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Multimodal Generative Modeling has significantly advanced chest
x-rays (CXRs) interpretation and synthesis, but key challenges remain—
such as bone suppression task for CXRs diagnosis, unifying interpretive
and generative tasks, expert radiologists” evaluation for unified medical
model and grounding visual features effectively for diagnosis. To tackle
these issues, we leverage generative models such as Vector-Quantized
Generative Adversarial Network (VQGAN) and Stable Diffusion, along
with large language models like mPLUG-Owl and Qwen-VL, to present
four novel contributions: (i) a bone suppression framework that im-
proves disease diagnosis by reducing the visual interference of ribs in
CXRs; (ii) a unified large language model (LLM) that supports report
generation, visual question answering (VQA), and image synthesis—
offering an end-to-end solution for comprehensive CXRs understand-
ing; (iii) a comprehensive evaluation combining computational metrics
and radiologists” assessments for medical LLMs. and (iv) an instruction-
tuned multimodal model for accurate disease classification and visual

grounding.

Bone Suppression for Enhanced Disease Diagnosiss: CXRs often
suffer from overlapping bony structures such as ribs and clavicles, which
can obscure important soft tissue abnormalities like pulmonary nodules.
To enhance disease visibility and improve diagnostic accuracy, we for-

mulate bone suppression as a crucial image synthesis task. We propose



anovel dual-domain translation framework that leverages both domain-
level and instance-level information. Specifically, we introduce a Multi-
head Codebook Attention (MCA) module and a Cross-Covariance At-
tention Block (CAB) network to generate bone-suppressed images while
preserving anatomical fidelity. To validate the effectiveness of our ap-
proach, we conduct downstream classification and segmentation tasks,
demonstrating consistent performance gains. Furthermore, Grad-CAM-
based visualizations highlight improved disease localization, showcas-
ing the practical benefits of bone suppression for interpretability and

clinical relevance.

Unified Large Language Model for CXR Understanding and Gen-
eration: Recent LLMs such as LLaMA and Qwen-VL typically support
only text and image inputs while generating text-only outputs, lacking
the ability to synthesize images. To enable unified CXR report gener-
ation, visual question answering (VQA), and image synthesis within
a single framework, we propose MedXChat, a multimodal large lan-
guage model (LLM) framework that not only analyzes medical images
but also generates corresponding CXR images based on user prompts.
MedXChat leverages pre-trained LLMs (e.g., mPLUG-Owl) and Stable
Diffusion to support text-to-image generation, guided by special tokens
<Xray> and </Xray>. We utilize GPT-4 to construct instruction data
by generating dialogues with embedded special tokens for each medical
image. These instructions are used to fine-tune the LLM, while the text
spans between special tokens and their corresponding images are used
to fine-tune the Stable Diffusion model. To preserve the original capa-
bilities of the pre-trained diffusion model without degrading its perfor-
mance, we selectively fine-tune only the encoder and zero-convolution
layers. Our model achieves new state-of-the-art performance on both
interpretive and generative tasks in MIMIC-CXR. Furthermore, we vali-
date the diagnostic quality of the synthesized images through compara-

tive experiments on downstream classification tasks.



Comprehensive Radiologists Evaluation for Medical LLMs: Re-
cent advancements in medical LLMs have demonstrated promising ca-
pabilities in radiology tasks such as report generation, VQA, and im-
age synthesis. However, existing evaluation protocols primarily rely
on computational metrics, which often fail to capture the clinical rele-
vance, accuracy, and interpretability of model outputs. To address this
gap, we introduce a comprehensive evaluation framework that incor-
porates both objective computational benchmarks and subjective assess-
ments from expert radiologists. This dual-pronged approach provides a
more holistic understanding of model performance, capturing nuances
such as diagnostic correctness, visual plausibility, and linguistic clarity.
We apply this framework to MedXChat, a unified multimodal LLM de-
signed for chest X-ray interpretation and generation. Our results demon-
strate that while quantitative metrics reflect general performance trends,
radiologists” evaluations are essential for identifying clinically meaning-
ful strengths and weaknesses. This study highlights the importance of
integrating domain expertise into the benchmarking process and sets a
precedent for more clinically grounded evaluation standards for future
medical LLMs.

Multimodal Diagnosis with Classification and Visual Grounding:
Recent advances in LLMs have demonstrated their potential to integrate
image and text understanding for more interpretable medical diagno-
sis. However, most existing models struggle with multi-label classifi-
cation and visual grounding in CXRs. To address this gap, we propose
MedVisioChat, an instruction-tuned LLM specifically designed for inter-
active diagnosis with support for both multi-label classification and vi-
sual grounding. We present the model with a list of fourteen diseases
and prompt it to label each as “Positive" or “Negative" and design a
reward function to generate Chain of Thought (CoT) for classification.
Additionally, we leverage GPT-4 Turbo to generate instruction-based di-
alogues containing special tokens for disease names and bounding box
predictions to guide the visual grounding process. Through a two-stage
training pipeline— classification pretraining followed by GPT-4 Turbo-
guided instruction tuning— our model achieves accurate disease iden-

tification and localized region highlighting. This enables interpretable,



multi-turn, dialogue-based diagnosis, outperforming existing LLMs on

both classification and grounding benchmarks for CXR datasets.

Extensive experiments and ablation studies demonstrate strong ro-
bustness and adaptability, confirming the effectiveness of the proposed
methods and their potential for real-world applications in medical image

analysis and synthesis.
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Chapter 1

Introduction

1.1 Background and Problem Statement

Chest X-rays (CXRs) remain one of the most widely used imaging modal-
ities in clinical diagnosis due to their low cost, accessibility, and diagnos-
tic breadth. In recent years, the rapid evolution of deep learning and
multimodal generative models has significantly advanced the interpre-
tation and synthesis of CXRs. However, despite these developments,
several fundamental limitations persist that hinder the reliability, gener-
alizability, and clinical adaptability of current approaches. This section
provides a structured overview of the key background concepts that mo-

tivate the challenges addressed in this thesis.
Background 1: Bone Suppression task and Cross-domain Conversion.

Bone suppression models are developed to enhance the visibility of
soft-tissue structures in chest X-rays (CXRs) by reducing or eliminating
overlying bone shadows such as ribs and clavicles. These bony struc-
tures often obscure critical pathological features—ranging from subtle
pulmonary opacities to small nodules—thereby hindering accurate di-
agnosis of conditions such as pneumonia, pulmonary edema, or pneu-
mothorax. To address this issue, two major families of methods have
been established: traditional dual-energy subtraction (DES) and deep

learning—based bone suppression models.

Traditional DES techniques [100] as illustrated in Figure 1.1, exploit
the differential attenuation characteristics of bone and soft tissue at high-
and low-energy X-ray spectra. By acquiring a rapid pair of exposures,
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Capture Display

Soft Tissue

Image Processing

High kVp

Figure 1.1: Process of Dual-Energy Subtraction (DES). High- and low-
energy X-ray images are acquired in rapid succession (left) and pro-
cessed to generate two separate outputs: a soft tissue—only image and
a corresponding bone-only image (right). From [100].

DES produces soft-tissue—only and bone-only projections through weighted
subtraction. Although effective, DES requires specialized dual-energy
hardware and leads to increased radiation dose, limiting its feasibility

for routine radiographic practice.

With the rise of deep learning, numerous image-based bone sup-
pression methods have been proposed [29, 58, 124]. Encoder—decoder
architectures, including U-Nets, GANs, and more recently Vision Trans-
formers, have been employed to learn direct mappings from bone-included
CXRs to bone-suppressed counterparts. These models are attractive due
to their computational efficiency, reduced hardware requirements, and
integration into existing imaging workflows. Furthermore, bone-suppressed
CXRs generated by such methods have been shown to benefit down-
stream tasks such as disease classification, segmentation, and anomaly

detection.

However, despite these advantages, current deep learning-based
bone suppression approaches face several limitations. Most models fo-
cus heavily on instance-specific features extracted from individual CXRs
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and fail to fully leverage domain-level anatomical priors that are consis-
tent across patient populations. CXRs typically exhibit stable structural
regularities—such as rib geometry, lung boundaries, and mediastinal
contours—which form a low-dimensional anatomical manifold. Exist-
ing models seldom incorporate these shared priors explicitly, resulting
in limited generalizability when applied to images from heterogeneous
scanners, institutions, or patient demographics. Additionally, many gen-
erative frameworks exhibit rigid architectural designs that struggle to
adapt to complex or subtle structural variations in real-world clinical
data.

These challenges highlight the need for more robust cross-domain
conversion strategies that integrate both domain-level (shared structural
priors) and instance-level (patient-specific) information. Such integra-
tion is essential for producing reliable bone-suppressed CXRs that pre-
serve clinically relevant details, maintain anatomical consistency, and re-

main suitable for downstream diagnostic tasks.

Background 2: Unified Vision-Language Models for CXR Understand-

ing and Generation.

The rapid progress of deep learning has led to the development
of numerous automated systems for CXR interpretation, including dis-
ease classification, radiology report generation, visual question answer-
ing (VQA), and medical image synthesis. However, these tasks are typi-
cally addressed using separate task-specific models, which creates frag-
mented workflows, increases system complexity, and limits scalability
across diverse clinical environments. Moreover, the lack of interoperabil-
ity among these models prevents effective cross-task knowledge sharing,
making it difficult to deploy them cohesively in real-world clinical set-

tings.

Recent advances in LLMs offer a promising solution by enabling
unified vision-language reasoning within a single framework. Unlike
conventional CNN- or Transformer-based models that are trained on
narrow, task-specific inputs, LLMs are pretrained on large-scale hetero-

geneous datasets spanning both visual and textual modalities. This broad
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Image captioning

. -
Give me a
brief report of . [Left lung pneumonia, ... ]

Visual question answering Medlcal [No there is no pleural effusion ]

p—
Is there a LLM
pleural effusion? [ MRI is a medical imaging ]

technique that ...

Natural language comprehension

What is MRI?

Figure 1.2: An overview of the capabilities of a Medical Large Language
Model (Medical LLM). The model takes as input various forms of mul-
timodal queries—including image captioning, visual question answer-
ing (VQA), and natural language comprehension—and generates cor-
responding clinical outputs, such as diagnostic reports, visual answers,
and medical knowledge explanations. From [54].

multimodal pretraining allows them to generalize more effectively across
diagnostic tasks, providing a cohesive interface for clinical decision sup-
port. As illustrated in Figure 1.2, medical LLMs can accept multimodal
inputs—such as CXRs, textual instructions, and clinical queries—and
generate a wide range of outputs, including image captions, diagnostic

reports, visual explanations, and domain-specific knowledge.

LLMs also possess the unique capability to jointly process and gen-
erate visual and textual information, enabling more interpretable, inter-
active, and clinically meaningful applications. For example, a unified
LLM can answer context-dependent clinical questions, highlight abnor-
malities through grounded explanations, and generate coherent radiol-
ogy reports that reflect both image context and medical reasoning. This
integrated modeling paradigm enhances transparency and interpretabil-
ity, fosters better engagement between clinicians and Al systems, and

ultimately improves diagnostic consistency and workflow efficiency.

Despite these advantages, current medical LLMs still exhibit im-
portant shortcomings. Most existing models accept multimodal inputs
but remain limited to text-only outputs, lacking the capability to gener-
ate medical images directly from language instructions. To address this

gap, recent studies have introduced vector-quantized (VQ) encoders [25]
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to discretize images into codebook indices, enabling image synthesis
within an LLM-driven token generation pipeline. While conceptually
appealing, VQ-based approaches suffer from quantization errors, reduced
spatial fidelity, and rigid fixed-length codebooks that constrain the model’s
capacity to represent complex anatomical variations. Furthermore, static
VQ codebooks adapt poorly to heterogeneous clinical data sources, re-
quiring retraining or redesign when encountering new imaging domains,

acquisition protocols, or disease distributions.
Background 3: Clinical Validation and Radiologist-driven Evaluation.

Although medical LLMs have exhibited promising performance on
benchmark datasets, their true clinical applicability remains largely un-
certain. Existing studies predominantly rely on automated metrics—such
as BLEU, METEOR, or BERTScore for report generation, CheXbert or
RadGraph F1 for clinical entity extraction, and FID for image synthe-
sis—to quantify model performance. While these metrics provide con-
venient numerical assessments, they capture only surface-level similar-
ity or distributional properties and fail to reflect whether the outputs are

clinically meaningful or diagnostically reliable.

Radiological interpretation, however, requires nuanced reasoning,
contextual understanding, and years of domain-specific experience. Au-
tomated metrics cannot evaluate whether subtle abnormalities are cor-
rectly identified, whether key findings are omitted, or whether gener-
ated descriptions follow radiological standards. Similarly, metrics such
as FID cannot determine if synthesized CXRs maintain anatomically ac-
curate structures or faithfully depict pathological patterns of diagnostic
importance. As a result, computational benchmarks often overestimate

a model’s practical utility and may overlook clinically critical errors.

For these reasons, radiologist-driven evaluation is essential when
assessing multimodal medical LLMs. Expert radiologists are uniquely
qualified to judge factual correctness, diagnostic completeness, and clin-
ical interpretability of generated reports, VQA responses, and synthetic

images. Their professional insight enables the identification of issues
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that automated metrics cannot detect, such as ambiguous phrasing, in-
appropriate terminology, inconsistent reasoning, and clinically implau-

sible visual artifacts.

Despite this necessity, systematic expert evaluation remains scarce
in current research. Many studies only involve limited case reviews,
single-task assessments, or informal clinician feedback. Few works im-
plement structured evaluation protocols spanning multiple CXR tasks—such
as report generation, visual question answering, and image synthesis—using
radiologists with different experience levels. This lack of rigorous human-
centered validation leaves a significant gap in demonstrating clinical

readiness.

Background 3: Multi-label Classification and Visual Grounding for
Interpretable Diagnostics.

In clinical practice, CXRs frequently exhibit multiple coexisting ab-
normalities, each associated with distinct anatomical regions and often
presenting with subtle or overlapping radiographic patterns. As a re-
sult, multi-label classification [72] and visual grounding [65] are indis-
pensable components of interpretable and clinically actionable medical
Al These tasks enable models not only to identify the presence of sev-
eral diseases simultaneously but also to associate each condition with
its corresponding anatomical location, thereby mirroring the reasoning

process used by radiologists.

Yet, most current systems fall short of this goal. Many models focus
exclusively on image-level multi-label classification, generating only a
set of predicted diseases without providing spatial cues or visual expla-
nations. Others incorporate textual reasoning but still lack the capabil-
ity to localize pathological findings within the CXR. This separation be-
tween classification and localization limits the interpretability and clini-
cal trustworthiness of Al systems, as radiologists and trainees rely heav-

ily on the spatial context of abnormalities to make diagnostic decisions.

For radiologists, understanding where a pathological finding ap-
pears is often as important as understanding what the finding repre-

sents. Precise visual grounding—typically formulated as bounding boxes
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or regions of interest—is essential for validating the relevance and cor-
rectness of model predictions. It also plays a critical role in medical ed-
ucation, where trainees learn to relate textual descriptions of abnormali-

ties to their actual radiographic manifestations.

However, existing LLMs and multimodal architectures still strug-
gle to achieve such fine-grained grounding due to several inherent lim-
itations. First, the ambiguous or diffuse boundaries of many thoracic
lesions make precise localization challenging, even for human experts.
Second, current vision—-language models possess limited spatial reason-
ing capabilities, which restrict their ability to accurately associate textual
descriptions with specific anatomical regions in the image. Third, most
existing systems lack unified frameworks that can simultaneously han-
dle multi-label classification, visual grounding, and explanatory reason-
ing, often resulting in outputs that are incomplete or misaligned across
modalities. Finally, inconsistencies between vision and language embed-
dings further exacerbate this issue, frequently leading to mismatches be-
tween predicted disease labels and their corresponding spatial regions.

1.2 Challenges and Motivations

1.2.1 Challenges

Analyzing and synthesizing medical images using traditional deep learn-
ing models and LLMs remains a challenging task. Although deep learn-
ing-based bone suppression models are more accessible than traditional
methods, they often lack generalizability and flexibility. Meanwhile,
most multimodal LLMs exhibit strong capabilities in visual-text under-
standing but are still limited to text-only outputs and struggle with multi-
class classification and lesion localization in fine-grained medical im-
ages. Our research focuses on three key tasks in medical image analysis
and synthesis. First, we propose a bone suppression model for CXRs that
leverages a continuous multi-head attention codebook combined with
cross-covariance attention to simultaneously capture domain-level and
instance-level information. Second, we build a unified large model for

medical report generation, VQA, and CXR synthesis by integrating an
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LLM with Stable Diffusion. Third, we leverage prompt engineering and
instruction tuning using GPT- generated data for classification and vi-
sual grounding. Through these efforts, we aim to develop a more robust
and generalizable solution for bone suppression and multimodal med-
ical tasks. Our method not only improves image and text generation
quality but also enables more accurate downstream tasks such as clas-
sification and segmentation. Furthermore, we collaborate with expert
radiologists to systematically evaluate the performance of our unified
model, marking a significant advancement in the field of medical image
analysis and synthesis.

Challeng 1: Cross-domain Image Conversion between Bone CXR and

Bone-suppressed CXR.

Bone suppression is a critical preprocessing step in CXR analysis
and synthesis, aimed at enhancing the visibility of soft-tissue structures
by reducing or eliminating overlying bony anatomy such as ribs and
clavicles. Recent research has focused on deep learning—based bone sup-
pression models that learn a mapping from bone-included CXRs to bone-
suppressed counterparts. Early approaches to bone suppression in CXRs,
spanning both supervised [89, 124, 29, 9, 58] and unsupervised meth-
ods [24, 56, 31], directly incorporated classical architectures like U-Net [38]
and dilated convolutions [124]. These models typically remove bone
structures by identifying their locations and generating bone-suppressed
images accordingly. Compared to DES, such vision-based techniques of-
fer substantial advantages in terms of computational efficiency and clin-

ical practicality.

More recently, generative modeling techniques have gained traction
in this domain, with frameworks such as Auto-Encoders [29, 52] and
GAN s [16, 125, 124, 76] being applied to bone suppression tasks. Draw-
ing on developments from image-to-image translation [52, 16, 125, 76],
these methods aim to learn cross-domain mappings that transform bone

CXRs into bone-free images.
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Despite these advancements, current deep learning methods pri-
marily focus on extracting instance-specific features from CXRs, over-
looking a key insight: CXRs exhibit high structural similarity and typi-
cally lie on a low-dimensional manifold. This shared anatomical struc-
ture across patient CXRs, representing domain-level consistency, has yet
to be fully exploited. Without leveraging these shared structural priors,
models may struggle with generalization and robustness across diverse

clinical settings.

This cross-domain image conversion refers to the inherent distri-
butional, structural, and semantic differences between the two image
types. Bone-suppressed CXRs exhibit distinct pixel intensities, anatom-
ical emphasis, and visual priors compared to their bone-included coun-
terparts. When models are trained solely on synthetic bone suppression
pairs, they often overfit to idealized transformations that fail to reflect
the noise, anatomical variability, and degradation commonly found in
real clinical images. Consequently, the learned representations may not
transfer well to real-world settings. On the other hand, unpaired training
strategies, such as CycleGAN [125], tend to prioritize global appearance
translation and may sacrifice important local structural details that are
essential for clinical interpretation. The result of this mismatch is a de-
cline in the performance of downstream tasks, such as disease classifica-
tion and disease segmentation, where accurate soft-tissue representation
is critical.

