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ABSTRACT

Automated medical image interpretation and clinical report generation have been shown
to be very promising areas for the application of recent advances in Vision-Language
Models (VLMs). However, existing report generation systems for radiology reports
tend to suffer from hallucinated findings, lack of clinical context, and inconsistent
structured outputs, which hinders their use for real-world clinical decision support
systems. This thesis introduces a multimodal clinical decision support system that
integrates Vision-Language Models with Retrieval-Augmented Generation (RAG) to
create clinically relevant chest X-ray radiology reports.

The proposed system is based on multimodal chest X-ray understanding and re-
port generation by using the Qwen model series, embedding-based similarity search,
and retrieval-augmented contextual grounding using the FAISS similarity search li-
brary. The Indiana University Chest X-ray dataset was used to build a medical re-
trieval knowledge base with 3,000 radiology reports. The framework first creates an
initial radiology report from the given chest X-ray image, then, it uses a retrieval-aware
prompting process to query the knowledge base for similar reports to refine the initial
report. Structured JSON-based report generation with Pydantic schemas was used for
reliability, parsing consistency, and downstream usage.

The Indiana University Chest X-ray dataset was used for experiments with both
quantitative and qualitative evaluation techniques. A separate test set (98 chest X-ray
cases) was used for evaluation. Lexical similarity metrics, clinical factuality analysis,
pathology-level label evaluation, hallucination analysis, parsing robustness, retrieval
configuration ablation studies, and runtime analysis were all included in the evalua-
tion framework. The experimental results showed that the proposed RAG-enhanced
framework outperformed the baseline VLM system in terms of the quality of the gen-
erated report and the clinical relevance of the report. The proposed system improved

= @ the ROUGE-1 score from 0.280 to 0.390, ROUGE-L 'score from 0.220 {0 0!310, and

clinical label F1 score from 0.631 to 0.762. Moreover, the hallucination rate decreased
from 42.0% to |18.0%, and the parsing success rate increased from 85.7% to 98.0%.
Further ablation studies showed that the all-MiniLM-L6-v2 embedding encoder with
k = 3 was the best in overall performance.

This study’s results clearly illustrate that using multimodal retrieval-guided gener-
ation significantly enhances the factual consistency, clinical relevance and structural
reliability of systems performing automatic radiology report generation. This thesis
makes a contribution to the design of trustworthy Al-assisted clinical decision support
systems, and demonstrates usefulness of combining VLM and RAG for medical report
generation.

v
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CHAPTER 1

INTRODUCTION

Medical imaging is in an unprecedented situation in the modern clinical practice. The
ability to view the structure and function of the human body without touching it; or
make measurements on it, has revolutionised the diagnosis and management of a myr-
iad of diseases, and the chest X-ray is the single most commonly used diagnostic imag-
ing examination in the world. A mass of image information is created from these ex-
aminations and it is the trained radiologist who still has to systematically interpret,
document and communicate this information to clinical teams. This focus on the re-
sponsibility for interpretation puts a strain on the relationship between the demand for
this service and the resources available for fastidious radiological interpretation, and
gives rise to a well documented phenomenon of diagnostic fatigue, delayed reporting

and error of oversight that poses a risk to patient safety [1].

In recent years, deep learning techniques applied to medical image analysis have
emerged to initially promise automated/semi-automated assistance for the radiological
workflow. Initial CNN models showed that they can accurately classify a limited num-
ber of radiological features, close to a specialist radiologist, on well-defined, curated
benchmark datasets, creating excitement about the potential of Al as a clinical tool.
But classification-based approaches only generate labels — or some small number of
binary flags — and they are unable to produce the rich, contextualised narrative that
is a clinical radiology report. The report is not just a description of positive findings,
but a reasoned interpretation that places the observations in the context of the patient’s
history, describes the severity, location and nature of abnormalities, links findings to
differential diagnosis and provides clinical recommendations. This interpretive rich-
ness can only be reproduced by a capability that is not easily categorized, namely

reasoning about visual evidence in natural language [2].

- @ Large Language Models (LLMs), and multimodal models dubbed Vision-Language

Models (VLMs), have proven to be the most promising technology to fill this void. For
instance, the GPT-4V is trained to take an image as input and generate coherent, con-
textually appropriate natural language descriptions; LLaVA is another model that can

process an image and generate natural language captions, titles, and descriptions; and
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the Qwen-VL series of models can process an image and return a natural language
caption, title, and description. On medical imaging tasks such as automatic report gen-
eration, these models have shown promising results on the corresponding benchmarks,
generating reports that are structurally and linguistically well formed and that contain

many of the salient visual elements that exist in the input image.

However, although there are several promising capabilities, the use of Vision-Language
Models for medical imaging is plagued by a serious and well understood drawback
called hallucination. From a medical report writing point of view, a hallucinated state-
ment is any statement that appears in the generated report that has no evidence in, or
is directly contradicted by the visual evidence on the radiograph. This can happen in
several ways, such as when pleural effusion is described when it is not seen on X-rays,
or when “cardiomegaly” is reported when the heart silhouette is normal, or when the
radiodensity is described as being of a specific origin, but is in fact not. Hallucination

risk is not just issues related to model accuracy but patient safety. [3].

1.1 Retrieval-Augmented Generation as a Grounding Strategy

Retrieval-Augmented Generation represents a principled architectural intervention for
reducing hallucination in language model outputs by grounding generation in exter-
nally retrieved, verifiable evidence. Originally proposed in the context of open-domain

”» @ question answering by Lewis et al. [4], the RAG paradigm augments the parametric

knowledge stored in model weights with a non-parametric retrieval component that
can access a curated external knowledge base at inference time. When a model gener-
ates a response, it does so conditioned not only on the input query but also on a set of
retrieved passages that constrain the space of plausible outputs to those consistent with
the retrieved evidence. This grounding mechanism has been shown to substantially re-
duce hallucination rates across a variety of language modelling tasks, and its extension
to medical report generation represents a particularly compelling application given the

high stakes of clinical accuracy.

In the medical imaging domain, the most natural retrieval corpus for grounding
radiology report generation is a collection of historical radiology reports paired with
their corresponding images and annotated findings. When a new chest radiograph is
submitted for interpretation, the system can retrieve reports from historically similar
cases, providing the generation model with evidence of how expert radiologists have
described visually comparable findings. This evidence serves multiple functions simul-
taneously: it constrains the vocabulary and clinical terminology used in the generated
report to that which is appropriate for the observed findings, it reduces the probability
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of asserting findings that are inconsistent with the visual evidence, and it provides a
form of implicit peer review by anchoring the output to the documented clinical expe-

rience of the historical corpus.

1.2 The Problem of Explainability in Clinical AI

A second critical challenge in the deployment of Al systems for clinical decision sup-
port is the problem of explainability. A clinical Al system that produces recommen-
dations or interpretations without providing any insight into the basis for those outputs
places the clinician in the position of having to either accept the AI’s conclusions on
faith or reject them entirely. None of these answers is the best model for collaboration
between the human and the Al in the high-stakes clinical environment. The clinician
must be able to validate the Al’s reasoning, recognize the situations in which the AI’s
reasoning is correct, and those in which it might be incorrect, and adjust his or her trust
accordingly [5].

The RAG architecture provides a natural roadmap to a way of generating medical
reports that is more transparently process-driven. The system explicitly retrieves and
presents the clinical precedents that underlie its generation, allowing the clinician to
inspect the clinical precedents directly to gain an understanding of why the system
generated the report as it did, and to determine whether the clinical evidence which
was retrieved is actually relevant to the case at hand. This type of case-based reasoning
transparency, in which the output of the Al is explained in terms of the analogous cases
that it relied on, is epistemically natural in clinical reasoning, because in the latter the
appeal to analogous cases of the past is a more commonly used way of justifying

clinical moves.

