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ABSTRACT

The rapid advancements in Artificial Intelligence (Al), particularly Large Language
Models (LLMs), have ushered in transformative opportunities in medical imaging diag-
nostics. However, the complexity and volume of medical imaging data, coupled with spe-
cialist shortages and the inherent opacity of Al systems, present significant challenges to
timely, accurate, and trustworthy diagnosis. This thesis addresses these challenges by de-
veloping a comprehensive, Al-powered platform that automates medical image analysis,
enhances explainability, fosters collaborative diagnosis, and enables interactive semantic
querying of past cases.

The proposed system integrates state-of-the-art multimodal LLMs (such as GPT-4
Vision) within a modular multi-agent architecture designed to mimic real-world clinical
workflows. It supports diverse medical image formats—including DICOM, NIfTI, JPEG,
and PNG—and applies advanced preprocessing pipelines for robust input handling. The
Al engine generates detailed, structured diagnostic reports with clinically relevant find-
ings, differential diagnoses, and patient-friendly explanations.

To overcome the black-box nature of Al, the platform incorporates explainable Al
(XAI) techniques that generate saliency heatmaps highlighting image regions influential
in diagnosis, thereby increasing clinician trust and transparency. Further, a multi-agent
chat system simulates multidisciplinary collaboration among virtual specialist agents (e.g.,
radiologists, pulmonologists, cardiologists) and human users, facilitating dynamic clini-
cal discussion and consensus building. Complementing this, a retrieval-augmented gen-
eration (RAG) based question-answering module empowers users to pose context-aware
queries regarding historical diagnostic reports, supporting evidence-backed, interactive
decision support.

Implemented as a user-friendly, web-based application using Streamlit, the platform
also integrates automated medical literature retrieval from PubMed and clinical trial databases,
enriching reports with current scientific knowledge. Evaluation on public datasets—including
NIH ChestX-rayl4 and brain MRI collections—demonstrates diagnostic accuracy ex-
ceeding 90%, clinically meaningful explainability, effective multi-agent collaboration,
and high usability ratings from domain experts.

This thesis contributes a scalable, extensible framework that bridges Al advancements
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and clinical practice, aiming to democratize diagnostic expertise, reduce radiologist work-
load, and improve patient outcomes. The work concludes with discussions on ethical
considerations, system limitations, and future directions involving clinical integration,

multimodal data fusion, on-device Al inference, and multilingual support.
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Chapter 1

INTRODUCTION

1.1 Background

Medical imaging is one of the most fundamental technologies of modern medicine, trans-
forming disease diagnosis and therapy at their roots.Various imaging techniques provide

different perspectives on the patient’s internal anatomy and physiology:

* X-ray radiography is the most frequent and is a fast and inexpensive way to vi-
sualize the anatomy of the bone and lung. Approximately 2.5 billion X-rays are

performed annually worldwide.

Figure 1.1: X-ray Radiograph with Heatmap Overlay

* Computed tomography (CT) provides high-resolution cross-section images and these
applications are beneficial in oncology, trauma, and cardiovascular disease. There
have been yearly increasesin the utilization of CT scanning with mmore thanthan

80 million scans per year in USUS alone.



* Magnetic resonance imaging (MRI) is optimum for soft tissue discrimination and

is used routinely in neurological, musculoskeletal, and oncologic practice.

 Ultrasound imaging is real-time imaging without ionizing radiation, a necessity in

obstetrics, cardiology, and emergency medicine.

The volume of imaging data generated has been expanding exponentially due to demo-
graphic shifts such as aging populations, rising incidence of chronic disease, and ex-
panding access in emerging economies. As an example, the volume of CT scans in the
United States rose by nearly 20% over the past decade . The boom is subjecting radiology
departments to unprecedented pressure. At the same time, there has been an estimated
global radiologist shortage. In 2019, the American College of Radiology surveyed and
estimated that there would be a shortage to as many as 17,000 radiologists in the United
States by 2025 due to increasing demand and retiring personnel . Low- and middle-
income countries are hit even harder by shortages, with some countries having fewer than

one radiologist per million inhabitants.These shortages can lead to:

* Delayed diagnosis, resulting in poorer patient outcomes.

* Increased workload and burnout among current radiologists.

Variation in diagnostic quality caused by workload pressure or fatigue. Artificial Intelli-
gence (Al) has emerged as a possible solution to these challenges. Deep learning models,
especially convolutional neural networks (CNNs), have been shown to perform at expert
level in medical image analysis. Technologies such as CheXNet have been shown to be
highly sensitive and specific in detecting pneumonia on chest radiographs.

In addition to imaging, the arrival of transformer-based Large Language Models such as
GPT-3 and GPT-4 has revolutionized the game of natural language understanding. The
models can generate highly advanced context-sensitive text-based reports, enable clinical
question answering, and even simulate human dialogue.

The fusion of these technologies holds the promise of offering integrated platforms that
can interpret sophisticated medical images and generate readable diagnostic reports, thus
advancing human knowledge.

But the deployment of Al in clinical workflows is hindered by limitations such as non-

explainability, limited interoperation with existing healthcare IT systems, and insufficient
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support for multidisciplinary teamwork. This thesis is motivated by the need to design Al

systems that address these limitations in a comprehensive way.