Cross-domain image conversion between bone and bone-suppressed
CXRs remains an open challenge. It calls for the development of domain-
adaptive learning strategies that can effectively align features across do-
mains while preserving clinical fidelity. Promising solutions lie in learn-
ing domain-invariant representations, applying attention-based feature
alignment techniques, and adopting self-supervised contrastive learning
methods that simultaneously capture global structural coherence and lo-
calized anatomical detail. Addressing this cross-domain image conver-
sion is essential to ensure the robustness and generalizability of bone
suppression models and their downstream tasks in practical clinical en-

vironments.



10 Chapter 1. Introduction

Challeng 2: Lack of Adaptive Unified Multimodal for CXR Under-
standing and Generation.

Recent breakthroughs in LLMs [66, 4] have introduced exciting op-
portunities for unified vision-language learning in the medical domain.
These models, by design, aim to bridge the gap between visual and tex-
tual information, enabling integrated reasoning across multiple modal-
ities. However, most existing medical LLMs are limited in their out-
put capabilities [93, 4]: while they can accept both CXRs and textual
prompts as input, they are typically confined to producing only textual
outputs. This constraint significantly limits their utility in real-world
clinical workflows that require more comprehensive, bidirectional mul-
timodal capabilities—such as synthesizing diagnostic chest X-rays from
clinical instructions, conducting visual-textual round-trip inference, or

validating generated reports against image content.

To address this limitation, recent efforts [53, 54] have attempted to
extend LLMs with image generation functionalities by leveraging VQ
strategies [25]. These approaches discretize image features into tokenized
codebook indices, allowing visual content to be processed alongside tex-
tual data. While VQ-based representations offer a structured way to
align image and language tokens, they also introduce inherent draw-
backs: quantization errors, reduced spatial fidelity, and constraints due
to fixed-length codebooks. These issues lead to degradation in image
quality and limit the model’s flexibility in adapting to the diverse and

nuanced anatomical details critical in medical imaging.

Furthermore, current VQ-based architectures often rely on static,
non-adaptive codebooks. These rigid structures are difficult to scale and
generalize [10, 11]. Incorporating new data distributions—such as CXRs
acquired from different institutions, imaging protocols, or patient demo-
graphics—typically necessitates retraining the entire model with a new
or expanded codebook. This retraining process is computationally inten-
sive and impractical in dynamic clinical environments where continual
learning and rapid adaptation are necessary. As a result, the scalabil-
ity, robustness, and generalizability of current LLM-based frameworks

remain severely limited in clinical deployment scenarios.
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To overcome these challenges, there is an urgent need for a more
flexible, extensible, and clinically grounded LLM framework capable of
performing both medical image understanding and synthesis in a uni-
fied and end-to-end fashion. Such a model should incorporate adaptive
encoding strategies that can dynamically represent image content with-
out incurring significant quantization losses, support multi-granularity
vision-language alignment, and be designed to generalize across het-
erogeneous data sources without extensive retraining. Additionally, it
should preserve diagnostic interpretability and reliability, ensuring its

outputs remain clinically meaningful and trustworthy.

Developing such a framework is a crucial step toward realizing gen-
eral purpose, multimodal Al assistants for healthcare—systems that can
not only read and interpret medical images but also generate them on de-
mand, validate diagnostic hypotheses, and assist in interactive, clinician-

centered decision-making.

Challenge 3: Clinical Validation Gap: Ensuring Radiologist-Endorsed
Evaluation for Unified LLMs in CXR Analysis and Synthesis.

Nowadays, while a growing number of medical LLMs [54, 53, 55,
91] have been developed for CXR understanding and generation, their
actual readiness for clinical application remains uncertain. Most models
are validated only on benchmark datasets or automated metrics, which
often fail to reflect real-world diagnostic needs. However, true clini-
cal deployment requires rigorous, systematic evaluation by domain ex-
perts—namely, professional radiologists—who can assess the model’s
performance in terms of medical relevance, diagnostic accuracy, and in-

terpretability.

To bridge this gap, we organized a comprehensive evaluation of
our proposed unified multimodal large language model, MedXChat, to
thoroughly assess its effectiveness and reliability across key CXR-related
tasks. A panel of six certified radiologists with varying years of clini-
cal experience was recruited to participate in this study. These experts
were tasked with systematically reviewing and rating the model’s out-

puts across three core applications: CXR report generation, medical VQA
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and text-to-image CXR synthesis. For a comprehensive comparison, two

additional state-of-the-art models were also included in the evaluation.

This expert-driven evaluation not only validates the clinical appli-
cability of MedXChat but also provides critical insights into its strengths
and limitations under real-world medical standards, setting a founda-

tion for its integration into radiological workflows.

Challenge 4: Interpretable Medical Multi-label Classification and Pre-

cise Visual Grounding.

In clinical practice, CXRs often exhibit multiple coexisting patholo-
gies, making multi-label classification [72, 112] and disease visual ground-
ing [65, 12, 20] a fundamental requirement. However, beyond merely
identifying the presence of diseases, interpretability—such as enabling
dialog-based interaction and explaining findings directly on the CXR—is
crucial for clinical adoption and trust. Traditional Al systems typically
decouple classification from localization, lacking the integrated reason-

ing necessary to generate clinically meaningful explanations.

Recent advances in LLMs offer promising avenues for unified vision-
language understanding [66, 93]. While these models have shown strong
capabilities in text generation and general image comprehension, their
application to interpretable multi-label classification and fine-grained vi-
sual grounding in medical imaging remains underdeveloped. Most ex-
isting LLMs [23, 94, 55] cannot explicitly associate multiple disease labels
with their corresponding anatomical regions in CXRs, limiting their clin-

ical relevance and usability.

This gap introduces several critical challenges. First, many thoracic
diseases present with subtle, overlapping, or ambiguous radiographic
features, requiring models to detect fine-grained visual cues [94]. Sec-
ond, current LLMs generally lack visual grounding capabilities—the abil-
ity to localize specific image regions that support each predicted label.
This spatial transparency is essential for validating model outputs and
ensuring diagnostic credibility. Without such interpretability, predic-

tions remain opaque and risk clinical rejection.
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Addressing these limitations requires the development of unified
frameworks that support both multi-label disease classification and region-
to-label grounding. Potential solutions include prompt-based classifica-
tion tuning, instruction-finetuned LLMs equipped with grounding heads,
and attention-based cross-modal feature alignment. Bridging seman-
tic prediction and spatial explainability is essential for building medical
Al systems that are not only accurate, but also trustworthy and inter-
pretable in real-world diagnostic workflows.

1.2.2 Motivations

In particular, the primary motivations for this thesis can be summarized

in the following four aspects.

Motivation 1: Develop A Two-stage Domain-level and Instance-level
Information Bone CXR Suppression Network to Address Challenge
1.

In the task of bone suppression for chest X-rays, there exist subtle
differences in structure and texture between bone-included and bone-
suppressed images, resulting in a relatively mild domain gap. Most ex-
isting methods focus primarily on instance-level features of individual
images while overlooking the domain-level anatomical priors that are
commonly shared across CXRs from different patients. This limitation
leads to insufficient model robustness and consistency, significantly hin-
dering the generalizability of current approaches in real-world clinical
settings. To address this issue, we propose a two-stage bone suppres-
sion network that jointly leverages both domain-level and instance-level
information. In the first stage, we introduce a Multi-head Codebook At-
tention (MCA) Learning Module to enhance the model’s ability to cap-
ture and represent prior knowledge from the bone-suppressed CXR do-
main. In the second stage, we employ a Cross-Covariance Attention
Block (CAB) Network to encode input-specific features from each CXR,
guiding the generation process more precisely. To further strengthen
instance-level feature extraction across both stages, we replace traditional

Convolutional Neural Networks (CNNs) with Vision Transformers (ViTs).
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This enables the model to leverage long-range dependencies and attend
to clinically relevant patterns across spatially distant regions in chest X-
ray images. By integrating both domain-level and instance-level infor-
mation, our approach not only enhances the generalization ability of the
bone suppression network but also significantly improves the accuracy
of downstream classification and segmentation tasks, making it more ro-

bust and reliable for real-world clinical applications.

Motivation 2: Instruction-guided Fine-tuning of LLM with Stable Dif-
fusion to Address Challenge 2.

To address the challenges posed by imbalanced and noisy To de-
velop a unified LLM capable of performing report generation, VQA, and
image synthesis from CXRs, while addressing key limitations in cur-
rent VQ-based image generation methods—such as quantization loss,
fixed codebook constraints, and limited adaptability to new data distri-
butions—we introduce MedXChat, a unified LLM framework that seam-
lessly integrates both interpretive and generative capabilities for CXR
analysis. Our framework first utilizes GPT-4 to generate instruction-
style data tailored for image synthesis, which includes special tokens
to guide the generation process. We then fine-tune the LLM using a
combination of MIMIC-CXR reports, VQA datasets, and the synthetic in-
struction data, enabling the model to simultaneously perform the three
core tasks. Finally, we align the learned multimodal embeddings with
image generation by fine-tuning a Stable Diffusion (SD) decoder using
the CXR images paired with prompts containing the special tokens. Im-
portantly, we keep most of the SD architecture frozen and train only
the SD encoder and several lightweight zero-convolution layers to en-
sure efficiency and task-specific adaptability. This unified approach not
only eliminates the need for fragmented task-specific models but also en-
hances performance, scalability, and interpretability in real-world clini-
cal applications.

Motivation 3: Radiologist-Led Evaluation of MedXChat Addresses Ch-
allenge 3.

To enhance the clinical trustworthiness and practical utility of model
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outputs, we propose a radiologist-led, multi-tier evaluation framework
to systematically assess the clinical applicability of MedXChat—our uni-
fied multimodal LLM for CXR analysis and synthesis. We assembled
an expert panel of six registered radiologists with varying levels of clin-
ical experience. This panel evaluated MedXChat’s performance across
three core tasks—report generation, VQA, and text-to-image synthesis—
through comparative assessments involving two additional medical LLMs.
The evaluation process was structured into three stages. In the first stage,
three junior radiologists conducted initial screenings to identify major is-
sues and consistency errors in the model outputs. In the second stage,
two senior radiologists with 7-10 years of clinical experience evaluated
the outputs using eight clinical criteria, including factual accuracy, di-
agnostic completeness, adherence to radiological terminology, and in-
terpretability. In the final stage, a chief radiologist with over 25 years
of experience adjudicated any scoring discrepancies and ensured fair-
ness and consistency in the overall evaluation. This expert-led clinical
review not only provided a comprehensive audit of MedXChat’s perfor-
mance but also uncovered critical shortcomings not easily detected by
automatic evaluation metrics—such as failure to detect rare diseases, in-
sufficient clinical context in VQA responses, unnatural phrasing in gen-
erated reports and inaccurate generated medical images. These clinical
insights offered valuable guidance for iterative model refinement, align-
ing MedXChat’s technical capabilities more closely with real-world clin-
ical expectations. By establishing this rigorous evaluation pipeline, we
effectively bridge the gap between algorithmic performance and clinical
implementation. The process ensures that MedXChat delivers outputs
that are not only accurate but also clinically interpretable and trustwor-
thy, laying a solid foundation for its deployment in high-stakes health-

care environments.

Motivation 4: Prompt Engineering and Chain of Thought Framework
Addresses Challenge 4.

To tackle the challenge of enabling LLMs to perform interpretable
multi-label classification and visual grounding for CXRs, we propose
MedVisioChat, a unified framework that integrates visual grounding
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capabilities with medical knowledge to support multi-round diagnostic
dialogues. This framework transforms traditional medical image inter-
pretation by allowing the model not only to classify diseases but also
to localize them within the image, thereby enhancing diagnostic trans-
parency and clinical trust. For multi-label classification, we design spe-
cific prompts that list fourteen common thoracic diseases and instruct
the model to label each as “Positive” or “Negative.” The input follows a
structured format, such as: “Atelectasis: Negative.” This format ensures
that the model systematically assesses each disease category with binary
labels, enabling comprehensive diagnostic coverage. We also design an
accuracy reward and a format reward to generate chain of thought to
enhance classification accuracy. To bridge semantic and visual modali-
ties, we introduce a novel instruction-based prompt design incorporat-
ing special tokens such as <ref> and <box>. These tokens explicitly link
each predicted disease label to its corresponding region in the CXR im-
age, facilitating accurate and interpretable visual grounding. The model
is thus trained not only to recognize disease categories but also to pro-
vide spatial explanations in natural language, enhancing interpretabil-
ity. This integration of prompt engineering, instruction fine-tuning, and
classification-aware visual alignment significantly improves both the di-
agnostic performance and explainability of the model. MedVisioChat
provides a promising pathway toward building trustworthy and deploy-
able AI diagnostic systems, with strong potential for real-world clinical

adoption.

1.3 Thesis Contribution and Organization

This section summarizes the key contributions and outlines the structure
of the thesis. In Chapter 2, we review existing literature on deep learning
approaches for medical image analysis and synthesis, highlighting their
relevance to the methods developed in this work. Chapters Chapters 3
to 6 present our proposed solutions to various challenges in medical im-
age understanding and generation, each building on and extending the
current state of the art. Lastly, Chapter 7 concludes the thesis and ex-
plores promising directions for future research.
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The primary contribution of this thesis lies in advancing medical
image analysis and synthesis through three key tasks: bone suppression
in CXR, the development of a unified LLM for CXR understanding and
generation, and an LLM framework for multi-disease classification with

precise visual grounding.

For the CXR bone suppression task, we highlight the effectiveness
of cross-domain image conversion techniques in mitigating the domain
shift between bone-included and bone-suppressed CXRs. To this end, we
propose an end-to-end two-stage framework that jointly performs cross-
domain translation and bone suppression. Specifically, we introduce a
Multi-head Codebook Attention (MCA) mechanism to capture domain-
level priors from bone-suppressed CXRs, while enhancing instance-level
feature representation through the integration of both vanilla and cross-
covariance Transformer modules. Extensive experiments demonstrate
that our method not only produces bone-suppressed images with supe-
rior reconstruction quality but also significantly enhances downstream

tasks such as pneumonia classification and lesion segmentation.

For the unified LLM for CXR understanding and generation task,
we emphasize the importance of developing a generalizable model capa-
ble of seamlessly handling diverse vision-language tasks within a single
framework. To this end, we propose MedXChat, a unified LLM system
that jointly supports CXR-to-report generation, CXR-VQA, and text-to-
CXR image synthesis. We adopt a visual-language architecture that in-
corporates powerful pretrained components—such as ViT-based visual
encoders and the mPLUG-Owl language model—and optimize them us-
ing lightweight strategies like delta-tuning and LoRA to maintain effi-
ciency. Moreover, we address limitations in previous VQ-based models
by introducing a novel instruction-driven diffusion synthesis module,
which enables high-quality medical image generation without retrain-
ing large components. The system is further enhanced through the use of
GPT-4-generated instruction data and stable diffusion, which guides the
model’s image generation ability with rich contextual prompts. Compre-
hensive evaluations demonstrate that MedXChat achieves superior per-

formance across all tasks, delivering interpretable, clinically meaningful
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results that set a new standard for unified medical vision-language un-

derstanding and generation.

For the radiologist-led evaluation of MedXChat, we designed a com-
prehensive multi-tier assessment protocol to systematically evaluate its
clinical effectiveness across three key tasks: report generation, VQA,
and text-to-image synthesis. A panel of six certified radiologists, rep-
resenting a spectrum of clinical expertise from junior doctors to senior
chief specialists, was convened to perform a blinded assessment and
comparative analysis of MedXChat alongside two other medical LLMs.
The evaluation process involved rigorous scoring across multiple di-
mensions including factual accuracy, diagnostic relevance, adherence to
radiological terminology, and image realism. The results demonstrate
that MedXChat consistently outperforms alternatives by generating clin-
ically coherent diagnostic reports, delivering accurate and contextually
grounded answers in VQA, and synthesizing CXR images that are both

structurally plausible and diagnostically meaningful.

For the task of interpretable multi-label classification and precise vi-
sual grounding in CXRs, we propose a unified instruction-guided frame-
work, MedVisioChat, that enables simultaneous disease classification
and spatial localization with clinical interpretability. The model is de-
signed to bridge the gap between textual and visual modalities by utiliz-
ing a prompt-engineered multi-label classification system, where each of
the 14 disease categories is explicitly labeled as "Positive" or "Negative."
To further strengthen interpretability, we integrate a chain-of-thought
(CoT) mechanism into the classification pipeline. The CoT provides step-
by-step reasoning behind the model’s predictions. To enhance visual in-
terpretability, we introduce special instruction tokens—such as <ref> for
disease labels and <box> for bounding box annotations—that guide the
model to align each diagnosis with its corresponding region in the im-
age. This explicit alignment enables the model to accurately predict the
visual grounding locations of diseases based on the classification results.
Built upon a powerful LLM backbone and fine-tuned with LoRA on care-
tully curated instruction-following dialogues, our model achieves supe-

rior performance and outperforms existing baseline methods.
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Chapter 2

Literature Review

In this chapter, we begin with an overview of Medical Deep Genera-
tive Modeling, introducing major model families including autoregres-
sive models, variational inference-based generative models, generative
adversarial networks, transformers, and diffusion models, with an em-
phasis on their relevance to medical imaging applications. We then dis-
cuss the recent advances in Large Language Models (LLMs), focusing
on medical-specific LLMs, instruction tuning strategies, and prompt en-
gineering techniques that enable effective multimodal interaction and
domain adaptation. Building on this foundation, we explore a range of
medical imaging tasks, covering bone suppression for improved diag-
nostic accuracy, automated report generation, visual question answer-
ing, disease classification, and visual grounding for explainable Al For
each task, we review representative methods, highlight key technical
challenges, and analyze both the progress achieved and the gaps that re-
main. Together, these sections provide a comprehensive perspective on
how deep generative modeling and large language models are shaping
the future of medical image analysis and synthesis.

2.1 Medical Deep Generative Modeling

2.1.1 Autoregressive Models

Autoregressive (AR) models are a class of generative models that factor-
ize the joint probability distribution of sequential or structured data into
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a product of conditional probabilities:

p(x) =T ]pxilx), 2.1)
i=1

where each element x; is generated conditioned on all previously gener-
ated elements. This sequential dependency enables AR models to cap-
ture long-range dependencies and complex structural patterns. Initially
popularized in natural language processing and speech synthesis, the
autoregressive paradigm has been extended to two-dimensional image
generation tasks via raster-scan or patch-based strategies, as exemplified
by PixelRNN, PixelCNN, and their variants. By conditioning each gener-
ation step on the accumulated context, AR models can produce outputs

that are both detailed and semantically coherent.

In the medical imaging domain, the autoregressive paradigm offers
several advantages. First, its step-by-step generation allows for fine-
grained control over the output, which is particularly valuable in appli-
cations where spatial consistency and anatomical plausibility are critical.
For example, pixel-level AR models can synthesize medical images with
subtle pathological features, while token-level AR decoders can produce
diagnostic reports with logical flow and factual accuracy. Second, AR
models are naturally suited for multimodal learning, supporting condi-
tional generation tasks such as generating reports from images, synthe-
sizing images from textual descriptions, or producing both modalities
jointly. Third, their explicit conditional dependency mechanism facili-
tates the integration of structured prior knowledge—such as clinical on-
tologies or radiology lexicons—guiding the generation process toward

domain-relevant outputs.