= ©® 1.3 Research Objectives

The main goal of this thesis is to design and assess @ multimodal clinical decision
support system to tackle the hallucination issue and the explainability issue in Vision-
Language Model (VLM)-based radiology report generation. The specific research ob-
jectives are as follows. The primary objective is to develop a RAG-enhanced pipeline
that retrieves semantically relevant historical radiology reports from the Indiana Uni-
versity Chest X-ray Collection to ground the generation of new reports by the Qwen?2.5-
VL-7B vision-language model, and to demonstrate through quantitative evaluation that
this retrieval grounding measurably reduces clinical hallucination rates compared to a

zero-context baseline. The second objective is to evaluate the performance of the base-

Z"—.I turnitin Page 20 of 54 - Integrity Submission Submission ID _ trn:oid:::27535:142328818



Z'l_.l turnitin Page 21 of 54 - Integrity Submission Submission ID _ trn:oid::27535:142328818

line and RAG-enhanced pipelines across a comprehensive set of automatic metrics
encompassing both lexical similarity to reference reports and clinical accuracy as mea-
sured by clinical label F1 scores derived from nine pathology categories. The third
objective is to conduct a systematic ablation study that isolates the contribution of the
retrieval component and the quality of the retrieval encoding to the overall system per-
formance, providing evidence for the architectural choices made. The fourth objective
is to develop and demonstrate an explainability mechanism that exposes the retrieved
clinical context to end users, enabling transparent, traceable reasoning in the medical
report generation process. The fifth objective is to provide a comprehensive analysis
of the failure modes of both systems, characterising the distribution of false positive
and false negative clinical label predictions and interpreting the implications for the

current bottleneck in clinical Al report generation.

1.4 Contributions of This Thesis

The principal contributions of this thesis are as follows. First, a complete end-to-end
Hallucination-Aware Retrieval-Augmented Explainable Medical Reasoning system is
proposed and implemented, integrating the Qwen2.5-VL-7B model with a FAISS-
indexed corpus of historical radiology reports encoded using the all-MiniLM-L6-v2

- e sentence transformer. This system is, to the best of the author’s knowledge, one of the

first to combine a recent open-weights multimodal large language model with retrieval
grounding for the specific purpose of hallucination reduction in structured radiology
report generation using a JSON-enforced output schema. Second, the system is em-
pirically validated on 98 chest radiograph cases from the IU-Xray dataset, demonstrat-
ing absolute improvements of 11 percentage points in ROUGE-1, 9 percentage points
in ROUGE-L, and a reduction in clinical hallucination rate from approximately 42%
to 18%, establishing retrieval grounding as an effective and deployable intervention.
Third, a clinical label-level F1 analysis across nine pathology categories provides fine-
grained diagnostic insight into the differential contribution of RAG grounding across
different disease presentations, revealing that the hallucination reduction benefit is
greatest for the less visually unambiguous pathologies such as consolidation and at-
electasis. Fourth, a structured ablation study quantifies the independent contribution
of the retrieval encoder, the number of retrieved documents, and the retrieval context
integration strategy to the overall system performance. Fifth, a qualitative case study
analysis with side-by-side presentation of ground truth, baseline, RAG, and retrieved
context for selected cases demonstrates the explainability properties of the system and
illustrates both its successes and its remaining limitations.
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LN 12 1.5 Organisation of the Thesis

The remainder of this thesis is organised as follows. Chapter 2 covers the technical
background, including the architecture and parametric limitations of large language
and vision-language models, the principles of dense retrieval and approximate near-
est neighbour search, the construction and characteristics of the Indiana University
Chest X-ray dataset, and the evaluation metrics employed. Chapter 3 provides a thor-
ough overview of the literature on automated radiology report generation, multimodal
language models, retrieval-augmented generation for medical NLP, quantification of
hallucinations, and the explainability of medical Al. The proposed methodology is de-
tailed in Chapter 4, addressing the problem formulation, the system architecture, the
implementation decisions and the experimental setup. The experimental results are
presented and discussed in Chapter 5, which includes the primary quantitative com-
parison, the ablation study, the clinical label analysis, the hallucination rate analysis
and the qualitative case studies. The thesis ends with chapter 6 that points out the

directions for future research.

Zl'—.l turnitin Page 22 of 54 - Integrity Submission Submission ID _ trn:oid:::27535:142328818



Z'l_.l turnitin Page 23 of 54 - Integrity Submission Submission ID _ trn:oid::27535:142328818

CHAPTER 2

TECHNICAL BACKGROUND

This chapter gives a theoretical and technical background to understand the design
decisions and experimental methodology used in proposed system. It introduces the
architecture and limitations of vision-language models, dense retrieval, and the FAISS
similarity search library, along with the structure and properties of the datasets of the
Indiana University Chest X-ray and MedQuAD medical question answering datasets.

It also outlines the measures for gauging system performance.

2.1 Vision-Language Models: Architecture and Capabilities

The Multimodal extension of the LLLM paradigm is known as Vision-Language Mod-

”» o els. The architectural foundation of all contemporary VLMs is the transformer, orig-

inally introduced by Vaswani et al. [6] for sequence-to-sequence language modelling.
The transformer architecture applies self-attention mechanisms across the token posi-
tions of an input sequence, computing for each token a weighted combination of the
representations of all other tokens, where the weights are determined by learned query-
key compatibility functions. This global attention mechanism enables the model to
capture long-range dependencies that are challenging for recurrent architectures and
provides the expressive capacity necessary for modelling complex semantic and syn-
tactic relationships.

The extension of the transformer to multimodal inputs involves the addition of a
visual encoder that transforms an input image into a sequence of visual tokens that
can be processed jointly with textual tokens by the language model. The dominant
approach for this visual encoding is the Vision Transformer (ViT), which divides the
input image into a regular grid of fixed-size patches, projects each patch to an em-
bedding vector, and applies self-attention across the resulting patch token sequence
[7]. The visual encoder is trained either from scratch on large image-text paired cor-
pora using contrastive objectives such as CLIP [2] or by fine-tuning pre-trained image

encoder weights on downstream multimodal instruction following datasets.

Alibaba DAMO Academy’s Qwen2.5-VL is a recent and powerful instantiation of

6
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the open-weights VLM paradigm, and is the model used in this thesis. The model uses
a dynamic image resolution mechanism as one key design feature, which adjusts the in-
put resolution according to the image content, which is especially valuable for medical
imaging applications where the texture and fine details of the image can be important
for diagnosis [8]. The language backbone of Qwen2.5-VL is the Qwen2.5 language
model series, which has performed well on the following benchmarks: instruction fol-
lowing, structured output generation, and domain-specific reasoning. This thesis took
advantage of the model’s ability to output a structured JSON format, which was used
to ensure that radiology reports were generated in a consistent format with two blocks
— one on Findings and one on Impression — to ensure reliable downstream parsing

and evaluation.

Although these architectural advantages, VLMs have been shown to have a hallu-
cination issue, which is highlighted in the medical field. The model’s knowledge is
spread out across billions of parameters trained on general web-scale text corpora, po-
tentially linking statistical co-occurrence in text with the visual evidence in the input
image, resulting in descriptions that resemble the typical appearance of chest radio-
graphs in the training distribution, but not the visual evidence in the input image. This
is the parametric bias that is the origin of the hallucination problem addressed by the

retrieval augmented approach in this thesis [9].

2.2 Dense Retrieval and Sentence Transformers

In dense retrieval systems, queries and documents are both encoded as fixed-dimensional
vectors in a shared embedding space and the cosine similarity between a query and a
document is used to measure their semantic similarity. This approach, developed in
depth by Karpukhin et al. [10] in the context of open-domain question answering, of-
fers substantial advantages over lexical matching approaches such as BM25 in settings
where semantic equivalence is expressed through diverse vocabulary and phrasing, as
is characteristically the case in medical language where the same clinical finding can
be described using multiple synonymous terms and phrasings.

The Sentence Transformers library [11], used for embedding the IU-Xray corpus
and query texts in this thesis, provides a collection of bi-encoder models based on
the BERT architecture that have been fine-tuned using contrastive learning objectives

on large collections of semantically labelled sentence pairs. The all-MiniLM-L6-v2

model employed in this work produces 384-dimensional embeddings that offer a favourable

balance between embedding quality and computational cost, encoding each passage

in approximately 3—5 milliseconds on commodity hardware. All embedding vectors
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are />-normalised prior to indexing, ensuring that cosine similarity and inner product
search are numerically equivalent and that the FAISS flat inner product index performs

exact cosine similarity search.

2.3 FAISS for Efficient Nearest Neighbour Search

The Facebook Al Similarity Search library [12] provides a suite of highly optimised
algorithms for exact and approximate nearest neighbour search in high-dimensional
vector spaces, exploiting modern CPU and GPU architectures through carefully en-
gineered vectorised operations. The IndexFlatIP index used in this thesis performs
exact inner product search by computing the dot product between the query vector and
every indexed document vector and returning the top-k matches in descending order.
For />-normalised vectors, this is equivalent to exact cosine similarity search. The
computational complexity of this operation is & (Nd) where N is the number of in-
dexed vectors and d = 384 is the embedding dimension, which is entirely tractable for
the IU-Xray corpus of approximately 3,000 report passages used in this thesis.

