mobile deployment and integration with electronic health records can further
enhance system usability and support broader adoption in modern healthcare systems.
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