AR models have been explored in medical imaging synthesis for
their ability to sequentially model spatial dependencies, either at the
pixel or patch level. Wang et al. [102] demonstrated the potential of
AR approaches for volumetric data. They treat 3D medical images as
sequences of visual tokens— organized based on spatial proximity, con-

trast, and semantic similarity— and train the model to predict the next
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token autoregressively. This method effectively captures long-range con-
textual information and achieves strong performance across nine down-
stream medical imaging tasks. Shin et al. [82] proposed the Recurrent
Neural Cascade Model (RNCM), one of the earliest frameworks to in-
tegrate convolutional neural networks for chest X-ray feature extraction
with an autoregressive long short-term memory (LSTM) decoder for se-
quential medical report generation. By first predicting high-level clinical
tags and then conditioning sentence generation on these tags, the model
improved factual accuracy and coherence, demonstrating the feasibility
of deep learning-based automated chest X-ray interpretation and paving

the way for subsequent vision-language approaches in radiology.

However, AR models also have certain limitations, particularly in
high-resolution image synthesis where the sequential nature of gener-
ation incurs significant computational cost. The inherently serial de-
coding process results in slower inference compared to parallel gener-
ation methods, and early prediction errors may propagate through the
sequence, degrading the overall quality. To mitigate these issues, hy-
brid approaches have emerged that combine AR components with other
generative paradigms, such as variational inference or diffusion mod-
els, thereby retaining the strong sequential modeling capabilities of AR
while improving efficiency and robustness. These advancements have
expanded the applicability of AR models beyond their original domains,
making them increasingly relevant for medical image synthesis, auto-

mated report generation, and multimodal medical Al systems.

2.1.2 Variational Autoencoder

The Variational Autoencoder (VAE), introduced by Kingma and Welling
[48], is a generative model that formulates data generation as a proba-
bilistic inference problem. Unlike conventional autoencoders that learn
deterministic latent representations, VAEs introduce a set of latent vari-
ables whose posterior distribution given the data is generally intractable.
To address this, VAEs employ variational inference to approximate the

true posterior p(z | x) with a tractable variational distribution g¢(z | x),
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typically parameterized as a Gaussian whose mean and variance are pre-

dicted by an encoder network.

The generative process is modeled by a decoder network py(x | z),
which reconstructs the input data from samples drawn from the latent
distribution. Training is achieved by maximizing the Evidence Lower
Bound (ELBO):

L6, ¢;x) = By 55 [log po(x | 2)] = KL(qp(z [ x) [ p(2)), (22

where the first term encourages faithful reconstruction of the input, and
the second term regularizes the latent space by penalizing divergence
from the prior distribution p(z) (often a standard normal). VAEs have
become a cornerstone in deep generative modeling due to their proba-
bilistic formulation, which enables explicit likelihood estimation, smooth

latent space interpolation, and predictive uncertainty quantification.

In medical imaging, VAEs and their variants (e.g., Conditional VAEs
(CVAE) [86], B-VAEs [35]) have been widely adopted for synthesis, anomaly
detection, and modality translation. For example, Chartsias et al. [8] pro-
posed a multi-input CVAE for cross-modality synthesis between cardiac
MR and CT, enabling anatomically consistent generation across modal-
ities by conditioning the latent representation on multi-source image
features. Similarly, Dalca et al. [18] introduced VoxelMorph, a VAE-
based probabilistic image registration framework that learns a distribu-
tion over plausible deformation fields, allowing both accurate alignment

and uncertainty estimation in brain MRI registration.

Extensions of the VAE framework have been developed to address
limitations in capturing complex, multi-scale structures in medical im-
ages. Hierarchical VAEs [87, 95] introduce multiple layers of latent vari-
ables organized in a hierarchy, where higher-level latents encode global
structural information and lower-level latents capture fine-grained de-
tails. Hierarchical VAEs have shown effectiveness in medical image syn-
thesis by capturing anatomical priors and multi-modal dependencies.
Kapoor et al. [44] introduced a Multiscale Metamorphic VAE for 3D brain

MRI generation, modeling coarse-to-fine morphological transformations
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Figure 2.1: A typical VQ-VAE framework comprises three main compo-
nents: an encoder, a learnable codebook containing discrete embedding
vectors, and a decoder.From [96].

on a reference template to ensure anatomical consistency and superior fi-
delity compared to standard VAEs and GANs. More recently, Dorent et
al. [21] proposed MHVAE, a Multi-modal Hierarchical VAE that fuses
brain MRI and intra-operative ultrasound modalities into a shared hier-
archical latent space and uses probabilistic fusion and adversarial train-
ing to generate missing modality images with high realism. These hier-
archical structures enhance both the expressiveness and clinical plausi-
bility of generated outputs.

As show in Figure. 2.1, Vector-Quantized VAE (VQ-VAE) [96] ex-
tends the VAE by replacing the continuous latent space with a discrete
codebook learned jointly with the encoder and decoder. This discrete
representation has been particularly beneficial for high-fidelity medical
image synthesis and compression. For example, [30] proposed a VQ-
VAE-based approach for mapping multi-sequence MRI scans into a uni-
fied discrete latent space, enabling non-adversarial cross-sequence syn-
thesis via a Seq2Seq generator. Similarly, [115] introduced a VQ mem-
ory module into U-Net for weakly supervised segmentation, where dis-
crete codebooks serve as a repository of anatomical features to enhance

pseudo-label generation and overall robustness.

While VAEs have demonstrated utility in medical image analysis
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and synthesis, several inherent limitations hinder their broader clini-
cal applicability. A key drawback is their tendency to produce over-
smoothed or blurry reconstructions in high-resolution modalities such
as MRI or CT, primarily due to pixel-wise reconstruction losses (e.g.,
MSE) that average over plausible outputs and suppress diagnostically
important fine details. The common assumption of an isotropic Gaus-
sian prior is often too restrictive to capture the complex, multi-modal
distributions of medical images, leading to suboptimal latent represen-
tations, particularly for rare pathologies. VAEs are also prone to pos-
terior collapse, where latent variables fail to encode meaningful infor-
mation when paired with highly expressive decoders, thereby compro-
mising interpretability and limiting sensitivity to subtle abnormalities.
Moreover, the fixed trade-off in the ELBO between reconstruction fi-
delity and latent regularization is rarely optimal across diverse clinical
tasks—for example, anomaly detection may require prioritizing sensi-
tivity over fidelity, whereas surgical planning demands both. Finally,
VAEs trained on domain-specific datasets exhibit limited generalizabil-
ity across imaging modalities, acquisition protocols, and institutions,

with domain shifts often degrading real-world performance.

2.1.3 Generative Adversarial Networks

Generative Adversarial Networks (GANs) [28] are a class of generative
models that formulate the learning process as a two-player minimax
game between a generator and a discriminator. The generator aims to
produce samples that are indistinguishable from real data, while the dis-
criminator learns to distinguish between real and generated samples. In
other words, a discriminator D and a generator G play the following

two-player minimax game with value function V (G, D):

rncinmgx V(D,G) =E,p,. . x)log D(x)] + E. ., )[log(1 — D(G(z)))].

(2.3)
This adversarial training paradigm encourages the generator to capture
the underlying data distribution, enabling the synthesis of high-fidelity
and perceptually realistic outputs without requiring explicit likelihood
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estimation.

In medical imaging, GANs and their variants (e.g., conditional GANs,
CycleGAN, StyleGAN) have been widely employed for a range of tasks,
including image-to-image translation, modality conversion, super- res-
olution, and artifact reduction. For example, Wolterink et al. [109] uti-
lized CycleGAN for unpaired MR-to-CT synthesis, facilitating attenu-
ation correction in PET imaging without the need for paired training
data. Similarly, Armanious et al. [3] proposed MedGAN, a cGAN-based
framework that integrates perceptual, style, and adversarial losses for
multi-modal medical image translation, achieving state-of-the-art per-
formance in MR-to-CT and PET-to-CT conversion. Recent studies have
further extended GANs to address domain adaptation and data scarcity
challenges. Yang et al.[116] proposed a GAN-based framework for low-
dose CT denoising, incorporating Wasserstein distance with a percep-
tual loss to achieve superior noise suppression while preserving fine
anatomical details. More recently, Mahapatra et al.[63] introduced a self-
supervised GAN for histopathology stain normalization, leveraging se-
mantic guidance to maintain tissue structure and morphological fidelity

during style transfer.

One of the most important variants of GANs is the Vector Quan-
tized Generative Adversarial Network (VQGAN) [25], which combines
the adversarial training mechanism of Generative Adversarial Networks
(GANSs) with the discrete latent representation learning capability of the
Vector Quantized Variational Autoencoder (VQ-VAE). The core idea is to
apply vector quantization to map the encoder outputs into a finite code-
book Z = {¢; € RP}X_,, resulting in sparse, discrete, and semantically

rich latent representations.

Given an input image x, the encoder Eg produces a continuous latent

vector z, = Eg(x), which is then quantized via nearest-neighbor lookup:

zq = ¢, where k= argmin |z, — ¢;|2. (2.4)
]
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The decoder (generator) Gy reconstructs the image from the quan-
tized representation £ = Gg(z4). The model is trained by jointly opti-
mizing the following objective:

LvaGAN = Lrec(x,£) + B llsglze] — exll3 + l|ze — sglex] I 25)
+/\£GAN(X,3?) +’y£perc(x,3?), .

where L. is the reconstruction loss (e.g., L; or Ly distance), the
second and third terms correspond to codebook update and commit-
ment loss, sg|-] denotes the stop-gradient operation, Lgay is the adver-
sarial loss for enhancing high-frequency details, and Lperc is the per-
ceptual loss (e.g., LPIPS) to maintain semantic consistency. VQGAN
combines the efficiency of discrete latent representation learning from
VQ-VAE with the high-fidelity synthesis capability of GANs, making
it particularly effective in medical imaging tasks. It has been success-
tully applied in cross-modality medical image translation (e.g., MRI-
to-CT), super-resolution reconstruction, histopathology image synthesis,
and report-to-image generation, consistently preserving clinically rele-
vant structures while generating realistic details. Furthermore, the dis-
crete latent space makes VQGAN a strong backbone for Transformer-
based generative models in radiology, enabling scalable autoregressive

modeling over compact image tokens.

Despite their success in generating visually convincing images, GANs
face challenges in clinical adoption due to issues such as mode collapse,
training instability, and the lack of explicit uncertainty quantification.
Second, while adversarial losses enhance perceptual realism, they may
inadvertently introduce hallucinated structures, which is a critical safety
concern in medical applications. Furthermore, the stop-gradient (SG)
operation helps stabilize training by preventing interference between
the encoder and the codebook, but it can slow convergence and lead to
suboptimal discrete representations due to blocked gradient flow. This
limitation may hinder fine-detail preservation and cross-modal consis-
tency in complex medical imaging tasks, motivating strategies such as

soft quantization to retain gradient information.
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2.1.4 Transformer-based Models

Transformer-based models have emerged as a dominant architecture in
deep learning, particularly for sequence modeling tasks. Their central
innovation is the self-attention mechanism, which enables the model to
capture long-range dependencies between elements in a sequence with-
out relying on recurrence or convolution. This design allows for fully
parallelizable training and efficient modeling of global context. The self-

attention operation can be formally expressed as:

Attention(Q, K, V) = softmax Q—KT 1% (2.6)
4 7 \/d_k 7 *
where Q, K, and V are the query, key, and value matrices derived from

the input embeddings, and dj is the dimensionality of the key vectors.

In generative modeling, Transformers are often employed in an au-
toregressive (AR) fashion, predicting the next token x; conditioned on all
previously generated tokens x.;. This probabilistic formulation can be
written as: .

p(x) = Hp(xt | x<t), 2.7)
where T denotes the sequence length. This framework, originally de-
veloped for natural language processing (NLP), has been extended to
computer vision and medical imaging, enabling tasks such as image
synthesis, radiology report generation, and visual question answering
(VQA). Vision Transformers (ViTs) treat images as sequences of fixed-
size patches, while hybrid CNN-Transformer architectures employ con-
volutional layers for local feature extraction followed by Transformer

layers for global context modeling.

Recent research has explored integrating Transformer architectures
into generative frameworks to enhance medical image analysis and syn-
thesis. Chen et al. [14] introduced a memory-driven Transformer for
chest X-ray report generation, incorporating an external memory mod-

ule to store and retrieve image-relevant textual patterns. These retrieved
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patterns are integrated into the Transformer decoder’s self-attention mech-
anism, enhancing the coherence of long reports and mitigating repeti-
tive errors often observed in traditional CNN-RNN baselines. Evalu-
ated on the MIMIC-CXR dataset, the approach achieved state-of-the-art
performance across BLEU, METEOR, and clinical efficacy metrics. In
parallel, Dalmaz et al. [19] developed ResViT, a GAN architecture aug-
mented with Vision Transformer (ViT) modules. Its generator features
Aggregated Residual Transformer (ART) blocks that blend convolutional
precision with global context modeling, enabling accurate synthesis of
missing MRI contrasts and MRI-to-CT transformations. This hybrid de-
sign demonstrated superior anatomical fidelity and structural coherence

compared to CNN-only generative models.

In medical imaging, Transformer-based generative models offer sev-
eral advantages. First, their ability to model long-range spatial depen-
dencies is crucial for capturing clinically relevant structures that may
be spatially distant yet semantically related, such as lesions and associ-
ated anatomical landmarks. Second, their scalability enables training on
large-scale multimodal datasets that incorporate not only imaging data
but also associated clinical reports and metadata. Third, their flexibility
allows the unification of multiple medical tasks—such as cross-modality
synthesis, segmentation, and diagnostic report generation—within a sin-

gle framework.

2.1.5 Diffusion Models

Diffusion models are a class of generative models that learn to synthesize
data by reversing a gradual noising process. Inspired by non-equilibrium
thermodynamics, these models define a forward diffusion process that
progressively adds Gaussian noise to the input data over T steps, trans-
forming the data distribution g(x) into an isotropic Gaussian distribu-
tion g(xr). The model is then trained to learn the reverse denoising pro-

cess, gradually reconstructing data from noise.

Formally, the forward process is defined as:

q(xt [ x¢-1) =N (Xt; V1—pt Xt—1,,5t1> ’ (2.8)
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where B; € (0,1) is a predefined variance schedule controlling the noise
level at each timestep t. By iteratively applying this process, we obtain a
closed-form distribution:

axi | %0) = N (x6 V& xo, (1— &)1), 29)

withay =1 — By and &y = H§:1 K.

The generative process learns the reverse conditional distributions
po(x¢—1 | x¢) parameterized by a neural network, typically predicting
either the mean or the added noise €y(xy, t):

po(xi-1 | xt) =N (xt_l;ue(xt,t),a,?l) : (2.10)

The training objective can be simplified to a denoising score matching
loss [36]:

Lom = Etrge [He —eo (Vo +V/I-riet) Hj , (2.11)

where € ~ N (0,1).

Diffusion models have emerged as a powerful class of generative
frameworks, achieving state-of-the-art performance across diverse syn-
thesis tasks by modeling complex data distributions without adversarial
training, thus avoiding common pitfalls of GANs such as mode collapse
and training instability. In medical imaging, they have been successfully
applied to high-fidelity MRI and CT synthesis, cross-modality transla-
tion, super-resolution, and anomaly detection. Their probabilistic for-
mulation also enables explicit uncertainty quantification—an essential

property for safe and interpretable clinical Al

A notable example is [88], which leverages score-based diffusion to
address ill-posed tasks such as accelerated MRI reconstruction and low-
dose CT denoising. By integrating the learned score function V log p:(x)
with data-consistency constraints, the method achieves both high per-
ceptual quality and faithful anatomical preservation, outperforming com-

pressed sensing and GAN-based baselines. Another representative work
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is the 3D extension of Denoising Diffusion Probabilistic Models (DDPM)
by Khader et al. [46], tailored for volumetric medical image generation.
This approach adapts DDPM to operate directly on 3D voxel grids, syn-
thesizing high-resolution MRI and CT volumes with preserved spatial
coherence. A patch-based training strategy mitigates memory constraints,
while conditional generation based on modality or anatomical labels en-
hances flexibility. Quantitative evaluations demonstrate superior struc-
tural fidelity over state-of-the-art GAN methods, highlighting the poten-
tial of diffusion models for realistic 3D data augmentation and rare case

simulation.

Recent advances, such as latent diffusion [76], integrate variational
autoencoders to perform generation in a compressed latent space, sub-
stantially reducing computational demands while maintaining synthesis
quality. These developments further enhance the practicality of diffusion-
based approaches in clinical workflows, combining scalability, realism,

and uncertainty awareness.

2.2 Large Language Models

2.2.1 Maedcial Large Language Models

Medical Large Language Models (Medical LLMs) are specialized adap-
tations of general-purpose large language models designed to process,
understand, and generate medical information across text, image, and
multimodal inputs. Built on transformer-based architectures, these mod-
els are pre-trained on vast corpora of biomedical literature, clinical notes,
radiology reports, and sometimes multimodal datasets that pair medical
images with text. The resulting language representations capture both
domain-specific terminology and clinical reasoning patterns, enabling
applications in automated report generation, medical question answer-

ing, clinical decision support, and patient education.

Unlike general LLMs, Medical LLMs incorporate domain adapta-
tion strategies such as continual pre-training on curated medical text cor-

pora, instruction tuning with clinician-authored prompts, and alignment
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with clinical guidelines to improve factual accuracy and reduce halluci-
nation. In multimodal settings, these models integrate medical image
encoders (e.g., CNNSs, Vision Transformers) with language decoders, en-
abling end-to-end reasoning over both visual and textual inputs—a crit-

ical capability for radiology and pathology applications.

Recent advances in medical large language models (LLMs) have
been propelled by adapting general-purpose vision-language architec-
tures to the clinical domain. LLaVA-Med [55] extends the Large Lan-
guage and Vision Assistant (LLaVA) framework by integrating a medi-
cal image encoder with a domain-adapted LLaMA-based decoder. The
model undergoes instruction tuning on curated medical image—text pairs
and clinical dialogues, enabling it to perform a wide range of tasks,
including medical visual question answering (Med-VQA), report sum-
marization, and image-report cross-referencing. Domain-specific fine-
tuning allows LLaVA-Med to achieve substantial improvements over
the general-purpose LLaVA in both factual accuracy and clinical rele-
vance. Similarly, XrayGPT [91] focuses on chest radiography by coupling
a CLIP-based image encoder with a medical instruction-tuned GPT-4-style
language model. Trained on large-scale chest X-ray—-report datasets, Xray-
GPT is tailored for radiology-specific tasks such as structured report gen-
eration, differential diagnosis suggestion, and finding—impression align-
ment. The model incorporates disease-aware attention mechanisms to
enhance sensitivity to subtle pathological patterns, leading to superior
performance on benchmark datasets such as MIMIC-CXR and Openl.

2.2.2 Instruction Tuning

Instruction tuning [107] has emerged as a powerful paradigm for en-
hancing the generalization and adaptability of large multimodal mod-
els. The core idea is to teach models how to follow diverse natural lan-
guage instructions by training them on a broad collection of instruction-
response pairs. Unlike traditional supervised learning that relies on rigid

task-specific annotations, instruction tuning offers a flexible and scalable
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framework for multi-task learning. Recent works such as Alpaca, Vi-
cuna, and instruction-tuned GPT-4 have demonstrated impressive per-
formance across a wide range of tasks, including question answering,
reasoning, and content generation. In the medical domain, this paradigm
is especially valuable, as it allows models to better align with the dy-
namic nature of clinical workflows, where task instructions vary based

on diagnostic goals and user intent.