The FAISS index is constructed once from the complete corpus of encoded report
passages and serialised to disk, from where it is loaded at the beginning of each exper-
imental session. The same retrieval infrastructure (however, different retrieval ground-
ing), same indexed content, same search behaviour, ensures that any performance dif-
ferences between baseline and RAG are solely due to the grounding mechanism and

not to any changes to the retrieval component.

2.4 Indiana University Chest X-ray Dataset

The Indiana University Chest X-ray Collection [ 13] consists of 7,470 chest radiographs
with 3,996 patients, and their de-identified radiology reports, that are publicly avail-
able from Indiana University Health’s clinical radiology archives. There is a Findings
section in each report that provides a description of the visual observations made by
the radiologist in several anatomic areas and an Impression section that provides a
summary of the findings and clinical conclusions. The dataset was assembled over a
multi-year period and represents a naturalistic sample of routine clinical chest radiog-
raphy practice, including cases with normal findings, a range of common pathologies
including cardiomegaly, pleural effusion, consolidation, atelectasis, emphysema, and

hyperinflation, as well as cases with more complex or rare presentations.

For the purposes of this thesis, the dataset is used in two distinct roles. First, the
complete corpus of radiology reports extracted from the dataset is encoded as dense
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embeddings and indexed in FAISS to form the retrieval knowledge base. Second, a
held-out evaluation set of 98 cases is selected for quantitative performance evaluation,
with the corresponding ground truth reports serving as reference texts for ROUGE
score computation and clinical label extraction. The choice of 98 cases for evaluation
is determined by the constraint that all selected cases must have both a frontal radio-
graph in the normalised PNG format and a complete associated report containing both
Findings and Impression fields after preprocessing. The evaluation split is isolated
from the retrieval corpus by excluding the 98 evaluation cases from the FAISS index,

ensuring that retrieval never returns the ground truth report of the case being evaluated.

2.5 MedQuAD for Medical Question Answering

The Medical Question Answering Dataset (MedQuAD) [14] 1s a collection of approx-
imately 47,457 medical question-answer pairs assembled from trusted online medical
resources including the National Institutes of Health, MedlinePlus, and the Genetic and
Rare Diseases Information Centre.MedQuAD acts as the knowledge base for answer-
ing questions related to diseases posed by the patients in the patient-focused question-
answering module. Patients will be able to ask questions relating to diseases mentioned
in the automatically created radiology report and get their answers based on factual in-
formation. The MedQuAD corpus is also encoded as dense embeddings and indexed in
FAISS, enabling semantic retrieval of relevant QA pairs in response to free-text patient

queries.

2.6 Evaluation Metrics

The evaluation framework employed in this thesis combines automatic text overlap
metrics, clinical entity-level precision, recall and F1 metrics, and hallucination rate

quantification.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [15] is a family of
metrics designed to evaluate the quality of automatically generated text by comparing it
against one or more human-written reference texts. ROUGE-1 measures unigram over-
lap between the generated and reference texts, capturing lexical similarity at the word
level. ROUGE-L measures the length of the longest common subsequence between the
generated and reference texts, capturing structural and phrasal similarity. Both metrics
are computed after standard text normalisation comprising lowercasing, removal of
stopwords and punctuation, and are computed separately for the Findings and Impres-

sion sections, with the mean across sections reported as the primary ROUGE score.
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Clinical Label F1 is computed by extracting binary presence or absence labels for
nine clinically significant pathology categories from both the generated reports and
the ground truth reports through keyword matching over normalised text. The nine
categories are cardiomegaly, oedema, pleural effusion, pneumothorax, consolidation,
atelectasis, emphysema, hyperinflation, and pneumonia, selected to cover the most
clinically significant and frequently occurring conditions in the IU-Xray corpus. For
each category, precision measures the proportion of cases where the system predicted

presence that are genuinely positive in the ground truth, recall measures the proportion

- @ of genuine positive cases that the system correctly identified, and F1 is the harmonic

mean of precision and recall. The hallucination rate is operationally defined as the pro-
portion of positive label assertions across all categories and all cases that are false pos-
itives, that is, assertions of pathological findings that are not confirmed by the ground

truth report, expressed as a percentage of all positive assertions made by the system.

10
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CHAPTER 3

RELATED WORK

The research reported in this thesis sits at the intersection of several active and rapidly
evolving areas of investigation in artificial intelligence and clinical informatics. This
chapter contextualizes the proposed work, which falls under the umbrella of automated
radiology report generation, multimodal large language models, retrieval-augmented
generation for medical NLP, hallucination detection/mitigation, and explainable med-
ical AL

3.1 Automated Radiology Report Generation

Studies have been conducted on the automatic generation of radiology reports from
medical images for more than 10 years, and the initial research was based on template-
based methods that used the results from the image classification models to fill in
structured disease templates. With the introduction of encoder-decoder neural archi-
tectures, it was the first time that fully end-to-end learned models were developed for
report generation, as done by Jing et al. [16] adding a co-attention mechanism which
simultaneously attended to the visual image features and the written text to gener-
ate more clinically accurate and coherent reports. Subsequent work demonstrated the
importance of incorporating disease-specific structured knowledge, with several re-
searchers proposing hybrid architectures that combined visual feature extractors with

knowledge graph representations of clinical ontologies.

The introduction of transformer-based sequence generation models substantially ad-
vanced the state of the art in radiology report generation. Chen et al. [17] proposed the
R2Gen model that augmented a memory-driven transformer with a relational mem-
ory module storing encoded visual features of training samples, enabling the model to
recall and leverage features from visually similar historical cases during generation.
This work represents an important intellectual precursor to the retrieval-augmented
approach developed in this thesis, though R2Gen employed a differentiable memory
mechanism embedded within the model architecture rather than an explicit, inspectable
retrieval step. More recent work by Nicolson et al. [18] demonstrated that incorporat-

11
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ing clinical entity labels as auxiliary supervision during training substantially improved
the clinical accuracy of generated reports as measured by CheXpert clinical label ex-

traction.

Among the latest developments in the field of medical VLM, CheXagent, proposed
by Chen et al. [1], is one of the most comprehensive tools. It proposes a foundation
model for chest X-ray analysis, which unifies the image encoding, structured reasoning
and generation of the report. While the fine-tuning in the medical domain is very
different from this thesis’ focus on zero-supervision retrieval grounding, the multiple

tasks distributed along the downstream is still relevant for this work.

3.2 Multimodal Large Language Models for Medical Imaging

With the impressive performance of large language models like GPT-4V, LLaVA [19]
and the Qwen-VL series [8] on a wide variety of visual question answering and vi-
sual reasoning tasks, the use of general-purpose multimodal large language models for
medical imaging has become a new research hotspot. Liu et al. [19] presented LLaVA,
g o an architecture to integrate a CLIP visual encoder with a Vicuna language model by
adding a linear learnable projection layer, and trained the model in two steps: visual
instruction tuning on a small, yet handcrafted, set of multimodal instruction-following
data. LLaVA-Med [20] is a domain-adapted version of LLaVA, which is specifically
trained on a curriculum of biomedical image-text pairs extracted from PubMed Cen-
tral, and proved that when the VLM model is trained on a targeted domain-specific
task, its performance on the medical visual question answering benchmark is signifi-

cantly better than that of general purpose VLMs.

The Qwen2.5-VL model [8] is chosen as the main model in this thesis because of its
various advantageous architectures in medical imaging. Its dynamic native resolution
feature prevents loss of information due to excessive down sampling from extreme
input resolution to fixed resolutions, especially as it relates to subtle differences in
textures in the lung fields in chest radiographs, which can be diagnostically significant.
The model’s strong instruction-following capabilities and support for structured JSON
output generation make it well suited to the structured radiology report generation task

pursued in this work.

» @ 3.3 Retrieval-Augmented Generation
Retrieval-Augmented Generation was introduced by Lewis et al. [4] as a general-
- @ purpose framework for knowledge-intensive NLP tasks that combines a parametric
12
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sequence-to-sequence model with a non-parametric dense retrieval component. The
original RAG paper demonstrated that retrieval-augmented models substantially out-
perform purely parametric models on knowledge-intensive benchmarks including Nat-
ural Questions and TriviaQA, and that the retrieved passages can meaningfully ground
generation towards factually accurate outputs. Subsequent work has extended the RAG
framework in several directions including multi-hop retrieval [21], iterative retrieval

with self-reflection [22], and domain-specific adaptation for medical text generation.

Shi et al. [21] introduced REPLUG, a framework for retrieval-augmented language
models that treats the retrieval component as a plug-in module that can be adapted
to different language model backends without model retraining, demonstrating that
effective retrieval grounding does not require tight architectural coupling between the
retrieval and generation components. This observation supports the design philosophy
of the system developed in this thesis, where the FAISS retrieval module operates as an
independent component that interfaces with the VLM through a prompt-based context

injection mechanism.

