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Abstract: The increasing availability of medical imaging and clinical data has created a need for
intelligent systems that can automatically interpret medical information and generate structured clinical
reports. This paper proposes a multimodal generative Al framework for end-to-end medical report
generation that integrates medical images and clinical data to produce accurate and informative
diagnostic reports. The proposed system utilizes deep learning models for feature extraction from
medical images and combines these features with relevant clinical information to generate
comprehensive medical suggestion reports. A generative Al model is employed to transform the
extracted multimodal features into structured textual reports containing diagnostic insights, symptoms,
possible treatments, and preventive recommendations. The framework is designed to assist healthcare
professionals by reducing manual documentation effort and improving the efficiency of clinical
workflows. Experimental evaluation demonstrates that the proposed approach can effectively analyze
medical data and generate meaningful medical reports that support preliminary diagnosis and decision-
making. The system has potential applications in intelligent healthcare systems, clinical decision
support, and automated medical documentation.
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I.INTRODUCTION

The rapid advancement of artificial intelligence
has significantly transformed the healthcare
sector, particularly in medical image analysis and
clinical decision support systems. Medical
imaging techniques such as X-rays, CT scans, and
MRI play a crucial role in diagnosing various
diseases. However, interpreting these images and
preparing detailed medical reports require
significant expertise and time from healthcare
professionals. With the increasing volume of
medical data generated in hospitals and diagnostic
centres, there is a growing need for automated
systems that can assist doctors in analysing
medical images and generating accurate clinical
reports. Recent developments in deep learning

and multimodal generative Al have enabled
machines to understand complex medical data
and convert it into meaningful textual
descriptions, thereby improving the efficiency of
healthcare services.

Multimodal artificial intelligence integrates
multiple data sources such as medical images,
clinical symptoms, and patient information to
produce comprehensive diagnostic insights. In
this research, a multimodal generative Al
framework is proposed for end-to-end medical
report generation. The system analyzes medical
images, predicts possible diseases, and
automatically generates structured medical
suggestion  reports  containing  diagnostic
information, symptoms, recommended
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treatments, and preventive measures. This
approach reduces the workload of healthcare
professionals while providing quick preliminary
insights that can support clinical decision-making.
By combining advanced deep learning techniques
with generative Al models, the proposed system
aims to improve the accuracy, efficiency, and
accessibility of automated medical documentation
in modern healthcare environments.

Common Disease Categories in Medical
Imaging Dataset
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Multimodal artificial intelligence has emerged as
a promising approach for handling complex
healthcare data by integrating multiple types of
information such as medical images, clinical
symptoms, and patient metadata. Unlike
traditional single-modal systems that rely on only
one type of data, multimodal systems can capture
richer contextual information and improve
diagnostic accuracy. In the context of healthcare
applications, multimodal frameworks can analyze
visual medical data along with clinical knowledge
to generate more comprehensive diagnostic
explanations. This capability is particularly useful
for developing automated medical report
generation systems that assist healthcare
professionals in clinical documentation and
patient management.

In this research, a multimodal generative Al
framework for end-to-end medical report
generation is proposed to automatically analyze

medical images and generate structured medical
suggestion reports. The proposed system utilizes
deep learning techniques for extracting important
features from medical images and integrates them
with generative Al models to produce meaningful
medical reports containing disease information,
symptoms, treatment suggestions, and preventive
recommendations. The goal of this framework is
to support healthcare professionals by reducing
manual reporting effort, improving diagnostic
efficiency, and providing preliminary clinical
insights. The proposed approach contributes to
the development of intelligent healthcare systems
that enhance medical documentation and support
modern digital healthcare environments.

I1.RELATED WORK

1. Medical Image Analysis using Deep
Learning

Medical image analysis has significantly
improved with the advancement of deep learning
techniques in the field of Artificial Intelligence
and Medical Imaging. Convolutional neural
networks have been widely used to analyze
medical images such as X-rays, CT scans, and
MRI images for disease detection and
classification. Researchers have developed
automated systems capable of identifying
abnormalities in medical images with high
accuracy. Deep learning models help extract
important visual features from medical images,
which assists healthcare professionals in
diagnosing diseases at an early stage. These
approaches reduce manual analysis time and
improve the reliability of medical imaging
systems.