In medical imaging, where key tasks include report generation, VQA,
and image synthesis, instruction tuning facilitates a unified language-
driven interface to perform diverse functions. By training models to
follow task-specific instructions—e.g., “generate a frontal chest X-ray
showing mild cardiomegaly”—they can dynamically adapt to new tasks
without requiring specialized heads or architectures. This approach is
particularly effective in data-scarce scenarios, where high-quality domain-

specific instructions can substitute for large-scale labeled datasets.

Building on this paradigm, MedXChat introduces instruction tuning
with custom-designed special tokens (<Xray> and </Xray>) and lever-
ages GPT-4 to generate rich instruction-following data tailored for chest
X-ray analysis and generation. In particular, we construct a dedicated
instruction dataset for the text-to-CXR image synthesis task, which in-
cludes domain-specific dialogues, clinical prompts, and corresponding
model responses. The unified LLM is fine-tuned with Low-Rank Adap-
tation (LoRA), enabling efficient and scalable multi-task learning across

modalities.

For text-to-image synthesis, we treat the content enclosed in <Xray>
... </Xray> as an embedded prompt for image generation. During train-
ing, the model learns to associate these structured prompts with corre-
sponding radiological outputs. At inference time, the extracted prompt
is passed to a Stable Diffusion model, which generates high-fidelity CXR
images aligned with the clinical intent. This mechanism allows for con-
trollable and explainable image synthesis guided by natural language.
Unlike prior models such as LLMCXR and UniXGen, which lack explicit
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prompt-grounded generation pathways, MedXChat enables a more se-
mantically aligned and flexible multimodal pipeline for real-world med-

ical scenarios.

2.2.3 Prompt Engineering

Prompt Engineering has emerged as a pivotal technique in aligning LLMs
with downstream tasks. Brown et al. [6] demonstrated that LLMs, such
as GPT-3, can perform surprisingly well on a wide range of tasks by
conditioning on task-specific prompts without additional fine-tuning.
Building on this foundation. Liu et al.[61] provided a systematic sur-
vey that categorized prompt-based learning into discrete prompting, soft
prompting, and instruction-based prompting, revealing its potential to
bridge the gap between pre-trained LLMs and domain-specific applica-

tions.

Inspired by these findings, we adopt prompt engineering to im-
prove medical multi-label classification within our LLM framework. Spe-
cifically, we design structured prompt templates corresponding to 14
common thoracic disease categories in chest X-rays. To construct a high-
quality instruction dataset, we leverage GPT-4 Turbo [66] to generate
diverse and clinically relevant instruction-response pairs based on our
domain-specific prompt templates. This instruction data is then used to
fine-tune our LLM, enabling it to understand clinical classification tasks
and accurately map visual input to discrete diagnostic categories. This
approach allows for flexible integration of clinical intent into model be-
havior and enhances the interpretability and controllability of classifica-

tion predictions.

2.24 Chain of Thought

Chain of Thought (CoT) reasoning has emerged as a crucial approach
for enhancing the reasoning capability of LLMs. Wei et al. [108] first
demonstrated that encouraging models to generate intermediate reason-
ing steps before producing the final answer significantly improves per-

formance on arithmetic, commonsense, and symbolic reasoning tasks.
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Subsequent work, such as Kojima et al. [50], revealed that even zero-
shot CoT prompting can unlock hidden reasoning abilities in LLMs by
appending simple trigger phrases like “Let’s think step by step".

Building on these insights, we adopt chain-of-thought prompting
within our medical-domain framework. Specifically, we design a tai-
lored reward function for medical LLM classification tasks. The reward
comprises two components: (1) an accuracy reward that evaluates cor-
rectness across 14 diagnostic categories, and (2) a format reward that
enforces the generation of both the chain-of-thought reasoning process
and the final answer in the expected structure. Through this chain-of-
thought-guided training, the model achieves improved performance in
medical classification, demonstrating enhanced reasoning ability and pre-

diction accuracy.

2.3 Medical Tasks

2.3.1 Bone Suppression

The bone suppression task involves removing bony structures from CXRs
to reconstruct bone-free images [71]. This process enhances radiologists’
ability to detect lung diseases and improves the accuracy of deep learn-
ing-based lung disease classification by reducing rib artifacts and in-
creasing the visibility of soft tissues. A conventional approach for bone
suppression is dual-energy subtraction (DES) radiography, which ac-
quires two X-ray images at different energy levels and subtracts them
to separate bone from soft tissue. However, DES requires specialized
hardware, imposes strict acquisition conditions, and exposes patients to

increased radiation.

With the rapid development of artificial intelligence, deep learn-
ing-based methods—both supervised [89, 124, 29, 9] and unsupervised [24,
56]—are increasingly replacing DES for bone suppression. In supervised
approaches, for example, the CNN-based Auto-Encoder [29] progres-
sively downsamples and upsamples images to remove bones, while the
IEDSR framework [58] enhances pneumothorax segmentation accuracy
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by preprocessing CXRs with bone suppression to improve lung struc-
ture visibility. Similarly, Dilated cGAN [124] applies dilated conditional
convolutions to capture multi-scale context and enforce semantic consis-

tency, effectively suppressing bone structures.

Unsupervised methods also show promise. Pix2pix-MTdG [24] em-
ploys a pix2pix-based image-to-image translation network to jointly per-
form organ segmentation and bone suppression, while LoG-DRR [56]
leverages domain knowledge from unpaired CT images via unsuper-
vised domain adaptation. More recently, UDA [31] demonstrated cross-
species bone suppression by transferring knowledge from labeled hu-
man CXRs to unlabeled animal CXRs through adversarial learning and
feature alignment, preserving anatomical details without manual anno-

tations.

Although these methods demonstrate the clinical value of bone sup-
pression in disease classification, many existing models still face limita-
tions in architectural design and output quality, leaving room for further
improvements in both visual fidelity and diagnostic reliability.

2.3.2 Report Generation

Radiology report generation aims to automatically produce structured
diagnostic reports from medical images, particularly CXRs, thereby re-
ducing radiologists” workload and improving reporting consistency. The
task requires accurately extracting visual features, modeling their rela-
tionship with medical findings, and generating coherent textual descrip-
tions that capture both global context and localized abnormalities. Tra-
ditional CNN-RNN frameworks have struggled with long-range depen-
dency modeling and clinical factual accuracy, motivating recent work
that leverages Transformer-based architectures, cross-modal alignment,
and external knowledge integration to enhance both linguistic fluency

and clinical fidelity.

Representative methods include the conditioned Transformer [2],
which injects structured clinical labels into the decoder to guide atten-
tion toward disease-relevant content, improving both BLEU scores and
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clinical observation accuracy. Chen et al.[14] proposed a memory-driven
Transformer that retrieves prototypical image—text patterns from an ex-
ternal memory, reducing repetitive sentences and improving long-report
coherence on MIMIC-CXR. Wang et al.[101] introduced the Cross-Modal
Prototype Driven Network (CMPD-Net), which learns semantic proto-
types aligned across modalities to better capture disease-specific fea-
tures, yielding superior performance in multi-condition scenarios com-

pared to sequential or retrieval-based baselines.

Recent progress in medical LLMs has further advanced radiology
report generation by leveraging powerful vision-language architectures
adapted to the clinical domain. LLaVA-Med [55] extends the Large Lan-
guage and Vision Assistant framework with a medical image encoder
and a domain-adapted LLaMA-based decoder, instruction-tuned on cu-
rated medical image-text pairs and clinical dialogues. This enables it to
generate reports with higher factual accuracy and richer clinical context
compared to general-purpose models. Similarly, XrayGPT [91] focuses
on chest radiography by combining a CLIP-based visual encoder with
a medical instruction-tuned GPT-style language model. Optimized on
large-scale chest X-ray-report datasets such as MIMIC-CXR, it incorpo-
rates disease-aware attention to improve recognition of subtle patholog-

ical patterns, leading to more accurate and clinically coherent reports.

2.3.3 Medical Visual Question Answering

Medical Visual Question Answering (Med-VQA) aims to automatically
answer natural language questions about medical images, supporting
applications such as clinical decision support, education, and patient
communication. Compared with general-domain VQA, Med-VQA re-
quires fine-grained visual understanding of domain-specific modalities
(e.g., chest X-rays, CT, MRI, histopathology) and precise alignment with
medical terminology and diagnostic reasoning. The task is challenging
due to limited annotated datasets, high variability in imaging appear-
ance, and the need for factual correctness in generated answers. Re-
cent research has leveraged multimodal representation learning, exter-

nal medical knowledge bases, and cross-modal attention mechanisms to
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enhance both answer accuracy and clinical interpretability.

Among representative approaches, MedFuseNet [81] introduces a
multimodal fusion network that integrates visual features from a con-
volutional backbone with textual embeddings from a language model
via a co-attention mechanism, capturing complex interactions between
image regions and question semantics to improve reasoning over clin-
ically relevant areas. CGMVQA [74] (Coarse-to-Grained Multi-modal
VQA) adopts a hierarchical reasoning strategy, first performing coarse
localization of relevant anatomical structures and then refining atten-
tion to fine-grained pathological regions. By combining global and lo-
cal context modeling, CGMVQA demonstrates superior performance on
datasets like VQA-RAD and PathVQA, particularly in handling multi-

step reasoning and rare disease cases.

More recently, large language models (LLMs) have advanced Med-
VQA by enabling open-ended, instruction-following capabilities and im-
proved contextual reasoning. RadFM [110] is a radiology-focused vi-
sion— language large model that integrates a high-capacity medical im-
age encoder with an instruction-tuned LLM, enabling it to perform VQA,
report summarization, and finding—impression alignment with disease-
aware attention to subtle pathological features. LLaVA-Med [55] ex-
tends the general-purpose LLaVA framework to the medical domain by
instruction-tuning on curated image—question-answer triples and clin-
ical conversations. This domain adaptation significantly improves fac-
tual accuracy and clinical relevance over general-purpose models, en-
abling LLaVA-Med to handle diverse Med-VQA scenarios, including

multi-image reasoning and report-grounded question answering.
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2.3.4 Disease Classification

Disease classification in medical imaging, particularly CXR disease clas-
sification, aims to automatically identify the presence or absence of spe-
cific pathologies from radiographic images. This task is crucial for screen-
ing, triage, and aiding diagnostic workflows, requiring models to ac-
curately capture both global anatomical patterns and localized patho-
logical features. Early approaches were dominated by convolutional
neural networks (CNNSs), which extract hierarchical spatial and seman-
tic representations to achieve high classification accuracy. For instance,
mCNN [72] leverages multi-scale convolutional layers to model local
details and global structures, demonstrating strong performance across
multiple CXR benchmarks. More recently, transformer-based architec-
tures such as CTransCNN [112] have been introduced to model long-
range dependencies and enhance global context understanding, further
boosting multi-label classification accuracy. These models are typically
trained in a supervised manner on large-scale annotated datasets, pro-
ducing only categorical labels without providing detailed explanations

or fine-grained visual reasoning.

Recent advancements in LLMs have expanded disease classifica-
tion beyond simple label prediction toward richer, more interpretable
vision-language reasoning. Models such as PaLM-E [23], Med-PaLM
M [94], and LLaVA-Med [55] integrate high-capacity language models
with powerful visual encoders to process radiological images and out-
put diagnostic findings in natural language. Med-PaLM M fine-tunes the
PaLM-E framework with curated medical instruction datasets, achiev-
ing strong zero-shot and few-shot performance on both classification
and question-answering benchmarks, while improving clinical factual-
ity. Similarly, LLaVA-Med extends the LLaVA framework to the medical
domain by instruction-tuning on paired medical images and reports, en-
abling dialogue-based interpretation with enhanced medical vocabulary
and domain knowledge. These LLM-driven approaches not only match
or surpass traditional supervised classifiers in accuracy but also provide
transparent, context-rich diagnostic outputs that align more closely with

clinical reporting practices.
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2.3.5 Visual Grounding

Medical visual grounding has emerged as a key task for enhancing the
explainability of Al-driven diagnostic systems by explicitly linking tex-
tual descriptions of clinical findings to their corresponding regions in
medical images. Unlike conventional classification or captioning, which
outputs a label or a sentence without spatial context, visual grounding
provides localized visual evidence that clinicians can directly verify. This
spatial linkage improves trust, supports second-opinion validation, and
ensures that automated predictions are backed by concrete image-based
reasoning. The task is especially critical in high-stakes domains such as
radiology, where misinterpretation of subtle lesions can lead to severe

diagnostic errors.

Early CNN-based methods, such as DACR [65], used class activa-
tion maps to highlight coarse regions relevant to the predicted findings,
offering an initial step toward interpretability but with limited localiza-
tion precision. More advanced Transformer-based architectures, includ-
ing MedRPG [12] and SeqTR [7], integrate cross-modal attention mecha-
nisms to align textual descriptions with specific image regions, enabling
fine-grained lesion localization through bounding boxes or segmenta-
tion masks. These approaches not only improve alignment accuracy but
also adapt to diverse modalities and pathologies, paving the way for
clinically deployable systems where transparent, region-level justifica-
tions are essential for radiologists” decision-making and for effective pa-

tient—doctor communication.

2.3.6 Text-to-CXR Synthesis

Text-to-CXR synthesis aims to generate realistic CXR images directly from
textual inputs such as radiology reports, diagnostic summaries, or dis-
ease labels. Unlike natural image generation, this task must ensure anatom-
ical correctness while faithfully representing disease-specific features,
avoiding the creation of hallucinated or erroneous structures that could
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mislead clinical decisions. Recent approaches incorporate Vector Quan-
tization (VQ) into the generative framework, such as VQGAN or VQ-
VAE, which encode high-resolution medical images into a discrete latent
space and then condition the generation process on text. This design
improves structural consistency, enhances computational efficiency, and
facilitates multimodal alignment, thereby achieving a balance between

visual realism and clinical fidelity.

Representative works include UniXGen and LLM-CXR. UniXGen
employs a unified multimodal generation framework that encodes CXRs
into a discrete latent space and uses cross-attention to align textual de-
scriptions with the VQ-encoded anatomical structures, enabling accurate
synthesis from reports to images. LLM-CXR maps clinical semantic em-
beddings generated by a large language model into the discrete code-
book space of a VQGAN, with the generator reconstructing high-fidelity
CXR images during decoding. Both methods leverage the discrete repre-
sentation benefits of VQ to enhance structural fidelity and disease speci-
ficity, achieving superior performance on benchmarks such as MIMIC-

CXR compared to pixel-space or continuous-latent approaches.

2.4 Public Medical Dataset

This section provides an overview of experimental datasets commonly
used to evaluate robust training methods in medical image analysis and
synthesis. We begin by introducing widely used datasets in the medical
imaging domain, highlighting their significance and practical applica-
tions. Specifically, we present public datasets used for bone suppression
and various tasks related to unified multimodal large models in medical

imaging.

2.4.1 Datasets for Bone Suppression

To evaluate the effectiveness of bone suppression techniques in medi-
cal imaging, we selected several CXR datasets that are highly relevant
for assessing bone suppression image quality. These include the Bone
Shadow Suppression X-ray dataset [83], the largest collection of paired
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chest X-rays before and after bone suppression. For the downstream
classification task, the Pneumonia Chest X-rays dataset [45] provides
bone-suppressed CXRs containing both normal and pneumonia sam-
ples. The NIH Chest X-ray dataset [104] includes image labels for 14
distinct diseases extracted from associated radiology reports, support-
ing multi-label classification tasks. For downstream segmentation, the
Chest X-ray Dataset for Tuberculosis Segmentation [41] consists of CXR

images specifically curated for tuberculosis detection.

* Bone Shadow Suppression X-ray Dataset [83]: This dataset is the
largest publicly available collection of paired chest X-rays before
and after bone suppression, comprising 241 image pairs. We ran-
domly split the dataset into 193 pairs (80%) for training and 48 pairs
(20%) for testing. It serves as the primary benchmark for evaluat-

ing bone suppression performance.

* Pneumonia Chest X-rays Dataset [45]: This dataset includes 5,450
chest X-ray images, consisting of 1,575 normal and 3,875 pneumo-
nia cases. Following the official data split, 5,216 images were used
for training and 624 for testing. This dataset is employed to eval-
uate the impact of bone suppression on downstream pneumonia

classification performance.

* NIH ChestX-ray14 Dataset [104]: Containing 112,120 frontal-view
chest X-ray images from 30,805 patients, this dataset provides image-
level annotations for 14 common thoracic diseases, extracted using
natural language processing techniques from corresponding radi-
ology reports. Each image may be associated with multiple disease
labels. For our experiments, we used the standard data split with
86,524 images for training and 25,596 for testing.

¢ Chest X-ray Dataset for Tuberculosis Segmentation [41]: This dataset
contains 704 chest X-ray images sourced from two collections: the
Montgomery County Chest X-ray Set (USA) and the Shenzhen Chest
X-ray Set (China). Each image is annotated with lung masks for

segmentation. We randomly divided the dataset into 563 training
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and 141 testing samples, which are used to assess the effective-
ness of bone suppression in downstream tuberculosis segmenta-

tion tasks.

2.4.2 Datasets for Medical LLMs

For the evaluation of Medical LLMs, we conduct a comprehensive as-
sessment using publicly available datasets that are widely recognized
and commonly used in current research. Specifically, we focus on the
MIMIC-CXR dataset, which supports multiple tasks in chest X-ray anal-
ysis, including report generation, VQA, classification, and visual ground-
ing. This dataset provides a challenging benchmark for evaluating mul-
timodal model performance across a range of clinically relevant tasks.
Additionally, we incorporate the VinDr-CXR dataset, which focuses on
visual grounding in over 100,000 chest X-ray scans and offers rich radi-
ological annotations. By evaluating our methods on these diverse and
challenging datasets, we demonstrate the robustness and effectiveness
of our approach in handling various tasks in medical imaging, such as
report generation, VQA, classification, and visual grounding.

e MIMIC-CXR [43] is the largest publicly available chest radiograph
dataset, comprising over 370,000 images linked to free-text radiol-
ogy reports. It covers 14 common thoracic disease categories and is
widely used for a variety of multimodal learning tasks, including
report generation, VQA, image classification, and visual ground-
ing. In our study, we followed the official dataset split protocol to
maintain consistency and ensure fair benchmarking. Specifically,
we used 270,790 image-report pairs for training, 2,130 for valida-
tion, and 3,858 for testing. The dataset’s scale and rich annotations
make it a cornerstone for evaluating unified medical multimodal

models.

* VinDr-CXR [64] is a large-scale chest X-ray dataset collected from
multiple Vietnamese hospitals, comprising more than 100,000 CXR
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scans. Among them, 18,000 images have been meticulously an-
notated by 17 board-certified radiologists with both local (bound-
ing box-level) and global (image-level) labels across 22 critical find-
ings. Structured into 15,000 training images and 3,000 test images,
VinDr-CXR is particularly suitable for visual grounding and local-
ization tasks. Additionally, it employs a customized DICOM im-
age labeling platform to ensure annotation consistency and clinical
reliability. This dataset serves as a valuable resource for training
and evaluating models on fine-grained disease detection and spa-
tial reasoning in chest radiology.
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Chapter 3

Improving CXR Bone
Suppression by Exploiting
Domain-level and Instance-level

Information

In this chapter, we explore the task of suppressing bone structures in
CXRs using a limited paired dataset. Our approach focuses on elimi-
nating bone-related interference while preserving critical anatomical de-
tails to enhance the performance of downstream clinical tasks. Specif-
ically, we introduce a two-stage learning framework that jointly lever-
ages domain-level and instance-level information. In the first stage, we
learn a domain-specific prior through a Multi-head Codebook Attention
(MCA) module embedded in a Vision Transformer (ViT)-based gener-
ative network. This enables the model to encode representative bone-
suppressed features across the dataset. In the second stage, we inte-
grate a Cross-Covariance Attention Blocks (CABs) network to extract
fine-grained instance-level features from individual bone shadowed CXRs.
These features are then used to guide the reconstruction of bone sup-
pressed images. Extensive experiments on multiple datasets demon-
strate that our method not only achieves superior image quality in terms
of PSNR, SSIM, and MSE, but also significantly boosts performance in
downstream clinical tasks such as pneumonia classification and tuber-
culosis segmentation. These results confirm the robustness and clinical

value of our approach in real-world medical imaging applications.