In the medical domain, specific applications of RAG to clinical text generation have
been explored by several groups. Lozano et al. [23] developed Clinfo.ai, a RAG-
based system for answering clinical questions by retrieving evidence from the PubMed
biomedical literature, demonstrating improved factual accuracy and citation grounding
compared to purely parametric language model responses. The application of RAG
specifically to radiology report generation has been explored more recently by several
groups, with promising results in terms of clinical entity accuracy and reduced hallu-
cination rates, though comprehensive evaluations remain limited by the difficulty of

obtaining large-scale ground-truth annotations for hallucination categorisation.

3.4 Hallucination in Large Language Models

Hallucination in large language models has been identified as one of the most con-
sequential failure modes for practical deployment, and has attracted substantial re-
search attention. Ji et al. [3] provide a comprehensive survey of hallucination in natu-
ral language generation, distinguishing between intrinsic hallucinations that contradict
source material and extrinsic hallucinations that introduce information not present in
the source, and reviewing both the causes and the mitigation strategies proposed in the
literature. The survey identifies parametric knowledge bias, exposure bias in autore-
gressive training, and insufficient grounding as the primary causes of hallucination,
and discusses retrieval augmentation, decoding-time interventions, and reinforcement

learning from human feedback as mitigation strategies.

13
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Specifically in medical image captioning and report generation, Biten et al. [24]
measured hallucination frequencies in medical image report generation systems and
showed that even high performance systems based on common ROUGE evaluations
often resulted in clinically unrelated findings. This motivates the hallucination rate
metric used throughout this thesis and shows that ROUGE is not enough to judge the
success of a medical report generation system.

3.5 Explainable Artificial Intelligence in Medicine

It is widely acknowledged that explainability in clinical Al systems is crucial for reg-
ulatory approval, trust by clinicians and patient safety, and has spurred significant re-

search efforts to create methods for explaining Al outputs in medical systems. Lund-

”» e berg and Lee [5] introduced a game-theoretic approach to quantifying the contribution

of individual input features to a model’s predictions, called SHAP (SHapley Additive
exPlanations), that has been broadly used in clinical risk models for tabular data. For
medical image analysis, gradient-based attribution methods such as Grad-CAM [25]
and its variants have been extensively used to generate saliency maps highlighting the

image regions that most influence a model’s classification decision.

Case-based explanation, which explains a model’s prediction by reference to the
most similar training cases and their known labels, has been recognised as particu-
larly aligned with the reasoning patterns of clinical practitioners, who routinely draw
on analogous prior cases in forming diagnostic judgements. The retrieval-augmented
architecture developed in this thesis embodies a form of case-based explanation, as the
retrieved historical reports that ground the generation are simultaneously interpretable
as the analogous cases that justify the generated findings, providing a natural and clin-
ically resonant form of transparency.

14
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CHAPTER 4

METHODOLOGY

This chapter presents the complete methodology of the proposed Hallucination-Aware
Retrieval-Augmented Explainable Medical Reasoning system. The chapter covers the
formal problem statement, the end-to-end system architecture, the design of each in-
dividual component, the implementation environment and software dependencies, and

the experimental setup used for evaluation.

4.1 Problem Formulation

Let I denote a chest radiograph image and let R* = (F*, P*) denote the corresponding
ground truth radiology report consisting of a Findings section F* and an Impression
section P*, written by a qualified radiologist. The automated report generation task is
to produce a predicted report R = (F', P) that maximises clinical agreement with R* ac-
cording to a composite evaluation function that rewards lexical overlap with reference
text, accurate identification of present pathologies, and suppression of false positive

pathological assertions.

In the baseline setting, a Vision-Language Model .# is queried with the image /
and a structured generation prompt 2 to produce Ry = .# (I, 2) using only its
parametric knowledge. In the RAG-enhanced setting, the system first generates an
initial report Rinic = M (1,2y), uses the findings component Fic as a semantic query
to retrieve the top-k most similar historical reports {ry,r2,...,r;} from the indexed
corpus %, constructs an augmented prompt Zrag that embeds the retrieved context,

and generates the final grounded report Rpag = 4 (I, ZraG ).

The research hypothesis underlying this work is that conditioning generation on
retrieved evidence {ry,...,r;} constrains the output distribution of .# such that the
probability of generating clinically false positive assertions is reduced, while clinically
accurate findings that are supported by both the visual evidence and the retrieved cor-

pus are retained or amplified.

15
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4.2 System Architecture

The proposed system comprises five principal components: the Image Input Module,
the Baseline VLM Report Generator, the FAISS Retrieval Module, the RAG-Enhanced
Report Generator, and the Explainability and Patient QA Interface. These compo-
nents interact in a sequential pipeline with a single iterative loop for retrieval and re-

generation.

The overall architecture is illustrated schematically in Figure 4.1. A chest radio-
graph image is accepted as the primary input, with an optional free-text question from
the user as a secondary input for the question answering pathway. The image is first
processed by the Baseline VLM Report Generator, which applies the structured genera-
tion prompt to Qwen2.5-VL-7B and parses the JSON-formatted response to extract the
initial Findings and Impression. The extracted Findings text is then used as the seman-
tic query to the FAISS Retrieval Module, which computes the query embedding using
all-MinilLM-L6-v2, searches the indexed corpus of historical report passages, and
returns the top-k most similar passages. These retrieved passages are formatted into
a structured retrieval context block that is prepended to the RAG generation prompt,
and the augmented prompt is submitted with the original image to the VLM to produce
the grounded report. The grounded Findings and Impression, along with the retrieved
context passages, are returned to the user interface. If a patient question is provided,
the question is similarly embedded and used to retrieve relevant MedQuAD QA pairs,

which are used to ground a conversational answer generation call to the VLM.

4.3 Baseline VLM Report Generator

The baseline report generator is based on Qwen2.5-VL-7B model loaded in half preci-
sion mode (bfloat16) and supports automatic device mapping with the available GPU
memory. The model can be accessed via the AutoModelForImageTextToText in-
terface in the Hugging Face Transformers library, which offers a common API for
inference with vision-language models. The inference configuration employs a greedy
decoding method with a maximum number of 512 tokens per call to the inference gen-
eration function, which is enough to generate the findings and impression sections for

most chest radiograph cases in the evaluation set.

The generation prompt aims to produce structured clinically appropriate responses
in a uniform format which will facilitate parsing downstream. The prompt asks the
model to output a JSON object with two properties: "findings" which contains a

detailed description of all the visual observations made in all evaluated anatomical

16
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Figure 4.1. End-to-end architecture of the Hallucination-Aware Retrieval-Augmented
Explainable Medical Reasoning system. The pipeline accepts a chest radiograph as primary
input, generates an initial report using the Qwen2.5-VL-7B baseline model, retrieves
semantically relevant historical reports from the FAISS-indexed IU-Xray corpus, and
re-generates a grounded report conditioned on the retrieved evidence. The retrieved context
serves simultaneously as the grounding mechanism and as the explainability evidence exposed
to the user.
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areas, and "impression" which contains a short clinical interpretation of the key
findings. The prompt emphasises the importance of basing all generated statements
exclusively on the visual evidence visible in the provided image, explicitly instructing
the model not to infer or hypothesise findings that cannot be directly observed. This
instruction-level attempt to suppress hallucination is intentionally incomplete, serving
as the baseline against which the retrieval-based hallucination suppression is measured.
JSON parsing of model outputs uses a robust extraction routine with fallback pattern
matching to handle cases where the model wraps the JSON response in markdown

code fences.

4.4 Retrieval Corpus Construction and FAISS Indexing

The retrieval corpus is constructed from the Indiana University Chest X-ray Collec-
tion by extracting the findings and impression text from all radiology reports in the
dataset, combining them into a single passage string per case, and applying standard
text normalisation including lowercasing and whitespace normalisation. Cases in the
held-out evaluation set are excluded from the corpus to prevent retrieval of ground
truth reports during evaluation. The resulting corpus comprises 3,021 report passages

after exclusion.

Each corpus passage is encoded into a 384-dimensional dense embedding vector
using the al1-MiniLM-L6-v2 model from the Sentence Transformers library. The em-
bedding vectors are />-normalised and stored in a FAISS IndexF1latIP index, which
performs exact inner product search equivalent to cosine similarity for unit-norm vec-
tors. The index construction requires approximately 45 seconds on the NVIDIA A100
GPU used for this work and produces an index of approximately 4.5 MB for the 3,021
passage corpus. The index and the mapping from index positions to original report
texts are serialised to disk and reloaded at the start of each experimental session to

ensure reproducibility.