2. Automated Disease Detection Systems

Automated disease detection systems have been
proposed to support doctors in diagnosing
diseases using machine learning and deep
learning models. Many research studies focus on
predicting diseases from medical images by
training models on large medical datasets. These
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systems can detect diseases such as Pneumonia,
Tuberculosis, and COVID-19 through image
classification techniques. Such models provide
faster predictions compared to traditional
diagnostic methods and can assist healthcare
professionals in making preliminary diagnostic
decisions. However, most existing systems only
provide disease prediction results without
generating detailed medical reports.

3. Natural Language Generation in Healthcare

Natural language generation techniques have been
increasingly applied in healthcare systems to
automatically generate textual descriptions from
structured or visual data. Recent developments in
generative Al models have enabled machines to
produce human-like text that can be used for
clinical documentation and medical report
writing. Transformer-based architectures such as
BART have demonstrated strong performance in
generating coherent and context-aware text
outputs. These models can convert extracted
medical features into meaningful diagnostic
summaries, making them useful for automated
medical documentation and report generation.

4. Multimodal Learning for Healthcare
Applications

Multimodal learning has emerged as an effective
approach for integrating multiple data sources
such as images, clinical records, and textual
information. In  healthcare  applications,
multimodal frameworks combine visual medical
data with contextual information to improve
diagnostic performance. By integrating data from
different modalities, these systems can provide a
more comprehensive understanding of patient
conditions. Multimodal models can analyze
medical images and generate descriptive medical
reports, which improves the interpretability of Al-
based healthcare systems.

5. Generative Al for Medical Report
Generation

Recent studies have explored generative Al
techniques to automatically produce clinical

reports from medical images. These systems aim
to assist radiologists by reducing the time
required to write detailed reports after image
analysis. Generative models can summarize
diagnostic findings, describe abnormalities, and
suggest possible treatments or preventive
measures. Although several approaches have been
proposed, many existing systems focus only on
specific diseases or limited datasets. Therefore,
there is still a need for advanced frameworks that
combine multimodal analysis with generative Al
techniques  to produce  accurate and
comprehensive medical reports.

I1l. PROCEDURE
1. Data Collection and Dataset Preparation

The first step in the proposed framework involves
collecting medical image datasets from publicly
available medical imaging sources. The dataset
consists of images representing multiple diseases
such as Alzheimer's disease, Cervical cancer,
COVID-19, Kidney cancer, Malaria, Monkeypox,
Pneumonia, and Tuberculosis. These images are
organized into labeled categories based on disease
type. The collected dataset is then divided into
training and testing sets to evaluate the
performance of the proposed system. Proper
dataset preparation ensures that the model can
learn meaningful patterns from the medical
images.

2. Data Preprocessing

Before feeding the medical images into the deep
learning model, preprocessing techniques are
applied to improve image quality and consistency.
This step includes resizing the images to a
uniform resolution, normalizing pixel values, and
removing noise from the images. Data
augmentation techniques such as image rotation,
flipping, and scaling are also applied to increase
dataset diversity and prevent overfitting during
training. These preprocessing techniques help
improve the generalization capability of the deep
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learning model and enhance the accuracy of
disease detection.

3. Disease Prediction using Deep Learning
Model

In the proposed framework, a deep learning
model is used to analyze medical images and
predict the presence of specific diseases. A
convolutional neural network architecture such as
ResNet-18 is employed to extract important visual
features from the images. The model learns
hierarchical representations of the medical images
through multiple convolutional layers and
identifies patterns associated with different
diseases. After training, the model predicts the
most probable disease category based on the input
image provided by the user.

4. Multimodal Feature Integration

Once the disease prediction is obtained, the
system integrates image-based predictions with
additional contextual information such as
symptoms and medical knowledge. This
multimodal integration improves the
interpretability of the system by combining visual
diagnostic results with textual medical insights.
By incorporating multiple sources of information,
the system can generate more informative outputs
and provide a comprehensive understanding of
the patient’s condition.

5. Automated Medical Report Generation

The final stage of the framework involves
generating a structured medical report based on
the predicted disease and extracted medical
features. A generative Al model such as BART is
used to convert the prediction results and medical
knowledge into a detailed textual report. The
generated report includes disease description,
possible symptoms, suggested treatments, and
preventive recommendations. This automated
report generation process assists healthcare
professionals by reducing manual documentation
effort and providing preliminary diagnostic
insights.
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Fig. 1. Architecture of the Proposed Multimodal Disease Prediction System

IV. ENHANCED MULTIMODAL
Al PROCESS FOR MEDICAL
REPORT GENERATION

A. Medical Image Input and Data Acquisition

The first stage of the enhanced multimodal
framework involves collecting medical images
from various healthcare datasets. These images
represent different disease conditions such as
Cervical cancer, Pneumonia, Tuberculosis, and
Monkeypox. The collected dataset is organized
into structured categories based on disease type.
Proper dataset preparation ensures that the
artificial intelligence model can learn relevant
medical patterns effectively. This stage is
important  because high-quality and well-
labeledmedical data significantly improves the
accuracy and reliability of disease analysis and
report generation.