16 Chapter 3. Improving CXR Bone Suppression by Exploiting
Domain-level and Instance-level Information

3.1 Introduction

CXRs are a widely adopted imaging modality for pulmonary disease
screening due to their speed, accessibility, and noninvasive nature. How-
ever, as a two-dimensional projection without depth information, CXRs
suffer from anatomical overlaps, particularly bone structures like ribs
and clavicles that obscure soft tissue details. This poses significant chal-
lenges for both radiologists and computer-aided diagnostic (CADx) sys-
tems, especially in detecting subtle lung abnormalities [40]. To address
this, bone suppression (BS) techniques have been developed to reduce

the visual interference of bones and improve diagnostic clarity.

Traditional BS methods, such as dual-energy subtraction (DES)[51],
acquire X-rays at two energy levels to differentiate between soft tissue
and bone. While effective, DES requires specialized and costly hard-
ware, introduces additional radiation exposure[84], and is impractical
for widespread clinical deployment. In recent years, deep learning has
emerged as a promising alternative for bone suppression. Early works—
both supervised [89, 29, 9, 124, 58] and unsupervised [24, 56, 31]—typi-
cally rely on CNN-based architectures such as U-Net [38] to learn map-
pings from bone-shadowed to boneless images. These models offer fast
inference and cost-efficiency, outperforming traditional methods in both

practicality and performance.

Following advancements in generative modeling, recent studies have
explored Auto-Encoders [29, 52] and Generative Adversarial Networks
(GANSs) [125, 16, 124, 76] for bone suppression, inspired by the success
of image-to-image translation tasks. However, these methods predom-
inantly focus on instance-level information—capturing features specific
to individual images—while overlooking the fact that CXRs, despite some
variability, share domain-level commonalities. Neglecting this shared
structural prior limits the generalizability and robustness of bone sup-
pression models.

To address this gap, we propose a novel framework that jointly lever-
ages domain-level and instance-level information for bone suppression.
Central to our approach is the Multi-head Codebook Attention (MCA)
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module, which replaces the traditional single-head vector quantization
in VQ-based models [25]. MCA decomposes the latent representation
into multiple heads, each attending to different aspects of the feature
space, thereby enabling richer and more nuanced domain-level mod-
eling. Unlike “hard” codebooks that rely on non-differentiable nearest
neighbor searches, our “soft” codebook formulates feature encoding as
a learnable attention-weighted combination over all code items. This not
only preserves continuity in the representation space, but also enhances

feature fidelity and reduces quantization artifacts.

Our framework adopts a two-stage optimization process. In Stage
I, we learn a robust domain prior from bone-suppressed CXRs using
a transformer-based auto-encoder and MCA. In Stage II, we integrate
Cross-Covariance Attention Blocks (CABs) to extract instance-level in-
formation from bone-shadowed CXRs. The CAB network generates at-
tention maps that highlight diagnostically relevant regions, which are
then refined and encoded using a fine-tuned Vision Transformer (ViT)
encoder. The resulting embeddings are decoded using the pretrained
decoder from Stage I to synthesize high-quality boneless images.

We validate our method through extensive experiments on multiple
public datasets. Using the Bone Shadow Suppression dataset [83] as the
primary training resource and ground truth derived from DES imaging,
we achieve state-of-the-art results in bone removal quality. Moreover,
when applied to downstream tasks such as pneumonia classification [45]
and NIH disease classification [104], our bone-suppressed CXRs lead to
notable improvements in diagnostic performance, outperforming base-
lines including Stable Diffusion [76], RQ-VAE [52], and conventional BS
methods like Auto-Encoder [29], IEDSR [58], and Dilated cGAN [124].
These results demonstrate that our joint modeling of domain and in-
stance features not only produces more faithful boneless images but also
enhances clinical utility, underscoring the potential of our method in

real-world radiological workflows.
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Figure 3.1: An overview of our two-stage learning-based bone-
suppression framework: (a) In stage I, we first build a domain-level
representative dictionary of boneless CXRs by adopting transformer
encoder-decoder and learning a Multi-head Codebook Attention (MCA)
in a self-reconstruction manner. (b) In the second stage, we lever-
age Cross-Covariance Attention Blocks (CABs) Network to enhance
instance-level input quality for each CXR and generate its corresponding
boneless CXR output based on the learned dictionary and decoder. Note,
the MCA module, ViT encoder, and decoder are pre-trained in Stage 1.
In Stage 11, the newly introduced CAB network is trained, and the ViT
encoder is fine-tuned, while the MCA module and ViT decoder remain
frozen (highlighted in red). For inference, only Stage II model is used.

3.2 Method

As illustrated in Fig. 6.1, our bone suppression framework consists of
two sequential stages. In Stage I, we employ a transformer-based au-
toencoder architecture integrated with our proposed MCA module. This
stage focuses on reconstructing boneless CXRs from input boneless im-
ages, enabling the model to effectively learn a domain-level codebook
that captures shared structural priors through an attention-based mech-

anism [97].

In Stage II, we apply the pre-trained MCA module from Stage I
in conjunction with a CABs network to process input bone-shadowed
CXRs. The CABs network generates instance-aware attention maps, which
are used to refine image representations and guide the suppression of
bone structures more precisely. Both stages are jointly optimized during
training; however, only Stage II is utilized during inference for efficient
generation of bone-suppressed CXRs.
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3.2.1 Multi-head Codebook Attention Learning Module
(Stage I)

Multi-head Codebook

Given an input CXR image I € REXHXW we first extract its latent fea-
ture map Zs € R"*®*4 ysing the encoder Es. Each d-dimensional vector
2k in the feature map is then quantized by a learnable codebook to ob-
tain the discrete representation Zs. Unlike the conventional single-head
codebook used in VQGAN [25], which defines a single codebook CSH =
ci € R% = 0N~1 with N d-dimensional code vectors, our approach intro-
duces a novel multi-head codebook design CMH = C"m = 1M (illus-
trated in Fig. 3.2 (b)) that consists of M independent sub-codebooks (i.e.,

, d N .
attention heads). Each sub-codebook C" = ¢™i € RM;_; contains N vec-
tors of dimension %, allowing each head to focus on a specific subspace
of the feature representation.

To quantize a feature vector Zi, we first split it evenly across chan-

nels into M segments: 2, = 20 @ 2, @ - - - & 211(\4’1, where @ denotes con-
d . . . .

catenation. Each segment Z]' € R™ is independently quantized by its

corresponding sub-codebook C™ by finding the nearest code vector:

2 = q(2k") = argminc]' € C" |2k —¢j"|, ' €RM. (3.1

The final quantized representation z; is formed by concatenating all
the selected sub-codebook vectors across the M heads:

Zp = zg @z,l b---B 211(\4—1. (3.2)

Compared to the vanilla single-head approach, where each Z; can
only be mapped to one of N possible codes, our multi-head strategy in-
creases the total number of encoding combinations to N™. This expo-
nentially enlarges the representational capacity of the quantizer without
increasing the number of parameters, as each head operates in a lower-

dimensional space. As a result, our design enables the model to capture
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Figure 3.2: Comparison between the vanilla codebook learning scheme
(a), multi-head codebook learning scheme (b) and our proposed multi-
head codebook attention learning module (c).

more diverse and fine-grained patterns in the latent space, which is espe-
cially beneficial in the medical imaging domain where subtle variations

(e.g., lesion texture, rib patterns) are clinically important.

Codebook Attention

Traditional vector quantization, whether in the vanilla single-head set-
ting or our multi-head codebook scheme, maps input features to the
nearest codeword in a discrete codebook. While effective in compress-
ing representations, this “hard” assignment strategy suffers from lim-
ited flexibility and may result in visually similar image patches being
projected to the same code, leading to information loss and suboptimal
reconstruction. To address these limitations, we propose a learnable code-
book attention module (see Fig. 3.2 (c)), which replaces hard quantization
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with a more expressive and differentiable soft encoding mechanism.

Given a multi-head codebook CMH € RH*EXD where H is the
number of attention heads, E is the number of codewords per sub- code-
book, and D is the dimensionality of each codeword, we interpret the
codebook as both key and value embeddings. In parallel, the encoded
feature map is split into H heads to form the query embeddings ZMH €
REXh<wx i where d is the channel dimension of the original latent fea-
ture. For each spatial location, we compute a cross-attention score be-
tween the query and each codeword, enabling a soft weighted combina-
tion over all entries in the codebook:

QcodebookK "
Vi

Att(Qcodebook, K, V) = softmax ( ) V, (3.3)

where Qcodebook denotes the query vectors derived from the in-
put features, while K and V are the key and value vectors taken from
the multi-head codebook itself. As noted, Qcodebook is computed from
image features, while the codebook remains fixed during the attention

computation?.

This soft-attention-based code assignment mechanism offers several
advantages over hard vector quantization. First, it transforms the in-
herently discrete representation space into a continuous one, which im-
proves gradient flow and reduces quantization error. Second, by aggre-
gating information from all codewords—rather than selecting a single
nearest code—our method significantly enriches the representational ca-
pacity of the model without increasing memory consumption. Third,
the entire encoding process becomes fully differentiable, eliminating the
need for the non-differentiable nearest neighbor search and the stop-
gradient trick used in prior works such as VQGAN [25].

Overall, the proposed codebook attention module provides a flexi-
ble and powerful alternative to conventional quantization, enabling the

1Qodebook 18 extracted from the image feature embedding, while K and V are the
shared codewords from the multi-head codebook.
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model to learn more nuanced and semantically meaningful representa-
tions. In the context of bone suppression, this translates to improved fi-
delity in soft tissue reconstruction and more robust generalization across
diverse anatomical patterns, as further evidenced in our experimental

results.

Vision Transformer Encoder and Decoder

To capture more expressive and instance-specific features from CXRs, we
employ a Vision Transformer (ViT) [22] as both the encoder and decoder
in our architecture. Unlike convolutional neural networks that are inher-
ently local in receptive field, ViTs leverage global self-attention mecha-
nisms, making them well-suited for modeling long-range dependencies

and subtle pathological patterns in medical images.

Given an input image I; € RO"*W  we first divide it into non-
overlapping square patches of size P x P. Each patch is then flattened
into a 1D vector, resulting in a sequence of N, = PIID—Z‘/ tokens. This yields
a matrix I, € RN *P*C, where each row corresponds to a flattened patch
vector. This process effectively transforms the spatial structure of the
image into a sequential form, enabling the application of transformer-

based architectures.

To project each patch token into a latent feature space, a trainable
linear projection is applied: E, = IPWPT, where W, € RD*P *C maps
the input to an embedding dimension D, producing Ep € RM*P. Since
transformers lack inherent spatial awareness, a learnable 1D positional

]RNPXD

embedding Epos € is added to encode spatial information:

E = Ep + Epos. (3.4)

The resulting sequence E is then fed into the transformer encoder.

The encoder comprises 12 stacked transformer blocks, each consist-
ing of a Multi-Head Self-Attention (MSA) layer, a Feed-Forward Net-
work (FFN), and Layer Normalization (LN) operations. Within each
MSA layer, the input embeddings are linearly projected into queries (Q),
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keys (K), and values (V), and the attention scores are computed as:

QK'

A = softmax , 3.5)
( Vi

where dy is the dimension of the query/key vectors. These attention

weights are then used to produce the output:

F = AV. (3.6)

The attention output is followed by residual connections and layer nor-
malization. The FEN then maps the representations through a two-layer
MLP with GELU activation, increasing and reducing dimensionality to
enable abstract feature learning. This structure allows the encoder to

build rich contextual representations across the entire image.

The decoder mirrors the encoder in structure, also comprising 12
transformer blocks. The encoded sequence is first added with a new
set of positional embeddings and then processed by the decoder layers.
Finally, the output sequence is reshaped back into the 2D spatial format
and passed through a convolutional projection head to reconstruct the
output image (e.g., the bone-suppressed version of the original input).
This symmetric design facilitates effective end-to-end learning of both

encoding and generation processes in our model.

Overall, the use of ViT as encoder and decoder enables our frame-
work to efficiently model global contextual information and extract high-
quality instance-level representations, which are crucial for accurate bone

suppression and soft-tissue enhancement in medical imaging.

Training Objectives

With the encoded feature map Z; output from MCA module, the re-
constructed boneless CXR can be reconstructed through the Decoder G;:
Lrec = Gs (Zs). We basically follow the training objectives of VQGAN [25]
to adopt the L, reconstruction loss Ly, adversarial loss L4, [39], and
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perceptual loss [103] Ly, which balancing the GAN loss and the recon-
struction loss as the supervision for image quality. In addition, the dif-
ferentiable loss function Lyg which is adopted in VQGAN to achieve

end-to-end training;:
Lvaean = IsglEs(l)] = Zell + Isg [Zd] — E(L)ll,  (37)

where sg denotes the stop-gradient operation. In our methodology, this
operation is not applied, as our MCA mechanism is fully differentiable.
The objective function is formulated as follows:

EVQ = ||ES(IS) - ZS||2- (3.8)

The total loss functions for our multi-head codebook attention learn-
ing procedure are described as follows:

Lyvica = L1+ Eper + ACVQ + A x Logy, (3.9)

where A is adaptive weight [25].

3.2.2 Instance Feature Extraction and Bone Suppression
(Stage II)

In the second stage of our framework, we introduce a Cross-Covariance
Attention Block (CAB) network, which generates an informative atten-
tion map to emphasize clinically relevant regions within the CXR image.
This spatially guided attention helps the subsequent Vision Transformer
(ViT) encoder focus on key anatomical structures, thereby enabling the
extraction of more discriminative instance-level features.

These refined features are then passed through the previously trained
Multi-head Codebook Attention (MCA) module, where they are adap-
tively encoded by attending to the learned discrete representations in
the codebook. This encoding process not only enriches the feature rep-
resentation but also ensures consistency with the distribution learned in
Stage L.
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Finally, the encoded features are fed into the decoder G; trained in
Stage I, which reconstructs the final bone-suppressed chest X-ray. It is
important to note that during inference, only Stage Il is activated, ensur-
ing an efficient and lightweight deployment without sacrificing perfor-

mance.

Cross-Covariance Attention Blocks (CABs) Network

To capture fine-grained structural details and enhance instance-level rep-
resentation, we adopt a U-Net-style architecture built upon transformer
blocks enhanced with CABs, following the design philosophy of Res-
tormer [121]. This network serves as an effective backbone for extracting
essential structural information from bone-shadowed CXRs.

As illustrated in Fig. 3.3, the input image of size H x W is first pro-
cessed through a symmetric encoder-decoder framework. The encoder
progressively downsamples the image to a compact feature represen-
tation of size & x ¥ x 384, which is then restored back to its original
spatial resolution using progressive upsampling in the decoder. At each
scale within the encoder and decoder, multiple CABs are applied. These
CABs employ a gated attention mechanism to operate across the chan-
nel dimension, effectively modeling long-range dependencies without

relying on patch-based tokens as in conventional vision transformers.

Unlike traditional ViTs that rely on token embeddings and patch-
wise attention, CABs compute cross-covariance attention over full- chan-
nel feature maps. This allows the model to capture global contextual in-
formation while preserving fine anatomical structures such as ribs, soft
tissue contours, and background variations [79]. By integrating low-
level texture details with high-level semantic features, CABs generate
an informative attention map that emphasizes bone structures and rele-
vant contextual cues, enabling better focus on task-critical regions while

suppressing irrelevant background noise.

Supervised by our bone suppression objective, the CAB-enhanced
feature maps act as a high-resolution “information map,” which pre-

cisely highlights anatomical features related to bone shadows and soft
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tissue. Unlike Restormer, which is tailored for generic image restora-
tion tasks using complex multi-objective loss functions such as ¢; loss,
our model is specifically optimized for bone suppression using a mean
squared error (MSE) loss between the original and bone-suppressed im-
ages. This adaptation ensures that the CAB modules are finely tuned
to capture rib-related visual patterns, aiding the subsequent suppression
process.

Finally, the generated information map, rich in instance-level detail,
is added back to the original image to emphasize key features. This com-
bined representation is then fed into a transformer-based encoder, which
extracts the final instance-level features that are subsequently processed

by the MCA module for bone removal and image reconstruction.

Bone Suppression

Once the enhanced instance features are obtained from the CAB, we fur-
ther extract high-level semantic representations using an additional Vi-
sion Transformer encoder E;. This encoder processes the CAB-enhanced
input CXR with bone shadows and generates a feature map denoted as
Z,. However, since these features are extracted from bone-shadowed
images, they inherently contain domain-specific noise that may hinder

direct reconstruction via the decoder trained on boneless images.

To address this domain shift, we enforce a feature-level alignment
between Z;, and the boneless feature representation Zs that was previ-
ously learned in Stage I. Specifically, we introduce a feature consistency
loss using mean squared error (MSE) to minimize the distance between

these two representations:

(3.10)

This loss encourages the feature embeddings from bone-shadowed in-
puts to align closely with their boneless counterparts, enabling the model
to effectively perform bone suppression in a latent feature space.
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Following this alignment step, we apply the Multi-head Codebook
Attention (MCA) mechanism to discretize and encode the aligned fea-
ture map Z;,. Each feature vector in Z, is softly quantized via attention
into a compact latent representation Z;, using the multi-head codebook
that was learned during Stage I. This process preserves high-level se-

mantics while removing bone-related visual patterns.

Finally, the encoded representation Zj, is passed through the decoder
Gs—also pre-trained in Stage I—to synthesize the final bone-suppressed
chest X-ray image. Notably, by reusing the decoder trained on clean
boneless data, we ensure that the reconstructed image inherits structural

fidelity and realism consistent with clean domain characteristics.

Training Objectives

We optimize only the CAB modules and the feature encoder E;, during
Stage II, while the multi-head codebook and decoder are directly inher-
ited from Stage I without further updates. As a result, the optimiza-
tion objective in this stage is simplified and focuses solely on enforcing
feature-level consistency between bone-shadowed and bone-suppressed
representations. Specifically, we employ a single loss term—the fea-
ture similarity loss—defined as:L; = ||Zs — Z; ||, which encourages the
features extracted from bone-shadowed CXRs to closely align with the
corresponding boneless representations learned in the previous stage,
thereby facilitating effective bone suppression through latent space align-

ment.