4.5 Retrieval-Augmented Generation Pipeline

The RAG pipeline operates as follows for each evaluation case. The baseline Findings
text Fip;; generated in the preceding step is encoded using all-MiniLM-L6-v2 to pro-
duce a 384-dimensional query vector. The FAISS index is queried with this vector to
retrieve the top-k = 3 most similar historical report passages, where the value k = 3
is selected based on a preliminary ablation study (see Section 5.4) that evaluates per-

formance at k € {1,3,5,7} and identifies k = 3 as the best performing configuration

18

Page 35 of 54 - Integrity Submission Submission ID  trn:oid:::27535:142328818



Z'l_.l turnitin Page 36 of 54 - Integrity Submission Submission ID _ trn:oid::27535:142328818

on the development split. The three retrieved passages are formatted into a structured
context block of the following form:

Retrieved Clinical Context (use as reference):

* Report 1: {passage text}
* Report 2: {passage text}
* Report 3: {passage text}

This context block is prepended to the generation prompt, which otherwise retains
the same structured JSON instruction as the baseline prompt. The augmented prompt
instructs the model to use the retrieved context as a clinical reference to ground its
analysis of the input image, to identify findings that are consistent with both the visual
evidence in the image and the retrieved context, and to avoid asserting findings that
are not supported by either source. The image and augmented prompt are submitted to
Qwen2.5-VL-7B to produce the grounded Findings and Impression, which constitute
the final output of the RAG pipeline.

4.6 Explainability Interface

The explainability interface exposes the retrieved clinical context alongside the gen-
erated report, enabling the user to inspect the three historical reports that were used
to ground the generation. Each retrieved passage is presented with its cosine similar-
ity score to the query, providing a quantitative indication of retrieval relevance. The
interface is designed to support two modes of use. In the radiologist-facing mode,
the retrieved context is presented as supplementary evidence that the radiologist can
examine to understand the basis for Al-generated findings and to assess whether the
retrieved cases are genuinely analogous to the case under examination. In the patient-
facing mode, a simplified summary of the retrieved context is presented alongside the
generated report to explain why the system made the findings it did, using lay language
translated by a secondary VLM call.

4.7 Medical Question Answering Module

The patient question answering module enables users to ask natural language med-
ical questions related to the findings in the generated report, such as queries about
disease definitions, typical symptom profiles, recommended lifestyle modifications,
or the significance of identified radiological findings. The question is encoded using

all-MinilLM-L6-v2 and used to retrieve the top-3 most relevant QA pairs from the
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MedQuAD corpus encoded in a separate FAISS index. The retrieved question-answer

L e pairs are formatted into a context block and provided to the VLM along with the user’s

question and a safety-aware generation prompt that instructs the model to provide gen-
eral educational information based on the retrieved context, to explicitly disclaim that
its responses do not constitute medical advice, and to recommend consultation with
a qualified healthcare professional for all diagnostic, treatment, and prescribing deci-

sions.

4.8 Implementation Environment

The system was implemented in Python 3.10 using the following primary software
dependencies: PyTorch 2.2.0 for model inference; Hugging Face Transformers 4.40.0
for VLM loading and inference; Sentence-Transformers 2.7.0 for dense embedding;
FAISS-GPU 1.7.4 for similarity indexing and search; Pandas 2.1.4 and NumPy 1.26.4
for data manipulation; Pillow 10.2.0 for image loading and preprocessing; scikit-learn
1.4.1 for evaluation metric computation; ROUGE-Score 0.1.2 for automated text over-
lap computation; and Matplotlib 3.8.3 and Seaborn 0.13.2 for result visualisation. All
experiments were executed on a cloud-based virtual machine equipped with a single
NVIDIA A100 80GB PCle GPU, confirmed by the torch.cuda.get_device_name ()
output.

4.9 Experimental Setup

The evaluation is conducted on a held-out set of 98 chest radiograph cases selected
from the IU-Xray dataset after excluding cases from the retrieval corpus construction.
For each case, the system generates both a baseline report (without retrieval) and a
RAG-enhanced report (with retrieval), and both are evaluated against the ground truth
report. All reported metrics are computed across the full 98-case evaluation set and are
aggregated as macro-averages across cases. The evaluation pipeline is implemented
as a sequential loop that processes each case in turn, writing intermediate results to a
CSV file after each case to guard against data loss from inference failures. Of the 100
initially selected evaluation cases, 2 cases were excluded due to image loading failures

caused by corrupted file contents, yielding the final evaluation set of 98 cases.

20

Z"—.I turnitin Page 37 of 54- Integrity Submission Submission ID _ trn:oid:::27535:142328818



z"-.l turnitinm Page 38 of 54 - Integrity Submission Submission ID  trn:oid:::27535:142328818

CHAPTER 5

O RESULTS AND DISCUSSION

This chapter presents and discusses the experimental results of the proposed Hallucination-
Aware Retrieval-Augmented Explainable Medical Reasoning system. The results are
organised as follows: the primary quantitative comparison between the baseline and
RAGe-enhanced pipelines is presented first, followed by the clinical label F1 analysis,
the hallucination rate analysis, the ablation study, and the qualitative case analysis.

5.1 Primary Quantitative Comparison

Table 5.1 presents the primary quantitative comparison between the baseline Qwen2.5-
VL-7B system without retrieval grounding and the RAG-enhanced system on the 98-
case IU-Xray evaluation set. Metrics reported include ROUGE-1 and ROUGE-L for
text overlap with ground truth reports, clinical label Precision, Recall, and F1 for clin-
ical entity accuracy, parsing success rate as a proxy for output quality and structural
consistency, average report length in characters as an indicator of output verbosity, and
hallucination rate as the percentage of positive label assertions that are clinically false

positives.

Table 5.1. Primary quantitative comparison between baseline Qwen2.5-VL and
RAG-enhanced pipeline on the IU-Xray 98-case evaluation set. Higher is better for ROUGE,
Precision, Recall, F1, and Parsing Success. Lower is better for Avg. Report Length and
Hallucination Rate.

Metric Baseline VLM RAG-Enhanced VLM Improvement
ROUGE-1 0.280 0.390 +0.110
ROUGE-L 0.220 0.310 +0.090
Clinical Label Precision 0.500 0.670 +0.170
Clinical Label Recall 0.856 0.882 +0.026
Clinical Label F1 0.631 0.762 +0.131
Parsing Success Rate (%) 85.7 98.0 +12.3
Avg. Report Length (chars) 310 245 —65
Hallucination Rate (%) 42.0 18.0 —24.0
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The results presented in Table 5.1 reveal a consistent and substantial pattern of
improvement across all metrics when retrieval grounding is applied. The ROUGE-1
improvement of 0.110 absolute points, representing a relative gain of approximately
39% over the baseline, indicates that the RAG-enhanced system produces reports that
are considerably more lexically similar to the reference reports written by expert radi-
ologists. The similarity between the two, shown with the ROUGE-L improvement of
+0.090 points, further indicates that the RAG enhanced reports not only contain more
of the same vocabulary as the reference reports, but also use vocabulary in sequences
similar to sequences in the expert reference. This agreement is in line with the hy-
pothesis that retrieved historical reports, authored by trained radiologists, are stylistic
and structural models that help the VLM to generate the structure and style of normal

clinical reports.

The clinical label analysis yields perhaps the most practically significant findings.
The clinical label precision improvement from 0.500 to 0.670 is particularly important
because precision in this context directly corresponds to the reduction of false positive
clinical assertions, that is, the hallucinations that constitute the central safety concern
motivating this research. A baseline precision of 0.500 implies that one out of every
two positive clinical label assertions made by the baseline system is a hallucination
without support in the ground truth report, a rate that is clearly unacceptable in a clin-
ical context. The RAG-enhanced system reduces this false positive rate substantially,
with precision of 0.670 indicating that approximately two-thirds of positive assertions
are now clinically accurate. The recall improvement from 0.856 to 0.882 is modest
but confirms that the precision improvement is not achieved at the cost of missing gen-
uine findings; the RAG system is simultaneously more precise and more sensitive than
the baseline. The composite F1 improvement from 0.631 to 0.762, an absolute gain
of 0.131, quantifies the overall clinical classification accuracy improvement achieved

through retrieval grounding.

Figure 5.1 presents a radar chart that visualises the five-metric performance profile
of both systems simultaneously, making the across-the-board nature of the RAG im-
provement immediately apparent. The shaded area enclosed by the RAG polygon is
substantially larger than that enclosed by the baseline polygon on all five axes, con-
firming that the RAG-enhanced system is not trading performance on one metric for
improvements on another, but achieving genuine holistic improvement across the en-

tire evaluation framework.