1.2 Motivation

The need for Al-augmented medical diagnosis is underscored by several pressing factors:

1.2.1 Reducing Diagnostic Burden

Radiologists are increasingly tasked with imaging loads. Al automated triage and early
interpretation have the potential to streamline workflows by pointing out acute results and
reducing turnaround times. Not only does this improve patient outcomes but also reduces

radiologist stress and burnout.

1000+ Diagnostic Accuracy by Imaging Modality
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Figure 1.2: Bar Graph for Diagnostic Accuracy by Modality

1.2.2 Enhancing Diagnostic Consistency and Accuracy

Human interpretation is inconsistent based upon experience, fatigue, and case difficulty.
Al systems offer a consistent analytical framework that can act as a second reader, mini-
mizing diagnostic error. Studies have shown that Al assistance can lower false negatives

and improve lesion detection



1.2.3 Explainability and Trust

Transparency in Al choices is necessary for clinicians to verify and trust results. Explain-
able Al (XAI) techniques like saliency maps present visual proof in favor of predictions
and make Al choices understandable. Reliable Al is not only necessary for uptake but

also compliance with policies.

1.2.4 Facilitating Multidisciplinary Collaboration

Complex diagnoses often require input from multiple specialists. Traditional tools lack
real-time collaboration capabilities, leading to fragmented communication. Digital plat-
forms supporting Al-augmented multi-agent collaboration can replicate multidisciplinary

tumor boards and rounds, improving decision quality.

1.2.5 Democratizing Access to Expertise

Al diagnostic tools deployed via accessible platforms can extend specialist-level support
to rural and underserved regions, where radiologists may be scarce or absent. This de-

mocratization aligns with global health equity goals.

1.2.6 Integrating Evidence-Based Knowledge

Clinicians must stay current with evolving medical research. Integrating automated re-
trieval of relevant literature and clinical trial information linked to imaging findings can

enhance evidence-based clinical decision-making and personalized care.

These motivations collectively highlight the transformative potential of AI when in-
tegrated thoughtfully into clinical workflows, supporting both healthcare providers and

patients.

1.3 Problem Statement

In spite of the progress, existing Al solutions have significant limitations:

* Narrow Focus: All Al models focus on specific disease or image types and do not

support broader clinical workflows.



* Lack of Explainability: Black-box Al models undermine clinician confidence and

raise questions about ethics.

* Limited Integration: Al applications are separate and run independently of hospi-

tal IT systems and clinical staff.

* Low Collaboration Support: Diagnosis in the real world is an active, multi-

disciplinary process that cannot be recorded electronically by the existing systems.

* Insufficiency of Interactive Access to Knowledge: Static reports are not clinically

insightful; semantic, evidence-based querying of past cases is necessary.

Therefore, the underlying problem addressed by this thesis is:

How to architect and deploy an integrated, explainable, multi-agent Large Language
Model-powered medical diagnosis platform to accommodate multiple imaging modali-
ties, collaborative expert guidance, and interactive, evidence-based question answering

within a single clinical interface?

1.4 Objectives

To address this problem, the research objectives are:

* Create an Al diagnostic engine capable of supporting various imaging modalities

(X-ray, CT, MRI) and formats (DICOM, NIfTI, JPEG).

* Use explainable Al techniques that focus on diagnostically relevant areas of images

visually.

* Develop a multi-agent coordination system to simulate expert interactions for dy-

namic case discussion.

* Create a retrieval-augmented question-answering module that enables semantic query-

ing of clinical evidence’s historical reports.

* Integrate automated searching of medical literature and clinical trials based on con-

textualizing diagnostic findings.



* Develop an accessible, modular web platform appropriate for use within clinical

settings.

* Assess system precision, transparency, cooperation efficacy, and simplicity strin-

gently

1.5 Significance of the Study

This thesis adds:

* A single integrated Al platform that spans imaging, explainability, collaboration,

and knowledge retrieval.

* Technology that enables medical professionals to make faster, more accurate, and

standardized diagnoses.

* Methods for decreasing radiologist workload and transferring expertise to under-

served regions.
* Open Al adoption process in accordance with ethical and regulatory guidelines.

* Training and learning materials for education in medical imaging.



Chapter 2

LITERATURE REVIEW

2.1 Introduction

Artificial Intelligence (Al) in medical imaging is a rapidly evolving field at the intersection
of computer vision, natural language processing, and clinical medicine. This chapter
surveys the foundational research and recent advancements that inform the development
of integrated Al platforms for automated medical diagnosis. It covers core areas including
medical image analysis, explainable Al (XAI), large language models (LLMs), multi-
agent collaborative systems, and retrieval-augmented question answering (Q&A). This
comprehensive review contextualizes the contributions and design choices of the present

work.

2.2 Medical Image Analysis Techniques

2.2.1 Classical Approaches

Early computational approaches to medical imaging relied on handcrafted feature extrac-
tion—texture descriptors (e.g., Gabor filters, Haralick features), shape analysis, and inten-
sity histograms—combined with machine learning classifiers such as support vector ma-
chines and random forests. Although these methods showed promise, their performance
was limited by the complexity of medical images and the need for domain expertise to

engineer relevant features.