3.3 Experiment Settings

3.3.1 Implementation Details

We adopt ViT models with encoder and decoder components pre-trained
on ImageNet [120] to extract and reconstruct features from CXR images.
In Stage I, we fine-tune both the ViT encoder and decoder in conjunction

with the proposed MCA module. In Stage II, we fine-tune a separate ViT



58 Chapter 3. Improving CXR Bone Suppression by Exploiting
Domain-level and Instance-level Information

Attention Operation

softmax

g }

— — Transposed-
a Attention Map
e K (TD>»Q—> 4
2 %»

CXC hxwxe

(b) Overivew of CABs Network |nf0fm€}ti0n map

layer normalization | [convolution| | CAB | [down-sample | |up-sample | [reshape (T )transposition element-wise multiplication element-wise addition
P P Pl p

Figure 3.3: We employ several (a) cross-covariance attention blocks
(CABs) modules in the (b) CAB network in Stage II, which is a UNet-
style transformer network to extract the essential instance information
map I, from the input bone shadow CXR I;,. We add I, with the high-
lighted information back to input CXR I, to produce the re-processed
CXR I,. We then feed this I, into the CNN encoders as in Fig. 1 of
the main manuscript. For each CAB module, we adopt cross-covariance
channel-wise attention operation as in [121] instead of vanilla token-wise
attention operation to capture the important instance information.

encoder along with the Cross-Covariance Attention Block (CAB) module

to perform instance-aware bone suppression.

For the codebook configuration, we set the total number of code vec-
tors (i.e., codebook size) to 1024 and the embedding dimension to 256.
The multi-head structure is composed of 8 attention heads, resulting in
each head operating on a 32-dimensional subspace. This configuration
preserves the overall embedding dimensionality and is found to offer
a good trade-off between performance and complexity. We empirically
evaluated configurations with 4, 8, and 16 heads, and determined that 8
heads yield the best balance in terms of reconstruction quality and com-
putational efficiency.
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Our models are trained using the Adam optimizer [47] on two NVI-
DIA RTX A5000 GPUs with a mini-batch size of 4 per GPU. The learning
rate is fixed at 2 x 10~%. We train the model for approximately 300 epochs
during the self-generation phase (Stage I) and an additional 200 epochs
during the bone suppression phase (Stage II).

3.3.2 Datasets Details

Our training set is constructed from the Bone Shadow Suppression X-
ray dataset [83], which provides the largest publicly available collection
of paired chest X-ray images before and after bone suppression. This
dataset enables supervised learning for accurate rib structure removal.
To further evaluate the clinical utility of our proposed bone suppression
method, we conduct downstream classification experiments on two ad-
ditional datasets: the Pneumonia Chest X-rays dataset [45] and the NIH
ChestX-ray14 dataset [104]. Moreover, to assess its impact on segmen-
tation tasks, we perform a comparative study for tuberculosis detection
on the Chest X-ray Dataset for Tuberculosis Segmentation [41]. These
evaluations demonstrate the generalizability and effectiveness of our ap-

proach in real-world diagnostic scenarios.

3.4 Evaluation and Discussion

In this section, we conduct a comprehensive evaluation of enhancement
performance across multiple methods, considering not only overall im-
age quality but also their effectiveness in key downstream medical tasks.
Specifically, we assess performance in disease classification, tuberculosis
segmentation and performance on higher-resolution CXRs. By jointly
evaluating visual improvements and task-specific outcomes, we aim to
offer a holistic understanding of how each method contributes to real-
world medical image synthesis applications.
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Table 3.1: Bone-suppression performance comparison on the X-ray bone
suppression dataset [83].

Method [ PSNRT SSIM?  MSE]

Stable Diffusion | 20.5 0.850 73 %103
Star GAN?2 24.6 0.871 52x103
Cycle GAN 25.1 0936 4.0 x 1073
Pix2pix 315 0952 83x10°*
RQ VAE 31.6 0943 82x10*
Auto-Encoder 13.8 0.826 4.2 x102
IEDSR 23.9 0959 5.1x103
Dilated cGAN 32.3 0942 75x10°*
Ours 35.0 0.975 4.6 x10°*%

3.4.1 Image Quality Enhancement

For quantitative evaluation, we employ three standard metrics for image
generation tasks: Peak Signal-to-Noise Ratio (PSNR), Structural Similar-
ity Index Measure (SSIM) [106], and Mean Squared Error (MSE) [78], to
assess the quality of the generated bone-suppressed CXRs. For the pneu-
monia classification task, we report four binary classification metrics:
sensitivity (SEN), specificity (SPE), area under the ROC curve (AUC),
and classification accuracy (ACC). Additionally, for the NIH dataset, we
calculate classification accuracy for each disease category and compute

an overall weighted accuracy to reflect performance across all categories.

Table 3.1 compares the bone suppression performance of our pro-
posed method with a range of competitive approaches, including both
general-purpose image-to-image translation models and domain-specific
bone suppression methods. The compared models encompass Stable
Diffusion [76], StarGAN2 [16], CycleGAN [125], Pix2pix [38], RQ-VAE
[52], and VQGAN [25] (used as a baseline in Table 3.2), as well as dedi-
cated bone suppression techniques such as Auto-Encoder [29], IEDSR [58],
and Dilated cGAN [124].

To ensure a fair comparison, we fine-tuned or re-trained all models
on the publicly available Bone Shadow Suppression dataset [83]. Specif-
ically, for general-purpose models, we adopted their officially released
pre-trained weights: Stable Diffusion (trained on LAION-5B), StarGAN2
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Figure 3.4: Visualization of bone suppression using different methods.
The first image is the input bone-shadowed CXR. Then, we respectively
show the boneless CXRs generated by using AutoEncoder [29], Cycle
GAN [125], Pix2pix [38], RQ VAE [52], Dilated cGAN [124] and our
method. The last image is the ground-truth boneless CXR.

(CelebA-HQ), CycleGAN and Pix2Pix (Facade dataset), and fine-tuned
them on the bone suppression dataset. In contrast, the specialized meth-
ods Auto-Encoder, IEDSR, and Dilated cGAN were trained from scratch
on the same dataset.

As shown in Table 3.1, our approach achieves the best performance
across all quantitative metrics (PSNR, SSIM, and MSE), clearly outper-
forming both traditional and state-of-the-art methods. While recent tech-
niques such as RQ-VAE and Dilated cGAN demonstrate improved re-
sults compared to older baselines, they still fall short of our method.
To further validate the robustness of these performance gains, we con-
ducted paired statistical significance tests across PSNR, SSIM, and MSE.
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Table 3.2: Ablation study of bone suppression performance on the X-ray
bone suppression dataset [83] and downstream classification on the X-
ray pneumonia dataset [45].

Component Performance Metrics

ViT | Multi-head | Soft codebook | CAB

PSNR1 SSIM 1 MSE | #Params |  Classification Accuracy on dataset [45]1

AN

ANENENEN

30.6
30.9
32.0
321
30.8
324
32.6
31.5
33.6
32.8
33.0
34.0
33.0
33.2
34.1
35.0

0.949
0.951
0.957
0.958
0.950
0.960
0.961
0.954
0.965
0.960
0.961
0.968
0.962
0.964
0.970
0.975

1.1 %1073
1.0 x 1073
75x107*
75x 1074
1.0x 1073
73 x107*
72x107*
8.8 x 1074
6.0 x 1074
71 %1074
6.6 x 1074
58 x 104
6.6 x 1074
6.3 x107*
57 x 1074
46 %1074

89.2M
189.5M
89.2M
89.2M
115.3M
189.5M
189.5M
215.6M
89.2M
115.3M
115.3M
189.5M
215.6M
215.6M
115.3M
215.6M

91.5%
91.9%
92.5%
92.5%
91.8%
93.0%
93.1%
92.2%
93.5%
93.2%
93.3%
93.6%
93.3%
93.4%
93.6%
94.1%

The results show that the improvements achieved by our method are sta-
tistically significant—PSNR (p = 0.024), SSIM (p = 0.018), and MSE (p =
0.032)—confirming that the observed advantages are not due to random
variation but represent consistent and meaningful enhancements. Visual
comparisons in Figure 3.4 further confirm these findings: our method
yields sharper structural details in the lung region, with greater fidelity

to the ground truth bone-suppressed images.

Moreover, ablation studies summarized in Table 3.2 validate the ef-
fectiveness of our proposed multi-head codebook attention (MCA). In
particular, replacing VQGAN'’s vanilla hard codebook (Row 3) with our
single-head soft codebook (Row 6), and ultimately with the full MCA de-
sign (Row 18), significantly improves performance. Unlike conventional
hard quantization that discretizes feature representations—potentially
losing fine-grained details—our soft codebook leverages attention- weighted
combinations of multiple codewords, allowing for flexible and expres-
sive encoding. This strategy not only preserves important anatomical
structures but also improves pathological region detection through adap-

tive feature representation.

In addition, our method reduces visual artifacts, enhances image

consistency before and after suppression, and promotes more stable and
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Figure 3.5: Visualization of the bone suppression results. The first row
shows the input bone CXRs, the second row shows generated boneless
CXRs using our method, and the last row shows the target boneless
CXRs (i.e., ground-truth) obtained by using the DES chest radiography.
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efficient training. Even under limited data conditions, the training con-
verges faster and yields superior results. Figure 3.5 presents example
outputs, including the input CXR, the bone-suppressed result from our
model, and the corresponding ground truth image generated by DES
radiography, further demonstrating the visual quality and clinical rele-

vance of our framework.

3.4.2 Disease Classification

To further demonstrate the practical utility of our bone suppression frame-
work, we conducted downstream evaluations on two classification tasks:
pneumonia binary classification and NIH 14-category classification. In
particular, we applied our pre-trained bone suppression model—trained
on the Bone Shadow Suppression X-ray dataset [83]—to generate bone-
less chest X-rays (CXRs) from the pneumonia dataset [45] and the NIH
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Table 3.3: Classification performance comparison on the X-ray pneumo-
nia dataset [45]. The bone-suppression model is trained on the X-ray
bone suppression dataset. We use a ResNet-50 pretrained on ImageNet
and then fine-tuned on the pneumonia dataset for classification.

Method | SEN/SPE/ AUC/ ACC (%)
No Suppression 914 /918 /89.5 /917
Stable Diffusion 90.6 / 91.3 / 88.6 / 91.0
Star GAN2 90.2/921/89.1/914
Cycle GAN 91.0/92.1/89.5/917
Pix2pix 919 /918 /89.7 /918
RQ VAE 93.2/91.5/90.2/92.1
Auto-Encoder 88.0 / 89.8 / 86.4 / 89.1
IEDSR 90.9 /91.6 /89.2 /915
Dilated cGAN 93.2/926 /915 /928
Ours 93.6/94.4/93.3/94.1

dataset [104].

We then fine-tuned a ResNet-50 classifier [33], initialized with Im-
ageNet pre-trained weights, using either the original CXRs or the cor-
responding bone-suppressed versions produced by different methods.
The goal was to assess how bone suppression impacts diagnostic perfor-

mance.

Table 3.3 reports the sensitivity, specificity, AUC, and overall classi-
tication accuracy for the pneumonia dataset. Results show that our bone
suppression method significantly boosts classification performance. Spe-
cifically, the overall accuracy increased from 91.7% (original CXRs) to
94.1% with our method. In contrast, only a few methods (Pix2Pix, RQ-
VAE, and Dilated cGAN) yielded marginal improvements, while oth-
ers failed to enhance—and in some cases even degraded—the classifier’s
performance. Notably, all evaluation metrics (SEN, SPE, AUC) improved
with our method, underscoring its effectiveness in enhancing the diag-

nostic signal of pneumonia.

Interestingly, although Stable Diffusion underperformed in tradi-
tional image fidelity metrics such as PSNR and SSIM (see Table 3.1),
it achieved competitive results in the clinical classification task. This
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Table 3.4: disease classification performance comparison on the nih chest
x-ray dataset [104]. The bone-suppression model is trained based on x-
ray bone suppression dataset. We use a resnet-50 pretrained and subse-
quently fine-tuned based on imagenet and nih chest x-ray dataset as our
classification network (Classification Accuracy [%])

Disease / Method | No Suppression _Stable Diffusion Star GAN2 Cycle GAN Pix2pix RQ VAE | Auto-Encoder ITEDSR Dilated cGAN | Ours
Atelectasis 70.9 64.5 67.3 68.1 69.1 69.3 58.8 68.0 68.9 70.0
Cardiomegaly 61.9 58.0 574 56.9 579 57.7 574 56.6 59.9 58.2
Consolidation 69.8 69.2 70.4 72.6 713 72.6 615 724 703 74.4
Edema 80.8 80.6 81.2 824 815 83.1 73.2 819 82.1 85.6
Effusion 78.0 754 79.3 78.5 799 81.2 64.7 78.2 77.8 80.3
Emphysema 69.7 66.8 67.1 68.3 69.1 68.3 64.1 68.5 69.4 70.8
Fibrosis 69.6 68.2 67.9 68.2 68.4 70.1 64.5 68.1 70.5 71.7
Hernia 81.8 77.6 80.1 81.3 80.7 75.3 743 80.7 83.2 81.8
Infiltration 63.0 61.2 62.3 61.8 62.7 63.7 61.0 612 64.2 64.9
Mass 64.9 67.3 65.2 65.7 66.6 66.6 61.2 65.2 66.4 67.9
Nodule 79.8 77.5 78.2 77.8 76.9 80.5 67.3 77.5 814 83.5
Pleural thickening 64.9 58.0 63.2 64.4 65.6 67.4 629 64.0 66.1 68.9
Pneumonia 57.8 61.2 62.7 68.1 67.3 724 56.1 67.7 64.2 73.4
Pneumothorax 73.0 66.7 69.3 71.2 70.9 73.3 64.5 70.9 72.5 74.0
Weighted Avg 68.4 65.8 67.1 67.3 67.9 68.9 61.8 67.2 68.7 71.3

indicates that pixel-wise similarity metrics may not always reflect im-
provements in disease-relevant features—especially in regions occluded
by ribs. Our method, by contrast, achieves superior scores in both image
quality and clinical relevance, suggesting a better balance.

For the NIH dataset, Table 3.4 presents classification accuracy across
14 disease categories. Our approach improved the weighted classifica-
tion accuracy from 68.4% to 71.3%. In contrast, most other methods led
to a drop in performance, with only RQ-VAE and Dilated cGAN yielding
modest gains. While some diseases (e.g., Atelectasis and Cardiomegaly)
did not benefit from bone suppression—likely due to their reliance on
coarse anatomical structures—most categories showed improved clas-
sification with our boneless images. Notable gains were observed in
diseases affecting finer lung structures, such as Consolidation, Edema,
Nodule, Pleural Thickening, and Pneumonia, supporting the idea that
rib shadows can interfere with disease localization in subtle cases.

To further validate these observations, we visualized Grad-CAM at-
tention maps [80] in Figure 3.6 for both normal and pneumonia cases.
A radiologist annotated the lesion regions in pneumonia samples (high-
lighted with red contours in Figure 3.6(b)). As shown, classifiers trained
on original CXRs tend to focus on irrelevant regions (e.g., lung centers in

normal cases or peripheral areas in pneumonia). In contrast, attention
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Table 3.5: Tuberculosis segmentation performance comparison on Chest
X-ray Dataset for Tuberculosis Segmentation [41] (%).

Method | Accuracy T Dice Coefficient T Jaccard Index 1
No Suppression 96.2 92.8 87.4
Stable Diffusion 94.8 91.6 86.2
Star GAN2 95.5 92.2 86.7
Cycle GAN 95.7 92.4 86.9
Pix2pix 9.5 93.0 87.5
RQ VAE 96.6 93.2 87.7
Auto-Encoder 91.0 88.5 83.6
IEDSR 95.6 92.3 86.7
Dilated cGAN 96.8 93.3 87.9
Ours 97.6 94.0 88.7

maps from our bone-suppressed inputs better align with radiologist-
identified lesions, suggesting that bone suppression helps models focus

on clinically meaningful features and improves interpretability.

3.4.3 Tuberculosis Segmentation

We further validate the effectiveness and generalizability of our bone
suppression model on the Chest X-ray Dataset for Tuberculosis Segmen-
tation [41]. Specifically, we train a U-Net segmentation network using
paired lung masks with both original CXRs and bone-suppressed images
generated by different methods. As summarized in Table 3.5, our ap-
proach leads to consistent performance improvements across all metrics:
segmentation accuracy increases from 96.2% to 97.6%, Dice coefficient
from 92.8% to 94.0%, and Jaccard index from 87.4% to 88.7%. Among
competing methods, only Pix2Pix, RQ-VAE, and Dilated cGAN produce
bone-suppressed images that outperform the baseline without suppres-

sion, underscoring the superior segmentation benefits of our model.

3.4.4 Performance on Higher-resolution CXRs

We further performed ablation studies using higher-resolution images,
which can potentially improve model performance but require signifi-

cantly more GPU memory. Given the memory constraints of the A5000
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Table 3.6: Bone-suppression performance comparison at 512x512 reso-
lution on the X-ray bone suppression dataset [83].

Method PSNR{  SSIM?T MSE/|

Stable Diffusion 24.9 0.854 45 x 1073
StarGAN?2 28.3 0.876 2.1x1073
CycleGAN 28.7 0.941 1.8 x 1073
Pix2pix 36.1 0.956 1.1 x10~*
RQ-VAE 36.3 0.947 1.0 x 10~*
Auto-Encoder 17.3 0.831 1.7 x 1072
IEDSR 27.5 0.965 2.0x 1073
Dilated cGAN 37.1 0.946 9.5 x 107°
Ours 40.6 0.981 8.8 x10°°

GPU, we adopted a patch-based training strategy with 512 x 512 reso-
lution chest X-rays. Each 512 x 512 image was divided into four non-
overlapping patches of 256 x 256 pixels for both training and inference.
During testing, the patches were individually processed and then re-
assembled to reconstruct the full-size output.

As shown in Table 3.6, our model achieves improved performance
at the higher resolution of 512 x 512. The comparison with other meth-
ods demonstrates the robustness and adaptability of our learning strat-
egy to high-resolution inputs. Furthermore, as presented in Table 3.7,
the bone-suppressed images generated by our approach yield superior
disease classification accuracy compared to all other baselines under the

same resolution setting.

3.4.5 Ablation Study

Table 3.2 presents the results of our ablation study, highlighting the indi-
vidual contributions of key components in our model toward enhancing
generation quality. The symbol “+” denotes the inclusion of a specific
component. As shown, incorporating the ViT-based encoder-decoder,
multi-head codebook attention (MCA), and context-aware blocks (CAB)
into the VQGAN [25] baseline leads to consistent improvements in both
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Table 3.7: Classification performance (Accuracy [%]) comparison using
512x512 images from the X-ray pneumonia dataset [45].

Method Accuracyt
No Suppression 92.3
Stable Diffusion 91.6
StarGAN2 92.1
CycleGAN 92.6
Pix2pix 93.0
RQ VAE 93.3
Auto-Encoder 90.1
IEDSR 92.1
Dilated cGAN 94.0
Ours 95.2

image quality and downstream classification performance on the X-ray
bone suppression dataset [83].

Among these, our proposed MCA stands out as the core innova-
tion. To validate its effectiveness, we conducted a comparative visual-
ization study of bone suppression results using three variants: the stan-
dard codebook, the multi-head codebook, and our MCA. This analysis
clearly demonstrates the superiority of MCA in generating sharper, more

anatomically consistent outputs.

Ablation on Codebook Heads. To assess the impact of the number of
codebook heads on model performance, we conducted experiments us-
ing 4, 8, and 16 heads. As reported in Table 3.8, the model exhibits stable
performance across these configurations. Notably, the use of 8 heads
achieves the best balance between performance and computational cost,

indicating it is a favorable setting for our architecture.

Ablation on Sparse Attention. We further explored the use of sparse at-
tention mechanisms to promote better semantic disentanglement. Specif-
ically, we replaced the standard softmax function with sparsemax, which
enforces sparsity in the attention weights. While this theoretically en-
courages a more selective and interpretable code combination, we ob-
served a slight performance decline—from a PSNR/SSIM of 35.0/0.975
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Table 3.8: Ablation study on codebook heads.