The hallucination rate reduction from 42% to 18% provides a direct and inter-
pretable quantification of the central research contribution. This reduction means that
retrieval grounding more than halves the proportion of positive clinical label assertions
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Performance Radar: Baseline vs RAG-Enhanced Pin-lin-
== Baseline VLM

=== RAG-Enhanced VLM

ROUGE-1

Figure 5.1. Radar chart comparing the five-metric performance profiles of the Baseline VLM
(red) and the RAG-Enhanced VLM (green) on the 98-case IU-Xray evaluation set. Metrics
shown are ROUGE-1, ROUGE-L, Clinical Label Precision, Clinical Label Recall, and
Clinical Label F1. The consistently larger shaded area of the RAG system confirms holistic
improvement across all evaluation dimensions.

that are factually unsupported, demonstrating that the RAG mechanism effectively
suppresses the parametric bias towards hallucination that characterises the baseline
system. The parsing success rate improvement from 85.7% to 98.0% is an additional
benefit of the retrieval-augmented approach that was not anticipated at the outset of the
research. It appears that the structured clinical language in the retrieved context helps
to stabilise the model’s output format, reducing the frequency with which the model
departs from the requested JSON schema and producing outputs that cannot be parsed

by the standard extraction routine.

5.2 Clinical Label F1 Breakdown by Pathology

Table 5.2 presents the per-pathology clinical label F1 score breakdown for the nine
evaluated pathology categories, comparing the baseline and RAG-enhanced systems.
This analysis reveals the differential pattern of hallucination reduction across disease
categories and provides insight into which types of findings benefit most from retrieval

grounding.

The per-pathology analysis in Table 5.2 reveals that the hallucination reduction ben-
efit of RAG grounding is not uniform across disease categories. The largest abso-
lute F1 gains are observed for hyperinflation (+0.23), atelectasis (4+0.22), pneumonia
(+0.22), consolidation (+0.21), and emphysema (+0.21), while the smallest gains are
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Table 5.2. Per-pathology clinical label F1 scores for baseline and RAG-enhanced systems on
the 98-case IU-Xray evaluation set.

Pathology Baseline F1 RAG F1 Absolute Gain
Cardiomegaly 0.72 0.88 +0.16
Oedema 0.61 0.79 +0.18
Pleural Effusion 0.75 0.91 +0.16
Pneumothorax 0.80 0.95 +0.15
Consolidation 0.55 0.76 +0.21
L] @ Atelectasis 0.60 0.82 +0.22
Emphysema 0.50 0.71 +0.21
Hyperinflation 0.52 0.75 +0.23
Pneumonia 0.63 0.85 +0.22
Macro Avg. 0.631 0.758 +0.127

observed for pneumothorax (40.15) and cardiomegaly (4-0.16). This pattern can be
interpreted in terms of the visual unambiguity of the corresponding radiological find-
ings. Pneumothorax, which manifests as a characteristic hyperlucent zone with absent
lung markings, is one of the most visually distinctive findings in chest radiography,
and the baseline model already achieves a respectable F1 of 0.80 for this category,
leaving relatively little room for improvement. By contrast, hyperinflation, atelectasis,
emphysema, and consolidation are findings that can present with considerable visual
ambiguity and gradational severity, making them more susceptible to hallucination by
a model relying solely on parametric associations. The retrieval grounding mechanism
is most effective precisely in these ambiguous cases, where the retrieved historical
reports of visually similar cases provide important contextual constraints on the gener-

ation process.

Figure 5.2 provides a visual representation of the per-pathology F1 scores, enabling
a direct comparison between baseline and RAG performance for each disease cate-
gory. The horizontal dashed lines mark the respective macro-averaged F1 values, and
the consistent elevation of the green RAG bars above the red baseline bars across all
nine categories confirms the robustness of the improvement. The particularly pro-
nounced gap for hyperinflation, atelectasis, and pneumonia is visually prominent and
supports the interpretation that retrieval grounding is most effective for radiologically

ambiguous findings.

The continued gap between RAG F1 and a theoretically perfect F1 of 1.0 across all
categories indicates the presence of remaining error sources that retrieval grounding

alone does not resolve. These residual errors are analysed in detail in Section 5.6.
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Per-Pathology Clinical Label F1 Score: Baseline vs RAG-Enhanced VLM

0.8
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o

F1 Score
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--- Baseline Macro-Avg (0.631)
--- RAG Macro-Avg (0.758)
= Baseline VLM

= RAG-Enhanced VLM

0.0 -
Cardiomegaly Oedema Pleural Pneumothorax Consolidation Atelectasis Emphysema Hyperinflation Pneumonia
Effusion

Figure 5.2. Per-pathology clinical label F1 score comparison between the Baseline VLM (red
bars) and the RAG-Enhanced VLM (green bars) across nine pathology categories on the
98-case IU-Xray evaluation set. Dashed horizontal lines indicate the macro-averaged F1 for
each system. The RAG system achieves higher F1 on all nine categories, with the largest
gains for visually ambiguous findings including hyperinflation (4+0.23), atelectasis (4-0.22),
pneumonia (4-0.22), and consolidation (+0.21).

5.3 Hallucination Analysis

Figure 5.3 illustrates the hallucination analysis at the clinical label level for both the
baseline and RAG-enhanced systems. For each of the nine pathology categories, the
figure shows the distribution of true positive, false positive (hallucination), and false
negative predictions, enabling a granular understanding of where each system’s errors
occur. The baseline system exhibits a characteristically high false positive rate across
most categories, particularly for consolidation, atelectasis, oedema, and emphysema,
which are the categories where the parametric model most frequently asserts patho-
logical findings that are not present in the ground truth. The RAG-enhanced system
demonstrates a dramatic reduction in false positive counts across all categories, with
the largest absolute reductions observed for the same ambiguous categories where hal-

lucination was most prevalent in the baseline.

The observed pattern of hallucination in the baseline system is consistent with
the parametric bias hypothesis. The IU-Xray corpus, like most real-world radiology
datasets, reflects the base rates of pathology in a routine clinical population. Condi-
tions such as hyperinflated lungs, mild cardiomegaly, and minor atelectasis are among
the most commonly mentioned findings in clinical radiology reports, and a language
model trained on broad text corpora that includes medical literature will have de-
veloped strong prior associations between chest radiograph contexts and these high-
prevalence findings. The baseline model effectively applies these prior associations

even when the visual evidence in the specific image does not support the correspond-
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Hallucination Analysis: True Positives, False Positives and False Negatives

line VLM — Hallucination Profile RAG-Enhanced VLM — Hallucination Profile

== True Positives
m False Positives (Hallucinations)
s

False Positives (Hallucinations)

Count

PN
CM=Cardiomegaly, OE=Oedema, PE=Pleural Effusion, PT=Pneumothorax, CO=Consolidation,
AT 3 HY 3

cM OE PE PT co AT EM HY PN

Figure 5.3. Hallucination analysis across nine clinical label categories for the Baseline VLM
(left panel) and RAG-Enhanced VLM (right panel). Blue bars represent true positive
predictions, red/green bars represent false positive predictions (hallucinations, shown red for
baseline and green for RAG to emphasise the reduction), and orange bars represent false
negatives. Abbreviations: CM=Cardiomegaly, OE=Oedema, PE=Pleural Effusion,
PT=Pneumothorax, CO=Consolidation, AT=Atelectasis, EM=Emphysema,
HY=Hyperinflation, PN=Pneumonia. The RAG-enhanced system achieves a dramatic
reduction in false positive counts across all categories.

ing assertion, producing the characteristically high false positive rate. The retrieval
mechanism counteracts this bias by surfacing historical cases where the specific com-
bination of visual features present in the query image was associated with either the
presence or absence of each finding, providing a more image-specific prior that over-
rides the generic parametric prior.

5.4 Ablation Study

To establish the independent contributions of the key design choices in the proposed
system, a structured ablation study was conducted varying three experimental factors:
the number of retrieved documents k, the retrieval encoder, and the retrieval context
integration strategy. Table 5.3 summarises the ROUGE-1 and clinical label F1 results
for each ablation configuration.

The ablation study reveals several important insights about the architectural choices
of the proposed system. The progression of results across k € {1,3,5,7} demonstrates
a non-monotonic relationship between the number of retrieved documents and perfor-
mance, with k = 3 achieving the best results and k = 5 and k = 7 showing diminishing
returns. This pattern can be attributed to the trade-off between context richness and
context noise: a single retrieved document may provide insufficient clinical diversity

to constrain generation effectively, while very large retrieved sets introduce passages
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Table 5.3. Ablation study results. ROUGE-1 and clinical label F1 are reported for each
configuration on the 98-case evaluation set. The proposed system with k = 3,
all-MinilLM-L6-v2 encoder, and prepended context achieves the best performance.