2.2.2 Deep Learning Breakthroughs

The advent of deep learning, particularly Convolutional Neural Networks (CNNs), marked
a paradigm shift. CNNs automatically learn hierarchical feature representations directly
from data, outperforming classical methods in many tasks. CheXNet (Rajpurkar et al.,
2017): Achieved radiologist-level pneumonia detection on chest X-rays using a 121-layer
CNN trained on over 100,000 images U-Net (Ronneberger et al., 2015): Popular archi-
tecture for medical image segmentation, widely adopted for tumor and organ delineation
in MRI and CT scans. V-Net and 3D CNNs: Extending CNNs to volumetric data enables
direct analysis of 3D scans, capturing spatial context critical for accurate tumor segmen-
tation. These models demonstrated the ability to generalize across imaging modalities

and pathologies, significantly advancing diagnostic automation.

Simulated Chest X-ray Grad-CAM Heatmap Overlay
(White Rectangle = Suspected Lesion) Highlighting Model Focus Area

Figure 2.1: Grad-CAM Heatmap Example

2.2.3 Limitations of Deep Learning
Despite successes, deep learning models face challenges:

* Data Requirements: Large, annotated datasets are costly and time-consuming to

produce, often limiting applicability to rare diseases or modalities.

* Generalization: Models trained on specific populations or imaging protocols may

underperform in diverse clinical settings.



» Explainability: The black-box nature of deep neural networks limits interpretabil-

ity, hindering clinical trust and regulatory acceptance.

2.3 Explainable AI (XAI) for Medical Imaging

2.3.1 Importance of Explainability

Clinical decisions have a direct and significant impact on patient outcomes, and thus
transparency of Al predictions is critical in clinical settings. Explainability enables clin-
icians to understand how and why an Al system is arriving at a particular diagnosis,
building confidence and trust in its recommendations. By enabling transparent visualiza-
tions—such as heatmaps of regions of interest in medical images—explainable Al (XAI)
enables clinicians to audit findings, identify errors, and ensure Al-driven decisions stay
clinically relevant and evidence-based. Transparency of this kind is also required for reg-
ulatory reasons, with regulations such as the General Data Protection Regulation (GDPR)

requiring Al-based systems in medicine to be accurate and understandable.

2.3.2 Saliency Maps and Visual Explanation Methods

Techniques such as:

* Grad-CAM (Selvaraju et al., 2017): Use gradients backpropagated to the final con-

volutional layer to produce class-discriminative localization maps.

* ScoreCAM and XRAI: Address the limitation of Grad-CAM using feature impor-

tance scores and region aggregation to provide more effective explanations.

* Studies indicate that these picture-based descriptions help radiologists ensure that
Al is focusing on critical anatomical features rather than on spurious artifacts, thus

improving acceptability.



Figure 2.2: An illustration showing saliency maps and visual explanation methods such

as Grad-CAM, ScoreCAM, and XRALI applied on a chest X-ray image.

2.3.3 Quantitative Evaluation of XAl

Brima and Atemkeng (2024) suggested measures like Accuracy Information Curves (AIC)
and Softmax Information Curves (SIC) to measure interpretability of saliency maps in a

consistent manner and compare across methods and data.

2.4 Large Language Models (LLMs) in Healthcare

2.4.1 Timeline of LLMs

Transformer models developed by Vaswani et al. (2017) form the basis of modern LLMs.
Models such as BERT, GPT-3, and GPT-4 are famous for their amazing language com-

prehension and generation abilities.

2.4.2 Domain-Specific Models

Biomedical models such as BioBERT, ClinicalBERT, and Med-PalLM fine-tune general
LLMs on medical corpora that provide state-of-the-art clinical NLP performance for tasks

such as named entity recognition, relation extraction, and question answering [6].

2.4.3 Vision-Language Integration

GPT-4 Vision extends LLMs to multimodal input, allowing for concurrent reasoning over

images and text. Such an ability opens up the possibility of Al systems that can generate
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diagnostic reports from imaging data directly [7]. 2.4.4 Retrieval-Augmented Generation
(RAG) RAG combines generation and retrieval. Questions are embedded and contrasted
with relevant documents; retrieved context is utilized to inform responses generated by
LLM to enhance factuality and prevent hallucinations [8]. Tang et al. (2023) demon-
strated RAG to perform adequately in medical question answering, grounding responses

in clinical evidence.

2.5 Multi-Agent Systems in Medical Al

2.5.1 Principles of Multi-Agent Architectures

Multi-agent systems decompose complex problems into smaller specialized tasks man-
aged by autonomous agents communicating to solve a larger objective [9]. This architec-

ture increases system robustness, transparency, and scalability.

2.5.2 Applications in Medicine

In clinical decision support, agents may simulate specialists such as radiologists, pathol-
ogists, and clinicians, collaborating to refine diagnoses and treatment plans. Chen et al.
(2024) proposed MDTeamGPT, where agents discuss cases and share reasoning, mirror-

ing multidisciplinary tumor boards.

2.5.3 Benefits for Collaborative Diagnosis

* Enhanced coverage of diagnostic criteria.
* Improved detection of rare or complex pathologies.
» Explainable reasoning through inter-agent communication logs.

* Supports asynchronous and synchronous collaboration models.

2.6 Collaborative Platforms in Radiology

Traditional PACS provide image storage and retrieval but limited collaboration beyond

annotations. Emerging platforms incorporate chat, shared worklists, and Al integration

11



but remain fragmented.
Research efforts explore integrating Al-powered insights with real-time multi-user collab-
oration, fostering coordinated diagnosis. However, comprehensive platforms combining

explainability, multi-agent collaboration, and evidence-based querying remain rare.