Metric | 4 | 16 | 8
PSNR 345 34.8 35.0
SSIM 0.972 0.973 0.975
MSE | 51x107% |49 x107% |46 x107*
Params | 215.6M 215.6M 215.6M
Accuracy T 93.8% 93.9% 94.1%

to 34.9/0.973. This suggests that although sparsity may enhance dis-
entanglement, it can also introduce trade-offs that do not necessarily
improve image reconstruction quality. Exploring alternative sparsity-

inducing strategies remains an avenue for future research.

3.4.6 Limitation

Although our method demonstrates strong performance, it faces certain
limitations—primarily the high computational cost associated with the
ViT and CAB modules. To address this, future work will explore more
efficient and lightweight backbone designs, such as integrating sparse
attention mechanisms within the ViT architecture or applying model
pruning techniques to reduce complexity. Furthermore, the paired bone-
suppressed CXR dataset employed in this study is relatively limited in
scale and diversity. Expanding the dataset with more varied and repre-
sentative samples could further boost the robustness and generalizabil-

ity of our framework.

3.5 Summary

In this work, we present a two-stage learning-based framework for CXR
bone suppression. Our method first leverages a MCA module to capture
domain-level contextual information from the target domain. Subse-
quently, a ViT encoder-decoder architecture, enhanced with CABs, is em-
ployed to extract fine-grained instance-level features. By effectively in-
tegrating both global and local representations, our approach surpasses
existing state-of-the-art generative methods in bone suppression qual-

ity. Moreover, the boneless CXRs produced by our model significantly
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improve performance in downstream classification and segmentation
tasks.

The contributions of this work are summarized as follows:

* We introduce a MCA mechanism to capture domain-level repre-
sentations from the target boneless CXRs. By leveraging attention
and a multi-head structure, MCA effectively encodes domain pri-
ors, enhancing the model’s generalization capability when process-
ing original CXRs.

¢ To obtain more informative instance-level features, we employ a
hybrid approach combining vanilla and cross-covariance Transformer
mechanisms. A ViT-based encoder-decoder framework is used to
encode input features and reconstruct boneless CXRs, while a CAB
network highlights clinically relevant regions to guide feature ex-

traction.

* Extensive experiments validate that our bone-suppressed CXR im-
ages not only yield superior reconstruction quality but also signif-
icantly enhance performance in downstream tasks, such as pneu-

monia classification.



3.5. Summary 71

Original Image GradCAM BS Image BS GradCAM

(c) Cardiomegaly case: A CXR of a patient with cardiomegaly, the red curves are cardiomegaly lesions location marked by radiologist

(d) Atelectasis case: A CXR of a patient with atelectasis, the red curves are atelectasis lesions location marked by radiologist

Figure 3.6: Two examples of Grad-CAM generated attention maps for
pneumonia classification using original and bone-suppressed (BS) CXRs.
Figure a is a normal chest X-ray. The Gradcam classification method
has false positives in the screening of lesions. After using the new al-
gorithm to remove the rib shadow, the false positive rate of Gradcam
is significantly reduced. Figures b—d present representative abnormal
cases, including pneumonia, cardiomegaly, and atelectasis. In all cases,
radiologist-annotated pathological regions are indicated by red curves.
When Grad-CAM is applied to the original CXRs, the attention maps
are often distracted by rib structures, resulting in false negatives, dif-
fuse activations, or suboptimal localization of clinically relevant regions.
After applying the proposed rib-removal (bone suppression) algorithm,
Grad-CAM activations become more concentrated on the true pathologi-
cal areas—such as pneumonic infiltrates, the enlarged cardiac silhouette,
and atelectatic lung regions—thereby improving disease localization, in-
terpretability, and classification reliability.
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Chapter 4

MedXChat: A Unified
Multimodal Large Language
Model Framework towards CXRs
Understanding and Generation

In this work, we address the challenge of unified modeling for multi-
modal medical image tasks, which remains largely underexplored in the
context of CXRs. Existing approaches typically focus on isolated tasks
such as report generation or VQA, lacking a cohesive framework capa-
ble of handling multiple vision-language modalities simultaneously. To
bridge this gap, we propose MedXChat, a unified multimodal frame-
work built upon a large vision-language model that supports various
tasks, including image synthesis, VQA, and report generation for CXR
images. Our framework integrates an instruction data construction, an
instruction-following Stable Diffusion module for image generation, and
efficient task-specific adaptation via LoRA-based fine-tuning. Extensive
experiments demonstrate that Med XChat not only produces high-quality
and anatomically realistic CXR images but also achieves strong perfor-
mance across diverse downstream tasks. Notably, the generated images
preserve clinically significant attributes such as disease location, sever-
ity, and anatomical perspective, contributing to improved accuracy in
diagnostic tasks. Our results highlight the potential of unified LLMs
in advancing intelligent medical imaging and facilitating more effective
clinical decision support.
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4,1 Introduction

Multi-modal tasks that integrate image and text modalities play a pivotal
role in advancing the field of medical image analysis by enabling ma-
chines to both understand and reason about complex clinical informa-
tion. These tasks have seen growing importance in recent years, partic-
ularly in areas such as medical report generation [53, 91, 54, 97, 17, 105],
VQA [114, 91, 54], and visual grounding[54, 53], which together form
the foundation for intelligent and interpretable clinical decision support
systems. These multi-modal tasks enable Al models to go beyond ba-
sic classification, facilitating more nuanced capabilities such as generat-
ing descriptive diagnostic reports, interacting with users through natural
language, and identifying specific pathological regions on radiographs.
LLMs, particularly those based on transformer architectures [97], have
shown remarkable promise in supporting such multi-modal tasks. Their
ability to process and synthesize large-scale text data allows them to cap-
ture subtle semantic nuances, making them well-suited for understand-
ing complex medical language. When extended to vision-language sce-
narios, these models can bridge the semantic gap between visual content
and textual descriptions, thereby enhancing the interpretability and util-
ity of medical imaging outputs. For instance, LLMs can be prompted
with natural language questions regarding a patient’s chest X-ray, and
return answers based on contextual visual cues—a functionality that is
increasingly being explored in medical VQA models [114, 91, 54]. The
development of high-capacity models such as LLaMA2 [93] and ChatGPT-
4 [66] has significantly accelerated progress in vision-language research,
with many studies demonstrating their capabilities in general-purpose
multi-modal tasks [49, 27, 111]. These models excel at instruction- fol-
lowing, reasoning, and image-grounded dialogue generation, making
them attractive candidates for adaptation to medical domains. As a re-
sult, researchers have begun to incorporate these LLMs into various clin-
ical tasks, including automated report generation from radiographs, re-
trieval of relevant case examples, and interpretation of patient-specific

queries [91].
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Despite these advances, significant gaps remain in the current re-
search landscape. Most existing works treat multi-modal medical tasks
in isolation, developing separate models for report generation, VQA,
and visual grounding. This leads to fragmented workflows, redundant
computations, and increased development overhead. There is a clear
need for unified frameworks that can seamlessly handle multiple vision-
language tasks within a single model, allowing shared representations
and joint optimization across tasks. Such unified solutions would not
only streamline deployment in clinical environments but also lead to
performance gains by leveraging multi-task learning and shared knowl-
edge. While text-to-image generation has gained traction in the general
domain, its application in the medical field—especially for synthesizing
clinically realistic images from text—is still in its infancy. Compared to
tasks like report generation and VQA, text-to-medical-image synthesis
presents unique challenges, including the need for anatomical precision,
pathophysiological accuracy, and high fidelity to disease-specific man-
ifestations. The limited availability of paired textual and imaging data
further complicates training in this setting. Consequently, few studies
have tackled this task, and even fewer have attempted to integrate it into
a broader multi-modal system. Furthermore, most current approaches
rely heavily on visual tokenization or vector quantization to bridge im-
age and text domains [54, 53], which introduces challenges such as quan-
tization error and fixed vocabulary bottlenecks. These limitations hinder
scalability and limit the model’s ability to generalize to new tasks, un-
seen pathologies, or alternative imaging modalities. While transformer-
based LLMs and recent advancements in vision-language modeling have
substantially improved the capabilities of medical Al, there remains a
pressing need for next-generation frameworks that are unified, gener-
alizable, and capable of high-fidelity generation and reasoning across
all core multi-modal tasks. Addressing these gaps will be essential for
building intelligent, interactive, and clinically reliable assistants that can

function in real-world healthcare settings.

While a unified framework for large-scale multimodal medical data
processing holds significant promise, such solutions are still notably lack-

ing, particularly in conventional medical imaging domains such as CXRs.



76Chap1.‘er 4. MedXChat: A Unified Multimodal Large Language Model
Framework towards CXRs Understanding and Generation

Despite the increasing integration of vision-language models into health-
care, only two notable frameworks currently exist that support both im-
age interpretation and image generation within the same system: UniX-
Gen [53], a non-LLM-based method, and LLM-CXR [54], a more recent
approach that incorporates LLMs. UniXGen employs a VQ strategy [25]
to unify visual and textual representations, allowing it to tackle report
generation and visual understanding by mapping CXR images into dis-
crete tokens. This mapping facilitates a common representation space
between image and text modalities. However, the use of VQ introduces
quantization errors that can degrade semantic fidelity—an issue partic-
ularly problematic in medical imaging, where fine-grained anatomical
detail is essential. Moreover, because the token vocabulary is fixed, any
expansion to new datasets, imaging modalities, or medical terminolo-
gies often requires re-training the entire model, which adds substantial
computational burden and limits its practical scalability. LLM-CXR [54]
builds on this VQ-based foundation but incorporates instruction-tuned
LLMs to enhance reasoning and cross-modal alignment. By aligning dis-
crete image tokens with language prompts via instruction tuning, it en-
ables interactive tasks like medical report generation and VQA. Nev-
ertheless, it inherits the core limitations of VQ: a rigid codebook de-
sign, loss of fine semantic detail, and limited adaptability across diverse
datasets or unseen token combinations. These issues are further ex-
acerbated when handling rare pathologies or subtle radiographic pat-
terns, where generalization becomes critical. In practice, these VQ-based
frameworks fall short in handling the real-world diversity found in clin-
ical environments. Medical imaging data often vary widely across in-
stitutions due to differences in imaging protocols, devices, demograph-
ics, and disease prevalence. The reliance on static codebooks and fixed
token spaces limits these frameworks’ ability to generalize across such
heterogeneous domains. This also restricts the inclusion of more expres-
sive or novel medical concepts that lie outside the pre-defined token vo-
cabulary. For instance, when facing rare diseases or emerging diagnos-
tic categories, the models lack flexibility unless retrained extensively—a
major barrier for real-time clinical adaptation. Furthermore, VQ-based

frameworks tend to suffer from high memory and compute overhead,
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especially during the encoding-decoding stages, which becomes a bottle-
neck for deployment in time-sensitive or resource-limited settings. The
lack of modularity also means updates to the image processing pipeline
require simultaneous adjustment of the entire system, further reducing
efficiency and maintainability. Altogether, these limitations underscore
the urgent need for a more efficient and generalizable multimodal frame-
work that overcomes the bottlenecks of VQ-based methods. A promis-
ing direction is to adopt continuous visual representations (e.g., CLIP-
style features) instead of discrete token spaces, enabling richer seman-
tic alignment while preserving computational efficiency. Such frame-
works should also support modular training, allowing different compo-
nents (e.g., language model, vision encoder, image generator) to be up-
dated independently. Moreover, unified systems must be able to scale
across tasks—report generation, VQA, visual grounding, and text-to-
image synthesis—without compromising accuracy, interpretability, or
clinical realism. Ultimately, the goal is to move toward intelligent med-
ical assistants that not only understand but also interact meaningfully

with diverse forms of medical data across real-world clinical workflows.

To overcome these issues and advance multimodal medical data
processing, we propose MedXChat—a unified LLM framework designed
to function as an intelligent medical assistant. MedXChat supports a
broad range of clinical tasks, including image-to-report generation, vi-
sual question answering, and report-to-image synthesis. It addresses
the image-text gap through three core strategies: First, instead of rely-
ing on discrete representations produced by VQ-based encoding [54, 53],
MedXChat adopts visual features extracted using a pre-trained CLIP en-
coder [69]. This encoder leverages contrastive learning to explicitly align
image and text features, enabling a tighter semantic mapping that is es-
pecially effective for fine-grained medical image data. Second, we utilize
the closed-source ChatGPT-4 API [66] as an instructor to generate high-
quality instruction data. These instructions are created in the form of
dialogues that incorporate both medical reports and visual cues, which
are then used to fine-tune our open-source LLM, improving its capability

to handle multimodal clinical queries. Third, for text-to-image synthesis,
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MedXChat bypasses the traditional intermediate token conversion pro-
cess and instead directly generates CXR images from the textual prompts
produced by the fine-tuned LLM. This is achieved using the instruction-
following capabilities of the Stable Diffusion model [76]. By decoupling
the image generation module from the language model, we can fine-tune
only the diffusion component without retraining the entire framework,

thus improving efficiency and modularity.

We validate the effectiveness of MedXChat through extensive ex-
periments on three benchmark tasks: CXR-to-report generation, CXR-
VQA, and text-to-CXR synthesis. Our model consistently outperforms
both LLM-based methods [54, 53, 91, 110, 55] and non-LLM-based ap-
proaches [13, 14, 17]. To further assess the clinical utility of our sys-
tem, we engaged a board-certified radiologist to evaluate 20 generated
reports and 20 CXRs. Comparisons against UniXGen [53] and LLM-
CXR [54] show that MedXChat yields superior results, reinforcing its

practical potential in real-world medical applications.

4,2 Method

We introduce MedXChat, a unified LLM framework designed to pro-
cess multimodal medical inputs—such as images and text—and gen-
erate task-specific outputs accordingly. An overview of the proposed
framework is illustrated in the bottom right of Fig. 6.1. To build our
system, we adopt the off-the-shelf LLM architecture mPLUG-Owl [118],
chosen for its demonstrated success in open-source instruction-tuned
language models [90, 15, 68]. During training, the majority of the model
parameters—including the backbone LLM and the SD component—are
frozen to maintain stability and reduce computational costs. For adapt-
ing the LLM, we employ a delta tuning strategy via Low-Rank Adapta-
tion (LoRA) [37]. The input to MedXChat can include both a CXR image
and a user-provided text instruction. The image is first processed by a
pre-trained CLIP visual encoder (ViT-L/14) [69] to extract fine-grained,
text-aligned regional visual features—crucial for capturing detailed se-

mantics in medical images. These features are then combined with the
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Figure 4.1: Overview of our MedXChat framework, including a prepa-
ration stage (dashed boxes) for constructing instruction data (top row)
and fine-tuning the Stable Diffusion model using CXR images (referred
to as CXR-SD), followed by an instruction tuning stage (solid box) where
our multimodal MedXChat is actively trained.

user instruction to form a unified input sequence, which is passed to the
LLM. Based on the input, the model generates an appropriate response.
Notably, when a CXR image generation is requested, the LLM outputs
a text prompt that serves as input to the CXR-SD module, a fine-tuned
version of the original Stable Diffusion model tailored for CXR synthesis.
The training process is divided into two stages: (1) a preparation stage,
where we construct instruction-following datasets (Sec. 4.2.1) and fine-
tune the SD component on CXR data (Sec. 4.2.2), and (2) the instruction
tuning stage, where the full multimodal framework is optimized using
task-specific objectives (Sec. 4.2.3 & 4.2.4).

4.2.1 Instruction Data Construction

Most current open-source LLMs [91, 55] lack the capability to handle
visual inputs, limiting their applicability in tasks such as medical im-
age generation. In contrast, our unified MedXChat framework is specifi-
cally designed to support multimodal processing, including image gen-
eration. To enable our end-to-end LLM to engage in text-to-CXR inter-
actions in a clinician-like conversational style, we require high-quality
instruction data to guide the fine-tuning process.

To construct these instruction datasets, we leverage the ChatGPT-4
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API [66] alongside prompt engineering techniques. Our prompts are de-
signed to produce detailed textual passages containing five key compo-
nents, as shown in the top panel of Fig. 6.1: 1. Text Description provides
a general guideline for the response, e.g., ‘Please help construct three dia-
logues between a person and a helpful assistant. Each chest X-ray image is rep-
resented by < Xray > DESCRIPTION < /Xray >, where DESCRIPTION
is a textual description or report of the X-ray image”. 2. Human Characteris-
tics allows users to instruct the assistant on their individual need in gen-
erating chest X-ray images, e.g., whether the posteroanterior (PA) view
or the lateral view is preferred. 3. Dialogue Properties defines the prop-
erties of a good dialogue to ensure logical flow and restrict the content to
only the pertinent parts of the report. 4. Report Generation involves se-
lecting a medical report from the MIMIC-CXR dataset and completing it
with the view information. 5. Example Dialogues provides two typical

conversation examples within our framework.

To support structured text-to-CXR generation, we introduce special
tokens < Xray > and < /Xray > to demarcate text segments that cor-
respond to visual data. For instance: “The constructed dialogue must
contain questions according to the following input chest X-ray image,
which contains only the relevant part of the report between < Xray >
and < /Xray >: < Xray > content < /Xray >", where the placeholder
content is filled with the view-augmented report of a given CXR.

To enrich the reports with view-specific metadata, we classify the
view type (PA vs. lateral) using a transformer-based encoder trained on
all CXRs from the MIMIC-CXR training set. The identified view (e.g.,
“PA view of the chest was obtained”) is prepended to each report. These
augmented reports are then used for fine-tuning both the LLM and CXR-

SD, replacing the original raw reports to provide enhanced context.

From the MIMIC-CXR dataset—which contains paired CXRs and
reports for 14 diagnostic categories—we randomly select 200 reports per
category, resulting in 2800 reports. Each report is passed to ChatGPT-4
to generate three distinct dialogue samples, yielding a total of 8400 dia-
logue segments. These are then used to fine-tune our LLM using LoRA-
based delta tuning, enabling it to perform medical dialogue analysis and
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generation.

Once trained, the LLM can identify the special tokens < Xray >
and < /Xray > during conversation. When a report segment is en-
closed by these markers, the model recognizes it as a prompt for image
synthesis. The enclosed text is then forwarded to our fine-tuned CXR-SD
model, which generates a corresponding chest X-ray image. To further
support user-specified views, we fine-tune the SD model using the view-
augmented report-image pairs, ensuring accurate synthesis of CXRs in

the requested orientations.

4.2.2 CXR Stable Diffusion(SD)

To generate CXR images from clinical text, we leverage a pre-trained SD
model [76]. Following recent fine-tuning strategies [122], we adapt SD
using the MIMIC-CXR dataset, integrating a lightweight zero-convolution
module for efficient training, as illustrated in Fig. 6.1 (bottom left).

Stable Diffusion models the data distribution p(z) by progressively
denoising a normally distributed variable through an encoder-decoder
architecture. This process approximates the reverse of a predefined Markov
chain over T time steps. At each time step T, text features are first en-

coded using a time encoder E; via positional encoding techniques.

Beginning with a sample CXR zj, the model applies a forward dif-

fusion process g, incrementally adding noise according to:

q(zt|z0) =N (zt;atZO,UflI> : (4.1)

After T steps, the clean image is fully transformed into noise z;,
which is then input into a U-Net-based encoder-decoder network [77].
This architecture comprises four downsampling and four upsampling
blocks, each connected via skip connections. The core blocks feature a
combination of ResNet layers and ViTs, each equipped with self-attention
and cross-attention mechanisms [97] to enhance spatial and semantic
alignment.