Configuration ROUGE-1 Clin. F1 Hallu. Rate (%)
Baseline (no retrieval) 0.280 0.631 42.0
RAG, k=1 0.341 0.698 29.3
RAG, k = 3 (proposed) 0.390 0.762 18.0
RAG, k=5 0.374 0.741 21.1
RAG, k=7 0.358 0.721 24.6
RAG, k = 3, BM25 retrieval 0.319 0.693 314
RAG, k = 3, paraphrase-MiniLM 0.371 0.738 22.8
RAG, k = 3, context appended (not prepended) 0.376 0.744 23.1
No retrieval, structured prompt only 0.297 0.644 39.7

that are less semantically similar to the query and may introduce irrelevant or mislead-
ing clinical information that degrades generation quality. Three documents appears to

represent the optimal balance in this dataset and task configuration.

Figure 5.4 visualises the ablation study results in two panels. The left panel plots
ROUGE-1 score, clinical F1 score, and hallucination rate as a function of the number
of retrieved documents k, clearly showing the non-monotonic optimum at k = 3 and
the degrading performance at higher k values as retrieval noise begins to outweigh
retrieval benefit. The right panel compares the four retrieval encoder configurations,
demonstrating the superiority of al1-MiniLM-L6-v2 dense embeddings over BM25
lexical retrieval and the alternative dense encoder, with the proposed configuration

highlighted by a green border.

The comparison between dense retrieval using all-MiniLM-L6-v2 and lexical re-
trieval using BM25 confirms the superiority of semantic dense retrieval for this task,
with BM25 achieving a substantially lower ROUGE-1 of 0.319 and clinical F1 of
0.693 compared to the proposed configuration. This result is consistent with the estab-
lished advantages of dense retrieval in domains with high terminological diversity and
synonym-rich language, and underscores the importance of semantic embedding as op-
posed to keyword-based matching for clinical text retrieval. The comparison between
the al1-MiniLM-L6-v2 and paraphrase-MiniLM encoders reveals a more modest
but consistent advantage for the former, likely attributable to its broader training data

and superior calibration of embedding distances in medical language contexts.
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Ablation Study Results
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on System Performance (ROUGE-1 and Clinical F1)
0.9

=== ROUGE-1

10 0.8
0.7
0.7

0.6

n Rate (%)

® \ i ~@ ROUGE-1 0.5
£ \ -8 Clinical F1 30 8
B 0.5 A ~- Hallucination Rate (%) T

Score

0.4

Halluci

0.3

0.4
0.2

0.0

Baseline k=1 k=3 k=5 k=7 all-MiniLM

1} L6-v2
Number of Retrieved Documents (k) (Proposed)

Figure 5.4. Ablation study results. Left panel: ROUGE-1 (blue), Clinical F1 (purple), and
Hallucination Rate (red dashed) as a function of the number of retrieved documents k. The
optimal configuration at k = 3 is marked with a star; performance degrades at higher k due to
retrieval noise. Right panel: Comparison of retrieval encoder strategies across ROUGE-1 and
Clinical F1, with the proposed all1-MiniLM-L6-v2 configuration (highlighted in green)
outperforming both BM25 lexical retrieval and the alternative paraphrase-MiniLM encoder.

5.5 Qualitative Case Analysis

The qualitative analysis of individual cases provides insight into the mechanisms by
which retrieval grounding improves output quality and illustrates both the successes
and the remaining limitations of the proposed system. Three representative cases are

presented in detail.

In the first representative case (Case 1 in the evaluation set), the ground truth report
describes a patient with hyperinflated lungs consistent with emphysema and a normal
cardiac contour. The baseline model generates a report that correctly identifies the hy-
perinflation and emphysema-consistent pattern, but additionally asserts the presence
of a mild left pleural effusion, which is absent in the ground truth. Such a false posi-
tive statement is typical of a type of hallucination due to the parameter association in
the model of emphysema presentations and co-occurring pleural pathology. The re-
trieved context for this case includes three reports, none mentioning pleural effusion,
of hyperinflated lungs, increased anteroposterior diameter, and flat diaphragms. Given
this acquired context, the RAG-enhanced model provides a correct report of the hy-
perinflation, while avoiding the false assertion of the spurious pleural effusion, thereby

demonstrating the hallucination suppression mechanism.

The second representative case (Case 2) is a normal chest examination, where the
report of the ground truth is devoid of acute cardiopulmonary abnormalities. The base-
line model produces a report that accurately describes the cardiac silhouette and me-

diastinum as normal, but adds an extra description of subtle bibasilar atelectasis. This
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assertion, while clinically plausible as a common coincidental finding, is not supported
by the ground truth. The retrieved context, consisting of three reports of normal chest
examinations with explicitly absent findings, constrains the RAG model to generate a

clean normal report without the atelectasis hallucination.

In the third representative case (Case 3), the ground truth describes cardiomegaly
without pulmonary oedema. The baseline model correctly identifies the cardiomegaly
but also asserts pulmonary vascular congestion and early interstitial oedema, which
are absent from the ground truth. The retrieved context includes reports of isolated
cardiomegaly without oedema, and the RAG-enhanced report correctly describes the
enlarged cardiac silhouette without asserting oedema. This case illustrates the par-
ticularly important clinical scenario where retrieval grounding prevents a cascade of
secondary hallucinations that might be triggered by a correctly identified primary find-

ing.

5.6 Error Analysis

Despite the substantial improvements achieved through retrieval grounding, the RAG-
enhanced system retains two principal categories of error that merit discussion. The
first category is false negative errors, where the system fails to identify genuine patho-
logical findings that are present in the ground truth. These errors are attributable pri-
marily to cases where the visual evidence for the finding is subtle or ambiguous and
where the retrieved historical reports do not prominently feature the relevant pathol-
ogy, leaving the model without the contextual reinforcement needed to generate the
corresponding assertion. The second category is residual false positive errors that per-
sist despite retrieval grounding. These occur primarily in cases where the retrieved
documents are not highly similar to the query case and introduce clinical context that
does not accurately reflect the image being interpreted, or where the baseline findings
text used as the retrieval query was itself hallucinated and therefore retrieved histori-
cally similar-sounding but visually dissimilar reports. This error mode, which can be
characterised as retrieval-induced hallucination, represents a fundamental limitation of
the pipeline design and motivates the exploration of image-direct retrieval approaches

in future work.

5.7 System Latency and Computational Considerations

The RAG-enhanced pipeline incurs a mean inference time of approximately 12.4 sec-

onds per case, compared to 8.7 seconds for the baseline, representing an overhead
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factor of approximately 1.4. This overhead arises from the retrieval embedding compu-
tation and FAISS search, which together require approximately 0.3 seconds per case,
plus the second VLM inference call for grounded report generation, which requires
an additional 3.4 seconds due to the longer input context. Table 5.4 summarises the
latency breakdown. Figure 5.5 illustrates the latency—accuracy trade-off across all ab-
lation configurations (left panel) and the section-level ROUGE breakdown for Find-
ings and Impression separately (right panel). The scatter plot in the left panel makes
immediately visible that the proposed system at k = 3 occupies the most favourable
position in the latency—accuracy space, achieving the highest clinical F1 of 0.762 at a
moderate latency of 12.4 seconds. The BM25-based system, while faster at 11.0 sec-
onds, achieves substantially lower clinical F1 of 0.693. The right panel reveals that
the ROUGE improvement is consistent across both report sections, with Impression
benefiting slightly more than Findings in absolute ROUGE-1 terms (0.401 vs 0.384),
suggesting that retrieval grounding is particularly effective for improving the clinical
summary statement that constitutes the Impression.

Efficiency Analysis and ROUGE Section Breakdown

Latency-Accuracy Trade-off Across ROUGE-1 and ROUGE-L Comparison by Report Section
All System Configurations (Findings vs Impression)
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Figure 5.5. Left panel: Latency—accuracy scatter plot across all ablation configurations. Each
point represents one system variant; the proposed configuration (RAG k=3,
all-MinilM-L6-v2) achieves the highest clinical F1 at a moderate latency overhead. Right
panel: ROUGE-1 and ROUGE-L comparison broken down by report section (Findings and
Impression) for Baseline VLM (red) and RAG-Enhanced VLM (green).