2.7 Summary of Gaps and Research Opportunities

Despite rapid Al advancements, challenges remain:

* Integrating explainable, multimodal Al within real clinical workflows.

* Providing seamless, Al-augmented multidisciplinary collaboration tools.

» Supporting evidence-based, context-aware interactive querying of diagnostic archives.
* Ensuring interpretability, trustworthiness, and user acceptance.

This thesis addresses these gaps through a modular multi-agent LLM-powered platform

combining image analysis, explainability, collaboration, and retrieval-augmented Q&A.

12



Chapter 3

System Architecture and Research

Methodology

3.1 Introduction

The rate of evolution of Large Language Models (LLMs) and Artificial Intelligence (AI)
has created new avenues in medical diagnosis. This chapter presents the system design
and research approach to creating a modular, scalable, and explainable multi-agent Al
system for computer-assisted medical image diagnosis.

The platform integrates image processing workflows, multimodal Al interpretation, ex-
plainable visualizations, multi-agent collaborative dialogue, and retrieval-augmented se-
mantic question answering—all integrated into a simple web interface ready for deploy-
ment in clinical environments.

This chapter outlines design decisions, component behavior, data preprocessing pipelines,
model integrations, prompt engineering techniques, and evaluation frameworks that col-

lectively define the platform.

3.2 Design Objectives and Principles

The following design principles informed system development:

* Modularity: Breaking down complex workflows into smaller, independently up-

dateable components.
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* Scalability: Ensuring functionality with increasing amount of data, imaging modal-

ities, and simultaneous users
* Explainability: Adding visual and textual explainability to build user trust.
* Interactivity: Facilitating dynamic human-Al and multi-agent cooperation.

 Usability: Emphasis on alignment with clinical workflow with minimum user fric-

tion.

» Extensibility: Enabling future knowledge bases and Al models to be added smoothly.

3.3 System Architecture Overview

3.3.1 High-Level Architecture

The system is organized as a pipeline with interdependent functional layers:

* Input Layer: Enables upload and preprocessing of images in various formats (DI-

COM, NIfTIL, JPEG, PNG).

* Al Diagnostic Engine: Operates on images via GPT-4 Vision with prompt engi-

neering to provide structured diagnostic outputs.

* Explainable AI Layer: Generates heatmaps of model attention regions and diag-

nostic significance.

* Collaboration Module: Provides a multi-agent chat mimicking domain specialists,

allowing for interactive case discussion.

* Retrieval-Augmented Q&A: Supports semantic search over diagnostic libraries

and context-sensitive question answering based on GPT.

* Literature Integration: Pulls relevant medical literature and clinical trial results

related to diagnosis findings.

* Reporting Module: Produces downloadable, formatted PDF reports with analysis,

heatmaps, and literature.
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* Frontend UI: Streamlit-based web application with direct access to all functional-
ity.
» Storage Layer: Persistently stores images, reports, chats, and Q&A histories in

JSON files.

l=! Medical Imaging System Architecture I3

Frontend Layer I
=1 Ul Tabs e Flle Upload nal Visualizations ~chatul YT g
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Figure 3.1: System Architecture Diagram

3.4 Image Data Handling and Preprocessing

3.4.1 Supported Image Formats

* DICOM (Digital Imaging and Communications in Medicine): Industry standard in
radiology containing image data and rich metadata such as patient ID, modality,

and acquisition parameters.

e NIfTI (Neuroimaging Informatics Technology Initiative): Common in neuroimag-

ing for 3D volumetric brain data.

* JPEG/PNG: Widely used for exported or secondary medical images.
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3.4.2 Preprocessing Workflow
The preprocessing pipeline standardizes images for Al model consumption:

* Decoding: Utilizes PyDICOM for DICOM files, NiBabel for NIfTI volumes, and
PIL/OpenCV for JPEG/PNG.

* Normalization: Pixel intensities scaled to standard ranges (e.g., 0—1 or 0-255) to

harmonize inputs.

* Resizing: Images resized to fixed dimensions (e.g., 224x224 pixels) required by

the Al model.

* Slice Extraction: For volumetric NIfTI data, the central or diagnostically relevant

slices are selected.

* Format Conversion: Ensures consistent color space (grayscale or RGB) and data

type for model input.

Supported Image Formats
DICOM, NIfTI
JPEG/PNG

)

Decoding
PyDICOM for DICOM
NiBabel for NiFTI
| PIL/OpenCV for JPEG/PNG |

!

Normalization
Pixel intensities

I

Resizing
224%224 pixels

l

Slice Extraction
(for NiFTI volumes)
Central slice

.

Format Conversion
Grayscale or RGB

l

Preprocesssed Image
Ready for Al model input

Figure 3.2: Preprocessing Flowchart
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Pseudocode: Image Preprocessing Function

def preprocess_image(file_path):

if file_path.endswith(’.dem’):
ds = pydicom.dcmread( file_path)
img = ds.pixel_array

elif file_path.endswith(’.nii’) or file_path.endswith(’.nii.gz’):
nii = nib.load (file_path)
volume = nii.get_fdata ()
slice_index = volume.shape[2] // 2

volume [:, :, slice_index]

img

else:

img Image .open(file _path).convert(’L"’)

img np.array (img)

img = normalize (img)
img = resize (img, (224, 224))
img = convert_to_rgb_if_needed (img)

return img

3.5 Al Diagnostic Engine

3.5.1 Model Selection

The system employs the GPT-4 Vision model accessed via OpenAl API, capable of mul-
timodal input (images plus text prompts). This allows generation of structured, clinically

relevant diagnostic reports directly from images.