B. Image Preprocessing and Feature
Extraction
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After  acquiring  the  medical  images,
preprocessing techniques are applied to improve
the quality and consistency of the dataset. Images
are resized to a fixed resolution and normalized to
maintain uniform input dimensions for the deep
learning model. Noise removal and contrast
enhancement techniques are also applied to
improve image clarity. Following preprocessing,
deep learning models extract important visual
features from the medical images. These features
help the system identify disease-specific patterns
that are useful for diagnosis and further report
generation.

C. Disease Detection using Deep Learning
Models

In this stage, the processed images are analyzed
using deep learning architectures capable of
identifying disease patterns. Convolutional neural
networks such as ResNet are commonly used to
perform disease classification tasks. The model
processes the extracted features and predicts the
most probable disease category associated with
the medical image. Accurate disease detection is
essential because the predicted result forms the
basis for generating meaningful medical reports
in the later stages of the system.

D. Multimodal Data Integration

The multimodal component of the system
integrates visual features extracted from medical
images with additional medical knowledge and
contextual information. By combining multiple
sources of data, the framework improves the
interpretability of the diagnostic results.
Multimodal learning enables the system to
understand both visual and textual information
simultaneously, allowing it to produce more
informative outputs. This integration stage helps
bridge the gap between disease prediction and
automated report generation, ensuring that the
generated report reflects the detected medical
condition accurately.

E. Automated Medical Report Generation

The final stage of the framework focuses on
generating a detailed medical report based on the
detected disease and extracted features. A

generative Al model such as BART is used to
convert the predicted results into meaningful
textual descriptions. The generated report
includes information such as disease name,
possible symptoms, treatment recommendations,
and preventive measures. This automated process
reduces the workload of healthcare professionals
and improves clinical documentation efficiency
while providing useful insights for patient care.

Sample Input
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Fig3: Sample Input to the
Multimodal Disease Prediction
System
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Sample Generated Medical Report

Detected Condition: Pneumonia

Prediction Confidence: v 91%

Report Summary:

Al analysis of the chest X-ray indicates possible pneumonia infection with
abnormal lung opacity patterns.

Clinical Recommendation:
Consult a healthcare professional for further diagnosis and treatment.

Report Generation Status:

@ Medical report generated successfully

Fig 4. Sample Output Generated by
the Proposed Disease Prediction

Model

V.DATASETS
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Figure 5: Multimodal Healthcare Dataset Used for Automated Medical Report Generation
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The dataset used in this study is a multimodal

healthcare

dataset designed to

support

automated medical report generation. It integrates
different types of medical data, including textual
symptom descriptions, medical images, and
audio recordings of respiratory sounds. The
textual data contains approximately 15,000
samples collected from publicly available clinical
symptom datasets and existing medical reports.
These text records provide important contextual
information about patient symptoms, medical
history, and clinical observations, which help the
Al system understand the patient condition and
generate meaningful diagnostic explanations.

In addition to textual data, the dataset includes
around 30,000 chest X-ray images obtained from
public repositories such as the NIH Chest X-ray
dataset and the COVID-19 radiography database.
These images allow the model to analyze visual
patterns related to respiratory conditions such as
Pneumonia and other lung abnormalities. The
dataset also incorporates approximately 20,000
respiratory audio recordings from the ICBHI
Respiratory Sound Database. By combining
textual, visual, and audio modalities, the
multimodal dataset enables the Al framework to
perform comprehensive analysis and generate
structured medical reports that summarize the
detected findings and clinical recommendations.

VI1.DISCUSSION

The proposed multimodal generative Al
framework demonstrates the potential of
integrating multiple healthcare data modalities to
support automated medical report generation. By
combining textual symptoms, medical imaging
data, and respiratory audio signals, the system is
able to analyze patient information more
comprehensively than traditional single-modality
approaches. The integration of visual features
from chest X-ray images and contextual
information from clinical text enables the model
to identify disease patterns such as Pneumonia
with improved interpretability. As a result, the
generated medical reports provide structured
summaries that include detected conditions,

ISSN: 2347-8578

www.ijcstjournal.org Page 128




International Conference on Intelligent Computing and Explainable Al (ICICEA) — April 2026

possible clinical explanations, and recommended
medical actions.