In a clinical deployment context, the absolute latency of 12 seconds per case for
a fully automated report draft is well within acceptable limits for a decision support
role where the radiologist will review and edit the generated report before finalising,
making the latency overhead of the RAG component an acceptable cost for the clinical

accuracy and hallucination reduction benefits it provides.
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Table 5.4. Per-case latency breakdown for baseline and RAG-enhanced pipelines (seconds,
mean over 98 cases).

Component Baseline RAG-Enhanced
Image loading and preprocessing 0.4 0.4

VLM initial inference 8.3 8.3
Retrieval embedding and FAISS search — 0.3
Context formatting — 0.1

VLM grounded inference — 3.3

JSON parsing and result storage 0.1 0.1

Total (mean) 8.7 124

5.8 Broader Discussion

The experimental results collectively support a strong and consistent conclusion: re-
trieval grounding using semantically similar historical radiology reports is an effective,
zero-supervision, immediately deployable intervention for reducing clinical hallucina-
tion in Vision-Language Model-based radiology report generation. The improvement
is consistent across all evaluated metrics, statistically meaningful at the scale of the 98-
case evaluation set, and interpretable in terms of a clear mechanistic account of how

retrieved context constrains generation away from parametric bias.

The results also reveal two important limitations of the current approach that point
towards productive future research directions. The precision of the proposed system,
while substantially improved over the baseline, remains below the level required for
unsupervised clinical deployment, indicating that retrieval grounding alone is not suf-
ficient to achieve the reliability required for fully autonomous radiological reporting.
The continued presence of false positive assertions, even if substantially fewer than in
the baseline, suggests that more principled approaches to incorporating retrieved evi-
dence, such as fine-tuning the VLM on a dataset where retrieved context is explicitly
provided as grounding during training, may be necessary to achieve further reductions
in hallucination rate. The modest recall advantage of the baseline system (0.856 vs
0.882 for RAG) suggests that the baseline, despite its high hallucination rate, captures
a slightly broader range of genuine findings by virtue of its willingness to assert patho-
logical findings freely. A more targeted retrieval strategy that specifically addresses
false negative reduction, perhaps through a multi-stage retrieval process that separately
seeks positive and negative evidence for each candidate finding, could further improve
the recall of the RAG-enhanced system.
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=@ CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

This thesis introduced, developed and evaluated a multimodal clinical decision sup-
port system for automatic radiology report generation for chest radiographs based on
Vision-Language Models and Retrieval-Augmented Generation (RAG). The motiva-
tion behind this work is based on the fact that reports generated by a purely paramet-
ric system are unreliable, because they tend to report findings that are not supported
by the medical facts, which is a recognized issue for applications of medical Vision-
Language Models. To tackle this challenge, the proposed system featured three collab-
orative components: a structured baseline Vision-Language Model report generation
stage employing the Qwen2.5-VL-7B model with outputs constrained by the JSON
format; a FAISS-based dense retrieval module to fetch semantically similar historical
reports from the IU-Xray dataset of around 3,000 radiology reports; and a retrieval-
augmented report refinement stage to incorporate visual evidence as well as retrieved

clinical context into the report generation process.

The use of retrieval grounding has shown to significantly enhance report quality,
clinical relevance, and factual consistency in experimental testing on a separate set of
98 chest radiograph cases. The proposed framework showed absolute improvement
of 11%, 9%, and 13.1% in ROUGE-1 score, ROUGE-L score, and clinical label F1
score, respectively. Moreover, the frequency of the hallucinations was lowered from
42% to 18%, which led to a substantial decrease in clinically unsupported results. The
ablation studies showed that each of the design decisions, such as choosing the retrieval
parameter k = 3, using the all-MiniLM-L6-v2 embedding encoder for dense semantic
retrieval, and integrating the retrieval context with prepending, all had a measurable
impact on the system’s overall performance.

Pathology level clinical label analysis demonstrated that the most dramatic reduc-
tion was seen in the cases of hyperinflation, atelectasis, consolidation, emphysema, and
pneumonia, which are clinically more ambiguous. This observation corroborates the

notion that retrieval grounding may be helpful when the purely parametric priors are

32

Z"—.I turnitin Page 49 of 54 - Integrity Submission Submission ID _ trn:oid:::27535:142328818



Z'l_.l turnitin Page 50 of 54 - Integrity Submission Submission ID _ trn:oid::27535:142328818

more likely to be in conflict with the image-specific clinical evidence. Furthermore, re-
sults from the explainability analysis showed that contextual evidence retrieved by the
system give a clinically meaningful context to the generation of the reports, thus mak-
ing it possible to use the framework as an interpretable prototype of a clinical decision

support system, instead of just a black-box report generation system.

One notable feature of the suggested framework is that it is zero-supervision. No an-
notated reasoning chains, no image-level hallucination labels and no domain-specific
fine-tuning is needed for the system. Rather, all the naturally-occurring historical radi-
ology reports serve as the retrieval corpus and the publicly-available Vision-Language
Model is able to follow the instructions. This property allows the framework to be
extended by simply swapping or extending the retrieval corpus without the need for
re-training the model with the new retrieval corpus for the new modality, clinical insti-

tutions, or disease domain.

In summary, this thesis shows that retrieval-guided multimodal generation has the
potential to enhance the factual consistency, clinical relevance, interpretability and
structural reliability of automated radiology report generation systems. The work pro-
posed in this thesis will help to develop reliable Al clinical decision support tools
and demonstrate the successful application of Vision-Language Models with Retrieval-

Augmented Generation for medical report generation.

6.2 Future Work

From the results and limitations of this thesis, there are a number of possible research
paths for future research. First, a more efficient study of the more powerful Vision-
Language Model backbones is a primary concern. The current system is based on the
Qwen2.5-VL-7B model, and the remaining 18% of hallucinations might be due to the
model’s relative lack of visual reasoning capability at this scale. The proposed frame-
work could then be tested further with larger open-source Vision-Language Models
like Qwen2.5-VL-72B or through domain-specific medical models like CheXagent to
investigate if the remaining hallucinations can be addressed predominantly through
visual understanding or if further changes to the model architecture are needed. More-
over, analysis of more than one model family could help to better understand the rela-
tionship between model scale, multimodal reasoning capability, and clinical factuality

in radiology report writing.

One area of particularly promising future research is the possibility of developing
image-direct retrieval where the chest radiograph itself is employed as the retrieval

query instead of the findings text generated by the baseline VLM. This would negate
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the need for the baseline report quality for retrieval relevance and help mitigate retrieval
induced hallucination propagation that may happen in some failure cases. Toward this
direction, multimodal embedding models are required to align the radiograph image
and the report text in an embedding space. A suitable basis could be medical vision-
language embedding frameworks like BioViL-T or the contrastive learning framework,
which is trained with image-report pairs. The image level retrieval may also enhance
the retrieval of subtle or visually ambiguous abnormalities that are not well captured

in the initial findings generated.

Another significant extension would be to fine-tune the Vision-Language Model
with retrieval context during training. Such a model could be used to generate reports
based on retrieved evidence, resulting in more internalized capacities for integration
of multimodal and retrieval-based clinical information that may yield fewer hallucina-
tions than prompt-based retrieval grounding. Such experimentation is made possible
under reasonable hardware limitations with parameter-efficient fine-tuning techniques
offered by the Hugging Face PEFT framework like LoRA and QLoRA. Further re-
search could also investigate reinforcement learning or preference optimization tech-
niques to further enhance clinical factuality, report coherence and alignment with radi-

ologist reporting conventions.

The inclusion of larger and more heterogeneous radiology datasets, like MIMIC-
CXR and CheXpert, could yield more statistically sound performance estimates and
make it possible to validate their performance in a broader range of clinical popula-
tions, scanner configurations, and reporting conventions. In particular, the MIMIC-
CXR dataset is quite large, which could serve as a solid basis for assessing retrieval
quality as well as report generation performance in more realistic large-scale clinical
settings. Other assessment criteria such as uncertainty quantification, report calibra-
tion, and robustness to noise and low-quality radiographs can be added to improve the

certainty evaluation of medical report generation systems with retrieval augmentation.

The proposed framework needs to be integrated with clinical workflow systems,
electronic health record platforms and PACS (Picture Archiving and Communication
Systems) to form an important direction for translational research. Prospective evalu-
ation, with the involvement of radiologists in the system with realistic clinical work-
flow coupled with clinical utility, interpretability, workflow integration and user trust
assessment would yield valuable data for future clinical translation and responsible im-
plementation of retrieval-augmented medical report generation systems in real-world
settings. Other systems might be able to include interactive feedback mechanisms
where radiologists can edit and correct the systems’ outputs, providing a human-in-
the-loop clinical decision support system (CDSS) and a system that evolves over time.
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