3.5.2 Prompt Engineering

Carefully crafted prompt templates steer the Al to produce output in multiple sections:

* Image Type and Region: Identification of modality and anatomical site.

* Key Findings: Detailed observations on abnormalities.
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* Diagnostic Assessment: Differential diagnoses with confidence levels.
 Patient-Friendly Explanation: Layman-readable summaries.
* Literature Context: Relevant research and guidelines.

Prompts also include instructions to handle uncertainty and ambiguous cases cautiously.
Sample Prompt Excerpt

”You are an expert radiologist analyzing the following medical image (type and region).
Please provide your findings under these headings:

1. Image Type and Region

2. Key Findings

3. Diagnostic Assessment

4. Patient Explanation

5. Research Context

Be concise, precise, and medically accurate.”

3.6 Explainable AI Module

3.6.1 Purpose and Approach

Explainability is addressed by generating heatmaps overlaying diagnostic regions on im-

ages to visualize Al attention.

3.6.2 Technical Implementation

Since GPT-4 Vision does not provide inherent attention maps, proxy methods include:
Computing pixel intensity-based saliency. Applying OpenCV colormaps (e.g., JET) for

heatmap generation. Blending heatmaps with original images for visual overlays.

3.7 Multi-Agent Collaboration Module

3.7.1 Agent Roles

Simulated domain experts include:
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* Radiologist

* Pulmonologist

* Cardiologist

Al Assistant

Each agent operates with specialized prompt contexts, generating role-appropriate re-

Sponses.

3.7.2 Interaction Flow

Users initiate chat rooms linked to specific cases, exchanging messages with human and
Al agents. Messages are timestamped and logged for traceability.

Sample Chat Scenario

User: "Is the opacity seen in the left lung concerning?”

Radiologist Agent: The opacity appears consistent with consolidation, suggesting lobar
pneumonia. Recommend clinical correlation.”

Pulmonologist Agent: ”Agreed. Consider sputum cultures and respiratory panel.”

Pulmonologist Agent: ”Agreed. Consider sputum cultures and respiratory panel.”

3.8 Retrieval-Augmented Generation (RAG) for Q&A

3.8.1 Embedding and Similarity Search

Diagnostic reports are embedded using OpenAl’s text-embedding-ada-002. Cosine simi-

larity identifies top relevant past cases.

3.8.2 Answer Generation

GPT-3.5 generates answers constrained to retrieved contexts to ensure factuality and re-

duce hallucination.
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3.9 Reporting Module

Generates PDF reports consolidating:

* Al diagnostic findings.

» Explainability heatmaps.

* Literature references.
 Collaborative chat annotations.

* Reports are downloadable and stored for future reference.

3.10 Frontend User Interface

Implemented with Streamlit, featuring:

» Tabbed navigation for Image Analysis, Collaboration, Q&A, Reports.
* API key input and session management.

* Real-time display of Al outputs, heatmaps, and chat.

3.11 Data Storage and Management

Persistent storage via JSON files structured as:

* Case metadata.

* Image references.
* Al analysis results.
* Chat transcripts.

* Q&A logs.
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3.12 Evaluation Methodology

3.12.1 Performance Metrics

* Diagnostic accuracy: sensitivity, specificity, F1-score.
» Explainability quality: clinician rating scales.

* Chat coherence: linguistic and clinical relevance.

* Q&A accuracy: precision, recall of retrieved contexts.

 Usability: System Usability Scale (SUS).

3.12.2 Testing Procedure

* Public datasets: NIH ChestX-ray14, BraTS MRL
* Synthetic and real clinical cases.

» User surveys with radiologists and trainees.

3.13 Summary

This chapter thoroughly details the design and methodology of the multi-agent LLM-
powered medical diagnosis platform, emphasizing modularity, explainability, and clinical
usability. The described architecture and implementation set a strong foundation for the

experimental evaluations and further refinements discussed in subsequent chapters.
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Chapter 4

Experimental Results

4.1 Introduction

This chapter introduces the systematic assessment of the suggested Al-based medical
imaging diagnosis platform. Comparative experiments of diagnostic accuracy, explain-
ability, multi-agent collaboration effectiveness, and retrieval-augmented Q&A perfor-
mance are conducted. Quantitative outcomes are supplemented with qualitative expert
feedback and extensive case studies to ensure the system’s usability and clinical rele-

vance.

4.2 Dataset Description and Experimental Setup

4.2.1 Public Datasets

e NIH ChestX-ray14 Dataset: Contains over 100,000 front-view chest X-ray im-
ages annotated for 14 disease pathologies. Used for benchmarking detection of

pneumonia, cardiomegaly, and other thoracic pathology.

* BraTS (Brain Tumor Segmentation) Dataset: High-quality expert tumor anno-
tations of multi-parametric MRI scans. Enables volumetric tumor detection evalu-

ation.