Furthermore, the multimodal framework
improves  the  efficiency of  clinical
documentation by automatically converting
analytical outputs into readable medical reports.
This capability can reduce the workload of
healthcare professionals and assist in preliminary
diagnosis, particularly in environments where
medical resources are limited. However, the
system’s effectiveness depends on the quality
and diversity of the training dataset, as well as
the robustness of the deep learning models used
for feature extraction and report generation.
Future improvements could include expanding
the dataset with more disease categories,
integrating electronic health record data, and
enhancing the generative model to produce more
detailed and clinically accurate medical
narratives.

VII.LEVALUATION PARAMETERS

The performance of the proposed multimodal Al
framework for automated medical report
generation is evaluated using several quantitative
metrics that measure the effectiveness of disease
detection and the quality of the generated reports.
One of the primary evaluation parameters is
accuracy, which indicates the percentage of
correctly predicted medical conditions from the
input data. High accuracy ensures that the model
can reliably identify diseases such asPneumonia
from medical images and related patient
information. In addition, precision and recall are
used to measure the model’s ability to correctly
classify positive disease cases and minimize false
predictions. Precision evaluates how many
predicted cases are truly correct, while recall
measures the ability of the model to detect all
actual disease instances present in the dataset.

Another important evaluation parameter is the F1-
score, which provides a balanced measure of
precision and recall, ensuring that the system
performs well across different classes of medical

conditions. For evaluating the generated medical
reports, natural language generation metrics such
as BLEU score and ROUGE score are used to
compare the Al-generated reports with reference
medical  reports  written by healthcare
professionals. These metrics measure the
similarity and quality of the generated text in
terms of content relevance and linguistic
accuracy. Together, these evaluation parameters
help determine the reliability, effectiveness, and
overall performance of the proposed multimodal
Al system in generating accurate and clinically
meaningful medical reports.

VIII.CHALLENGES AND FUTURE
PREDICTIONS

Despite the promising capabilities of the
proposed multimodal Al  framework for
automated medical report generation, several
challenges still exist. One of the major challenges
is the availability and quality of multimodal
healthcare datasets. Medical data such as clinical
text, X-ray images, and respiratory audio
recordings must be accurately labeled and
properly synchronized for effective training. In
many cases, healthcare datasets are limited,
imbalanced, or contain noisy information, which
may affect the performance of the model.
Another challenge is ensuring the reliability and
clinical accuracy of Al-generated reports,
especially when detecting diseases such as
Pneumonia from medical images. Since medical
decision-making requires high precision, the
generated reports must be carefully validated to
avoid incorrect interpretations.

Future research can focus on improving the
robustness and scalability of multimodal medical
Al systems. Expanding the dataset with additional
disease categories and incorporating other
medical data sources such as electronic health
records, laboratory reports, and clinical notes can
enhance the system’s diagnostic capability.
Advanced deep learning and generative models
can also be integrated to produce more detailed
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and context-aware medical reports. Furthermore,
future systems may include real-time clinical
decision support tools that assist healthcare
professionals in diagnosing and documenting
patient conditions more efficiently. With
continuous improvements in multimodal learning
and medical Al technologies, automated medical
report generation systems are expected to play an
increasingly important role in modern healthcare.

IX.CONCLUSION

This research presents a multimodal generative
Al framework for end-to-end medical report
generation that integrates medical images, textual
symptoms, and other clinical information to
assist in automated healthcare analysis. The
proposed system utilizes deep learning
techniques to analyze medical data and identify
disease patterns from medical images. By
combining visual feature extraction with
generative language models, the framework is
capable of producing structured medical reports
that summarize diagnostic findings and provide
relevant  clinical  recommendations.  The
integration of multimodal data improves the
system’s ability to capture contextual medical
information and enhances the overall accuracy
and usefulness of the generated reports.

The experimental results demonstrate that the
proposed system can effectively analyze medical
images and generate meaningful medical reports
for diseases such as Pneumonia and other related
conditions. This automated approach can
significantly reduce the workload of healthcare
professionals by  assisting in  clinical
documentation and preliminary  diagnosis.
Although certain challenges remain, such as
dataset limitations and ensuring clinical
reliability, the proposed framework represents an
important step toward intelligent healthcare
systems. Future improvements in multimodal
learning and generative Al models are expected
to further enhance the accuracy, reliability, and
real-world applicability of automated medical
report generation systems.
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