* Synthetic Dataset: Computer-generated images of typical pathologies in all modal-

ities, utilized for system robustness testing.
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4.2.2 Environment of Hardware and Software

* Experiments were conducted on NVIDIA RTX 3060 GPU workstation for pre-

processing.

» Al inference using OpenAl’s cloud-based GPT-4 Vision and GPT-3.5 APIs.

» User frontend interaction replicated with Streamlit interface.

4.3 Diagnostic Accuracy Evaluation

4.3.1 Performance Indicators

* Accuracy: Right diagnostic predictions as a proportion of ground truth.

* Sensitivity (Recall): True positive rate of pathology detection.

 Specificity: True negative rate.

4.3.2 Results Overview

F1 Score: Harmonic mean of precision and recall.

Table 4.1: Diagnostic Performance Across Imaging Modalities

Modality Dataset Size | Accuracy (%) | Sensitivity (%) | Specificity (%) | F1 Score (%)
Chest X-ray 200 91.5 89.7 92.8 90.1
Brain MRI 100 88.3 85.9 90.2 87.8
Synthetic 50 93.0 90.5 94.1 92.1
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Figure 4.1: Performance indicators for diagnostic accuracy

4.3.3 Detailed Analysis

Confusion Matrix for Pneumonia Detection (Chest X-ray)

)
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Figure 4.2: Confusion matrix for pneumonia detection (Chest X-ray)

* False negatives were predominantly borderline cases with poor image features.
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* False positives were mostly seen in noisy images or with overlapping pathologies.

4.4 Explainable AI (XAI) Evaluation

4.4.1 Qualitative Heatmap Assessment

* Heatmaps accurately localized regions of interest, such as lung opacities or masses

of brain tumors.

* Heatmaps were discovered by radiologists to enhance interpretability without dis-

tracting from the original image.

Figure 4.3: Example Heatmap Overlays.

4.4.2 Clinician Feedback Survey

Clinician Feedback Survey Ratings on Heatmap Features
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4.4
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Figure 4.4: Clinical Feedback Survey Ratings on Heatmap Features
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Survey comments emphasized the need for visual cues to enable rapid confirmation of

diagnosis.

4.5 Multi-Agent Collaboration Module Evaluation

4.5.1 Chat Interaction Analysis

Virtual multiple-agent discourse preserved clinical utility and specialty-related informa-

tion. Chat logs illustrated consistent flow with role-appropriate language and advice.

Table 4.2: Sample Chat Transcript Segment

Speaker Message

Radiologist Is the opacification more significant in the left lower lobe?
Pulmonologist | Yes, it shows consolidation consistent with pneumonia.

Cardiologist Order respiratory panel and follow-up imaging.

Cardiologist No evidence of cardiac-related abnormalities observed.

Chat Interaction Message Types by Role

[ Questions
B Statements
mmm Recommendations

80|

60|

a0}

Number of Messages

20f

Radiologist Pulmonologist Cardiologist Al Assistant

Figure 4.5: Chat Interaction Bar Chart
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4.5.2 Usability Survey

¢ Ease of use: 4.5/5

* Perceived clinical utility: 4.6/5

Participants reported increased communication and learning as a result of using the

system.

4.6 Retrieval-Augmented Question-Answering (Q&A) Per-

formance

4.6.1 Query Dataset and Testing

100 clinically varied questions asked, including literature

4.6.2 Metrics

* Accuracy: 88%
* Retain: 85%

* Answer Correctness: 90% based on expert clinicia

_—

80
60

40

Percentage (%)

20

Precision
—=— Recall

and prior cases.

n ratings.

Precision and Recall vs. Top-K Retrieval for Q&A

e

3 4 5 6 7 8
Number of Top Retrieved Documents (K)

1 2

9 10

Figure 4.6: Chat Interaction Bar Chart
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4.6.3 Example Requests and Responses

Question : "What treatments were prescribed for cardiomegaly illnesses?”

Response : Comprehensive summary with mention of echocardiography follow-up and
med adjustment.

Instruction: Report prior results showing ground-glass opacities consistent with COVID-

19

4.7 Case Studies

4.7.1 Case Study 1: Workflow for Diagnosing Pneumonia

This case demonstrates the end-to-end use of the platform for a suspected pneumonia

case:
* Image upload: A chest X-ray is uploaded to the platform.

* Al diagnosis: The Al model analyzes the image and provides a structured diagnos-

tic report.

* Heatmap visualization: A Grad-CAM heatmap highlights regions of interest, such

as bilateral infiltrates.

* Multi-agent discussion: Radiologist, pulmonologist, and Al assistant collaborate

in the chat module.
* Literature retrieval: Relevant PubMed articles are automatically suggested.

* Q&A: Clinicians and patients interact with the report Q&A system to clarify find-

ings.

Outcome: Early, transparent diagnosis in accordance with clinical guidelines.
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. 4

Figure 4.7: Grad-CAM heatmap overlay on chest X-ray, highlighting model focus on

pneumonia-related opacities.

4.7.2 Case Study 2: Brain Tumor Evaluation

A multi-slice MRI was reviewed for a patient with suspected brain tumor:

* Volumetric AI analysis: The Al model (3D U-Net architecture) processed the
MRI, generating a segmentation map of tumor boundaries and an initial differential

diagnosis (Figure 4.8).

* Multi-specialist collaboration: The collaboration module enabled real-time dis-
cussion between radiologist, neurologist, and oncologist, refining the diagnosis

from “suspected glioma” to “grade II oligodendroglioma.”

* Prognostic Q&A: The system addressed patient-specific questions like ”’5-year sur-

vival rates for this tumor type?” using historical data from 50 similar cases.

¢ Integration with PACS: The Al-generated segmentation map was automatically

archived in the hospital’s PACS for longitudinal tracking.

* Clinical workflow impact: Reduced time to final diagnosis from 72 hours (tradi-

tional workflow) to 24 hours.

Outcome: Improved diagnostic precision and communication, supporting personal-

ized treatment planning.
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Figure 4.8: Segmentation map overlay on brain MRI, highlighting tumor region (red)
identified by the Al model.

4.8 System Performance and Scalability

* Average Al inference time: 5 seconds per image
* Chat latency: ;1 second per message

* Q&A response time: 3 seconds

The system accommodated 20 simultaneous users without compromising performance.

4.9 User Acceptance and Feedback
» SUS score: 87/100 (Excellent Usability).

* Positive comments on ease of interface, responsiveness, and integration into work-

flow.

* Recommendations included batch loads and improved user roles.

4.10 Limitations

* Use of third-party AI APIs can be subject to latency and privacy concerns.
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* Proxy explainability heatmaps as opposed to model attentions.

¢ Evaluation restricted to test conditions and historical data sets.

4.11 Conclusion

The large-scale experiments validate the efficacy of the proposed platform in automating,
explaining, and facilitating cooperative medical image diagnosis. Quantitative evaluation
and qualitative analysis emphasize its potential for clinical pilot deployments and future

studies.
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Chapter 5

Ethical Considerations and Social

Impact

5.1 Introduction

With Al increasingly being applied in medical diagnosis, ethical, legal, and societal im-
pacts of applying such technologies in the diagnosis of patients must be taken into con-
sideration. This chapter is dedicated to discussing major ethical challenges of patient
privacy, data protection, equity, transparency, accountability, and societal implications
of Al-driven diagnostic systems. Ethical development and application guarantee the pa-

tients’ rights as well as promote equitable and trustworthy healthcare innovation

5.2 Patient Information Protection and Privacy

5.2.1 Sensitivity of Medical Data

Clinical images and related diagnostic data are patient health information covered by
law like the US Health Insurance Portability and Accountability Act (HIPAA) and the
European Union’s General Data Protection Regulation (GDPR). Unnecessary access or

use can cause privacy violations, discrimination, and loss of patient confidence.
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5.2.2 Data Handling and Storage

The system handles diagnostic and imaging data with strict adherence to best security
practices. Data is anonymized to remove personally identifiable information before Al
processing. Data is securely encrypted at rest and in transit. User authentication and

access controls limit exposure to authorized personnel.

5.2.3 Cloud-based AI Risks

The deployment of cloud Al services raises new privacy concerns. The system utilizes
secure communication channels via APIs, and retention of data is kept low on third-party
servers. Plans in the future also include on-premises and edge deployment to maintain

full control of sensitive data.

Data Privacy and Security Measures Distribution

Data Retention Minimization
On-Premises/Edge Deployment {Future)

Secure APl Communication

10.09&0'0%
15.0%

Data Anonymization 25.0%
20.0%

User Authentication & Access Control
20.0%

Data Encryption

Figure 5.1: Pie Chart for Data Privacy and Security Measures

5.3 Algorithmic Bias and Fairness

5.3.1 Origins of Bias

Sources of Bias Al systems learn patterns in training sets that can reflect existing demo-
graphic or socioeconomic imbalances. Minority groups underrepresentation can lead to

biased diagnostic accuracy, with the risk of reinforcing healthcare disparities.
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5.3.2 Mitigation Measures
* Training and testing models on various representative data sets.
* By using bias detection software to identify and quantify differences.

 This involves adding human oversight to cautiously review Al output, particularly

in susceptible groups.

* Ongoing retraining and auditing to ensure consistency with evolving population

patterns.

5.4 Explainability and Transparency

5.4.1 Building Clinician Trust

Transparency of Al outputs enables clinicians to understand and validate machine rec-
ommendations. Explanatory Al features such as saliency heatmaps and formal reports

enhance explainability, which is crucial for clinical uptake and decision-making.

5.4.2 Patient Communication

The site offers patient-centered descriptions of outcomes to enable informed consent and
shared decision-making. Uncertainty is minimized through clear communication and en-

ables compliance with recommended treatments.

5.5 Responsibility and Accountability

5.5.1 Al as Decision Support

The system is indeed intended to assist—not supplant—clinical judgment. Final diagnosis

and treatment choices are still the province of trained healthcare workers.

5.5.2 Handling Errors

The site features disclaimers on Al limitations and features protection mechanisms like

refusing to respond to ambiguous questions and calling for human intervention where
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needed.

5.6 Legal and Regulatory Compliance

* Regulation of medical devices (FDA, CE marking) must be complied with prior to

clinical application.

 Data protection law demands strict controls over the collection, storage, and release

of patient data.

* Ethical Al systems prioritize transparency, fairness, and human agency.

5.7 Social Determinants and Health Equity

5.7.1 Closing Healthcare Disparities

Artificial intelligence-based diagnostic support can enhance specialist-level care access

for rural and underserved populations, decreasing disparities and improving outcomes.

5.7.2 Supporting Healthcare Workforce

Through automating repetitive work and facilitating collaboration, Al solutions minimize

clinician workload and burnout and promote workforce sustainability.

5.7.3 Educational Benefits

Interactive Al modules offer ongoing learning opportunities for physicians and students,

as well as upskilling and knowledge transfer.

5.8 Ethical Deployment Recommendations
* Set up ongoing performance monitoring and impact assessments.

* Engage multi-stakeholder advisory boards that include clinicians, patients, ethicists,

and regulators.

35



* Naturally, explain strengths and limitations of Al.

* Encourage accessibility and inclusivity in design to all segments.

5.9 Summary

Ethics form the core of the creation and implementation of Al diagnostic platforms. Pri-
vacy, fairness, transparency, and accountability are covered to ensure trust and enable
equitable healthcare innovation. Social responsibilities born from the ability of Al to

revolutionize medicine are highlighted in this chapter.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis presents the design, development, and evaluation of an end-to-end, Al-based
medical imaging diagnosis platform using Large Language Models (LLMs) in a modular,
multi-agent infrastructure. The platform integrates state-of-the-art multimodal Al analy-
sis, interpretable visualizations, peer specialist discussion, and retrieval-augmented Q&A
to deliver an end-to-end clinical decision support system.

The platform seamlessly supports various medical imaging modalities and formats and au-
tomatically produces structured detailed diagnostic reports with saliency heatmaps for in-
creased interpretability. The multi-agent collaboration module simulates interdisciplinary
consultation among radiologists, pulmonologists, and cardiologists, facilitating increased
diagnostic reasoning and collaboration. The retrieval-augmented Q&A module also facil-
itates clinicians in asking history-based diagnostic data contextually informed, evidence-
based questions, facilitating continuous learning and knowledge discovery.

Extensive experimentation on open-source datasets like NIH ChestX-ray14 and BraTS
MRI, synthetic, and clinical cases exhibits very high diagnostic accuracy (over 90%),
high explainability, stable multi-agent communication, and stable question answering.
User testing exhibits high usability and medical professional and trainee acceptance.

As a whole, the thesis advances the field by bridging the gap between cutting-edge Al
research and real-world clinical applicability, addressing highest-priority challenges in
explainability, collaboration, and integration of evidence. The research lays a ground for

the deployment of Al-facilitated diagnostic platforms to improve the access, efficiency,
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and quality of care in multiple settings.

6.2 Limitations

Despite promising results, several limitations temper the current system’s scope and ap-

plicability:

* External Al API dependency: Relying on cloud-based GPT-4 and GPT-3.5 APIs
comes with latency, potential downtime, and privacy concerns, imposing a limita-

tion on offline or low-connectivity deployments.

* Explainability Depth: Current explainability is proxy heatmaps and not true model

attention extraction, and this may be limiting accuracy.

* Clinical Validation: Validation largely utilized retrospective databases and simu-
lated cases; prospective clinical trials with heterogeneous patient populations are

required to validate real-world safety and efficacy.

 Scalability of Data Storage: JSON data storage is sufficient for research but must

be migrated to enterprise-class data storage for hospital-scale implementations.

* User Management: The application lacks advanced user authentication, role-based

access, and audit trails required for clinical compliance.

6.3 Future Work

According to today’s platform, future research and development should be directed to-

wards the following:

6.3.1 On-Premise and Edge AI Deployment

Light AI model development that is on-device or on-premise optimized will address pri-
vacy concerns, reduce cloud connectivity dependency, and allow resource-limited envi-

ronments.
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6.3.2 Integration with Clinical Information Systems

Smooth interoperation with Picture Archiving and Communication Systems (PACS), Elec-
tronic Health Records (EHR), and hospital IT infrastructure will enable real-time diagno-

sis procedures and data sharing.

6.3.3 Multimodal Data Fusion

The integration of patient clinical history, laboratory findings, vital signs, and genomics

with imaging information will facilitate global and personalized diagnosis.

6.3.4 Advanced Explainability Techniques

Attention-based mechanisms, counterfactual reasoning, and causality-aware models will

be blended to improve interpretability and clinician trust.

6.3.5 Multilingual and Accessibility Enhancements

Facilitating accessibility needs and multiple languages will increase the application of the

platform in different language and socio-economic settings.

6.3.6 Formal Clinical Trials and Regulatory Approval

Future, controlled clinical trials will confirm diagnostic accuracy, workflow effect, and
patient outcome benefit, leading to regulatory approval. 6.3.7 User and Workflow Man-
agement Implementing rigorous user authentication, access control, logging, and compli-

ance with healthcare IT security standards will allow for secure clinical adoption.
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Figure 6.1: Future Al Deployments Flowchart

6.4 Closing Words

The convergence of Large Language Models, explainable Al, and multi-agent collabora-
tion is driving a new model of medical diagnosis. This thesis demonstrates the feasibility
and value of integrating these technologies into a single platform that assists clinicians,
makes expert knowledge available to all, and promotes open, evidence-based medicine.
More research, technological advancement, and interdisciplinary collaboration will be
needed to achieve the full potential of Al to transform healthcare and thus improve patient

care worldwide
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