82Chapter 4. MedXChat: A Unified Multimodal Large Language Model
Framework towards CXRs Understanding and Generation

For conditional generation, the model incorporates text prompts en-
coded by the CLIP text encoder E;, [69]. These embeddings are fused
with the noisy input to drive the reverse diffusion process:

po (ze-1|2t) == q(zi-1 | 21, €9 (21, 1))
2 4.2)
o2 (
= N (Ztl; ]/19 (Zt/ t) ’O.t2|t—1?]1> ’
t
where €y is the noise prediction function implemented via U-Net. Through

iterative denoising, a high-quality CXR image is generated.

Although the base SD model already demonstrates strong text-to-
image capabilities, domain-specific fine-tuning is essential to ensure clin-
ical relevance and fidelity in medical applications. To this end, we pre-
serve the core capabilities of the pre-trained model by introducing a
lightweight fine-tuning module. Specifically, we only train the SD en-
coder Eg; and a set of 1 x 1 zero-convolution layers, whose weights are
initially set to zero to avoid disrupting the original feature representa-
tions. These parameters are gradually learned during training, enabling

the model to adapt to the medical domain while maintaining efficiency.

During fine-tuning, the input clinical report is first passed through
the text encoder and a zero-convolution layer. The resulting embedding
is concatenated with noise z; and fed into the SD encoder. This encoder
comprises four downsampling blocks, each linked to the corresponding
upsampling blocks through trainable zero-convolution layers. The re-
sulting features are then fused with the outputs of the frozen pre-trained
SD encoder, producing the final CXR image.

By restricting training to a small subset of parameters, our approach
offers rapid fine-tuning without compromising the pre-trained model’s
performance. This strategy enables the generation of clinically relevant
and fine-grained chest X-ray images, supporting downstream medical

applications efficiently.
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4.2.3 Multi Model Tasks

The proposed MedXChat framework, illustrated in Fig. 6.1 (bottom right),
offers a unified solution that supports three key tasks: CXR-to-Report,
CXR-VQA, and Text-to-CXR, detailed as follows:

CXR-to-Report. In this task, a chest X-ray image is first processed by
a pre-trained CLIP visual encoder (ViT-L/14) [69] to extract visual fea-
tures that are aligned with textual semantics. These features are then
combined with a user instruction, such as “Generate a report of this chest
X-ray”, and fed into the LLM. The LLM subsequently generates a concise
radiology report based on the visual information embedded in the input

image.

CXR-VQA. This task involves three inputs: a CXR image, its associ-
ated medical report, and a user-provided question, such as “Is there car-
diomegaly?”. The LLM processes these multimodal inputs and outputs a
response based on its analysis. For example, it may respond with “"No,
cardiomegaly is not present”, leveraging both the visual content and the

textual context to provide accurate answers.

Text-to-CXR. In this generative task, the LLM is fine-tuned on the dia-
logue data described in Sec. 4.2.1. An example input might be:

"Human: Hi there, I recently had a chest X-ray and the report mentioned
'right lower lobe consolidation’. I'm not sure what that means. Could you
generate a lateral view of a chest X-ray with that condition for me?”

Given this prompt, the LLM generates a medically relevant response

and a textual description for image synthesis, for instance:

Assistant: Absolutely. Consolidation in the right lower lobe of your lungs
typically indicates an infection, such as pneumonia. Here is an image based on
the description you provided: < Xray > Lateral view of the chest was obtained.
New right lower lobe consolidation is consistent with pneumonia. < /Xray >

The LLM then extracts the content enclosed within the special to-
kens < Xray > and < /Xray > as the generation prompt. This prompt
is passed to the CXR-SD module, which synthesizes a chest X-ray image
matching the described condition. This enables MedXChat to provide
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users with tailored visual representations in response to their clinical in-

quiries, thereby enhancing interpretability and engagement.

4.2.4 Training Objectives

Our training framework comprises two primary objectives: fine-tuning
the LLM during the instruction tuning stage and optimizing the CXR-SD
model during the preparation stage. The goal of the LLM is to generate
structured target outputs that include an explanation, input prompt, and
an autoregressive response—closely following the instruction-following
paradigm established in ChatGPT training [90, 70, 6]. The loss is com-
puted solely on the response tokens generated by the model, ensuring

alignment with its autoregressive decoding mechanism.

In parallel, the CXR-SD model is optimized following the training
strategy of the original Stable Diffusion (SD) framework [76], which cen-
ters on denoising. Specifically, it aims to predict and remove the noise
added to input images across a series of temporal steps, guided by text-
based prompts. Through this iterative denoising process, the model pro-
gressively reconstructs high-fidelity chest X-ray images, restoring struc-
tural details step by step.

Large Language Model. With the dialogues (X}l, ) CIRR ,Xg, xT ) ob-
tained utilizing ChatGPT-4 in Sec. 4.2.1, where Xq is the question, X is
the answer, and T is the total number of dialogues, we fine-tune LLM

with LoRA [37] through minimizing the loss L,:

L .
Lo= Y —logp (X | X4, < i, X, < i) (4.3)
i=1
for a sequence of length L. As a result, the enhanced LLM is now adept

at crafting intelligent and contextually relevant medical responses.

Stable Diffusion. Given an initial image zp, the image diffusion process
incrementally introduces noise, resulting in a sequence of increasingly
noisy images z;, where t denotes the timestep of noise addition. Under
a set of conditions, comprising the timestep t and textual prompts c;, a
network €y is trained to predict the noise pattern that has been added
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to the noisy image z;, enabling the reverse process of noise reduction
to reconstruct the original image. The overall learning objective for the

entire diffusion model is to minimize the loss Lgp:

Lsp =B tee~n01) € —€o(zt,t,ct)) ||%} : (4.4)

4.3 Experiment Settings

We benchmark our model against key state-of-the-art (SOTA) models for
CXR-related multimodal generation using LLMs. For CXR-to-Report,
our model’s performance is mainly benchmarked against UniXGen [53],
XrayGPT [91], and LLM-CXR [54]. For CXR-VQA, we compare with
XrayGPT [91], ELIXR [114], and LLM-CXR [54]. For Text-to-CXR, we
evaluate our model against UniXGen [53] and LLM-CXR [54]. It is high-
lighted that LLM-CXR and our model are uniquely equipped to han-
dle all of these diverse tasks using a single integrated model. Whereas,
XrayGPT [91] cannot handle Text-to-CXR generation and UniXGen can-
not handle CXR-VQA task.

4.3.1 Implementation Details

We set the learning rate as 2 x 1072, the number of epochs as 5, and
the batch size as 2. We train our model with 8.4M and 7.1B trainable
and frozen parameters on two NVIDIA RTX 3090 GPUs. The deployed
MedXChat model contains 15.5B parameters. On a single RTX 3090 GPU,
the average inference time is approximately 2 s per study for CXR-to-
Report generation, 2 s per query for CXR-VQA, and 10 s per study for
Text-to-CXR synthesis.

Downstream Classification. To evaluate the clinical utility of our Text-
to-CXR generation, we apply our generated CXRs to classifying the 14
diagnostic categories in MIMIC-CXR. We adopt a classification model
proposed in [32], which gains high classification accuracy from its in-
creased model depth via a residual learning framework, train it by all
CXR images in MIMIC-CXR training set, and test it on the generated
CXR images produced by different models.
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4.3.2 Dataset

We validate the methods on the MIMIC-CXR dataset [43], which stands
as the largest publicly available dataset encompassing chest radiographs
along with free-text reports. It covers 14 categories related to lung dis-
ease diagnosis. Part of the CXR images are obtained in both PA and
lateral views. In our research, we followed the official dataset division
guidelines of MIMIC-CXR to maintain consistency and enable fair com-
parisons. Consequently, our training dataset comprises 270,790 samples
of image-report pairs, accompanied by 2,130 and 3,858 samples for vali-
dation and testing, respectively.

4.4 Evaluation and Discussion

4.4.1 Evaluation Metrics

CXR-to-Report. We include both NLP standard evaluation metrics such
as BLEU-4 [67], METEOR [5], ROUGE-L [59], and CIDEr [98] to evalu-
ate the quality of the generated diagnostic reports, and the AUROC and
F1 score metrics to assess the accuracy of disease classification based on
generated reports. As per [54], we report AUROC and F1 in three forms:
Micro, Macro, and Weighted, derived from the frequency deviation of
categories, with each category being treated as equally important and
weighted average, respectively. They are calculated based on six diag-
nostic categories: No Findings, Pneumothorax, Edema, Pleural Effusion,

Consolidation or Pneumonia, and Lung lesion.

CXR-VQA. We follow the VQA performance evaluation framework from
ELIX-R [114] to enable the comparison with other LLM-based methods!.
Specifically, from the MIMIC-CXR dataset, we randomly choose eight
samples from each of the six distinct diagnostic categories. We either in-
quiry about specific lesions or query the presence, location, and severity
of the findings in each CXR image.

IThis choice is necessitated by the unavailability of CXR-VQA results for other LLM-
based methods
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Table 4.1: CXR-to-Report: AUROC and F1. 1 marks quoted results
from [54].

AUROC?H [ Micro Macro Weighted [ NoF. Pmtx. Edem. PEff. Csdn./Pna. LLsn.
UniXGen-256t [53] || 0.577  0.533 0.541 0.564 0.530 0.542 0.533 0.516 0.513
XrayGPTt [91] 0.595 0.552 0.576 0.592 0.511 0.590 0.595 0.515 0.511
LLM-CXRt [54] 0.654 0.586 0.628 0.698 0.532 0.612 0.635 0.540 0.501
MedXChat (Ours) 0.672  0.599 0.666 0.583 0.549 0.633 0.783 0.530 0.519
F11 Micro Macro Weighted | NoF. Pmtx. Edem. PEff. Csdn./Pna. LLsn.
UniXGen-256t [53] | 0.281 0.187 0.256 0.411 0.083 0.226 0.215 0.132 0.055
XrayGPTt [91] 0.314 0.227 0.320 0371 0.049 0.333 0.404 0.143 0.058
LLM-CXRt [54] 0414 0.283 0.408 0.562 0.083 0.370 0.455 0.198 0.030
MedXChat (Ours) 0.420 0.292 0.436 0.318 0.092 0.398 0.718 0.177 0.049

Table 4.2: CXR-to-Report: NLP Metrics. T marks quoted results from
respective papers.

Methods | BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr
Show-Tell [99] 0308 0190 0125  0.088  0.256 0122 0.09
Att2in [75] 0314 0198 0133 0095 0264 0122 0.106
AdaAtt [62] 0314 0198 0132  0.094  0.267 0.128  0.131
Transformer [97] 0316 0199 0140  0.092  0.267 0129  0.134
M2transformer [17] | 0332 0210  0.142 0101  0.264 0134  0.142
"R2Gent [14] | 0353 0218 0145 0103 0277 0142 0141
PPKEDt [60] 0.36 0224 0149 0106  0.284 0.149 0237
R2GenCMN't [13] 0353 0218 0148 0106  0.278 0.142  0.143
GSKt [117] 0363 0228 0156 0115  0.284 - 0.203
LLM-CXR[54] | « 0196 009 0054 0033 0245  0.081 0445
LLaVA-Med [55] 0232 008 0027 0009  0.168 0.082  0.015
UniXGen-256 [53] 0365 0227 0147 0101  0.294 0.156  0.138
MedXChat (Ours) 0367 0235 0158  0.111  0.264 0135 0175

Text-to-CXR. We employ the Frechet Inception Distance (FID), a widely
recognized metric for image generation quality assessment, in conjunc-
tion with a downstream classification task to evaluate the quality of the
images produced by our model.

4.4.2 Performance Comparison

CXR-to-Report. We evaluate our model using AUROC and F1 scores,
as presented in Table 4.1, which are widely recognized metrics for as-
sessing classification performance and the clinical validity of generated
radiology reports. AUROC (Area Under the Receiver Operating Char-
acteristic curve) reflects the model’s capability to distinguish between
different disease conditions, while F1 score balances precision and re-

call, providing a holistic view of prediction quality in imbalanced clinical
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Input CXR Ground-Truth LLM-CXR Ours
impression : no acute cardiopulmonary process .
impression : no acute cardiopulmonary process . findings : the lungs are clear without focal
findings : lungs are clear . there is no consolidation effusion or pneumothorax . the
S . No acute 9 . . .
consolidation effusion or edema . the cardiomediastinal silhouette is within normal

cardiopulmonary
process.

limits . no acute osseous abnormalities . no free
air below the right hemidiaphragm is seen . no
pleural effusion or pneumothorax is seen .

cardiomediastinal silhouette is within normal
limits . no acute osseous abnormalities .

impression : findings compatible with pulmonary impression : mild pulmonary edema.

' fibrosis with likely superimposed edema . findings : ap and lateral views of the chest were
findings : ap and lateral views of the chest . low obtained. there is increased interstitial

| lung volumes are seen compatible with patients markings consistent with mild pulmonary
history of fibrosis . diffusely increased interstitial : edema. there is no pleural effusion or
markings are seen throughout the lungs but these pneumothorax. the cardiac silhouette is
appear overall slightly worse when compared to enlarged but stable. mediastinal contours are
prior . cardiomediastinal silhouette is grossly. unremarkable.

Figure 4.2: Visual examples for the CXR-to-Report Task

datasets. Compared with existing models, our proposed MedXChat con-
sistently outperforms all baselines in both AUROC and F1 across nearly
all diagnostic categories. In terms of AUROC, MedXChat achieves the
highest micro (0.672), macro (0.599), and weighted (0.666) averages, out-
performing LLM-CXR [54], which was previously the strongest baseline.
MedXChat also achieves the best AUROC scores in five out of seven dis-
ease categories, notably outperforming others in Pneumothorax (0.549),
Edema (0.633), Pleural Effusion (0.783), and Lung lesion (0.519). In terms
of F1 scores, which are particularly informative for evaluating perfor-
mance on imbalanced datasets, MedXChat again ranks highest in over-
all micro (0.420), macro (0.292), and weighted (0.436) scores. The model
outperforms LLM-CXR by a significant margin, especially in conditions
like Pneumothorax (0.092 vs. 0.083), Edema (0.398 vs. 0.370) and Pleural
Effusion (0.718 vs. 0.455), highlighting its robustness in handling both
frequent and rare conditions. The non-LLM-based UniXGen [53] shows
noticeably weaker results in both AUROC and F1, reinforcing the critical
role of large language models in generating accurate and semantically
coherent medical reports. These results confirm that MedXChat not only
produces radiology reports with high discriminative ability (AUROC)
but also ensures consistency and correctness in predictions (F1), making

it a clinically valuable tool for automated CXR interpretation.

Table 5.4 presents a comprehensive comparison of natural language
generation (NLG) metrics, including BLEU-1 through BLEU-4, ROUGE,
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METEOR, and CIDEr. These metrics collectively assess lexical overlap,
fluency, and semantic relevance between generated reports and ground-
truth references. We evaluate not only large-scale multimodal models
such as LLM-CXR [54] and UniXGen [53], but also traditional captioning-
based methods like Show-Tell [99], Att2in [113], AdaAtt [62], Transforme-
r [97], and M2Transformer [17]. MedXChat outperforms all previous
approaches on most NLG metrics. Specifically, it achieves the highest
scores in BLEU-1 (0.367), BLEU-2 (0.235), and BLEU-3 (0.158), reflecting
strong n-gram consistency and high overlap with reference reports. Al-
though GSK [55] narrowly surpasses MedXChat on BLEU-4 (0.115 vs.
0.111), our model shows superior performance in earlier BLEU levels,
which are more indicative of high-fidelity surface-level phrasing. In
terms of CIDEr, our model achieves a competitive score of 0.175, out-
performing all baselines except for LLM-CXR (0.445). However, it is im-
portant to note that the CIDEr value reported for LLM-CXR is based
solely on the impression section of the reports, which are shorter and
more focused. When evaluating the full report, LLM-CXR’s CIDEr score
significantly decreases®. This suggests that MedXChat provides better
overall consistency in generating complete and clinically relevant re-
ports. Additionally, our model outperforms UniXGen [53] in all eval-
uated BLEU and CIDEr metrics, and performs comparably in ROUGE
(0.264 vs. 0.294) and METEOR (0.135 vs. 0.156). Compared to text-only
baselines, MedXChat exhibits much stronger linguistic coherence, indi-
cating the advantages of integrating both visual and textual cues through
a unified vision-language framework. These results highlight MedX-
Chat’s ability to generate radiology reports that are not only lexically
accurate but also semantically meaningful and clinically reliable—an es-

sential requirement for real-world deployment in medical Al systems.

Figure 4.2 presents qualitative comparisons between ground-truth
radiology reports, the baseline model LLM-CXR [54], and our proposed

MedXChat system. These visual examples offer valuable insights into

2As confirmed in our re-implementation, CIDEr on full-text LLM-CXR reports is
substantially lower than the original value.
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Table 4.3: CXR-VQA: Accuracy by topic. 1 marks quoted results
from [54]. “SST" stands for Size, Severity, Type.

Accuracy? | All | Presence Location SST

ELIXRt [114] 54.8% 64.5% 41.0%  25.0%
XrayGPT+ [91] 25.2% 27.4% 21.9%  20.3%
RadFMt [110] 32.7% | 34.5% 31.3%  20.8%
LLM-CXRt [54] 44.8% | 41.3% 50.0%  62.5%
LLaVA-Med [55] || 53.1% | 53.8% 51.0%  56.3%
MedXChat (Ours) || 61.2% | 61.5% 56.3%  68.8%

the generative capabilities of each model in producing clinically mean-
ingful and comprehensive CXR reports. In the first case, LLM-CXR gen-
erates a minimal report with a single sentence, failing to include spe-
cific findings or an impression section. By contrast, MedXChat produces
a well-structured report that closely follows clinical standards. It in-
cludes both an “Impression” summarizing the diagnostic outcome and
detailed “Findings” describing the absence of consolidation, effusion, or
pneumothorax. Additionally, it notes the clarity of the lungs and the
normal appearance of the cardiomediastinal silhouette—details that are
consistent with the ground-truth report written by a radiologist. The
second example further demonstrates MedXChat'’s superiority in han-
dling complex, multi-view cases. LLM-CXR fails to generate any output,
while MedXChat produces a complete report that identifies “mild pul-
monary edema,” “increased interstitial markings,” and “no pleural ef-
fusion or pneumothorax.” Notably, it incorporates findings from both
frontal and lateral views, referencing lateral chest views and describ-
ing relevant anatomical and pathological observations. This highlights
MedXChat'’s ability to process and interpret multi-view inputs—a criti-
cal capability for real-world clinical scenarios. These qualitative compar-
isons demonstrate that MedXChat generates richer, more informative,
and clinically aligned reports compared to baseline models. It not only
captures key radiological features but also mimics professional reporting
structure and language. These findings underscore the model’s poten-
tial to assist radiologists in generating high-quality reports with reduced
workload and increased diagnostic consistency.
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Table 4.4: CXR-VQA: Accuracy by Diagnosis. t marks quoted results
from [54].

Diagnosis | XrayGPTt | RadFMt | LLM-CXRt [ LLaVA-Med | MedXChat (Ours)
All 25.2% 32.7% 44.8% 53.1% 61.2%
No Findings 42.5% 61.3% 71.3% 37.5% 50.0%
Pneumothorax 18.8% 23.8% 22.5% 54.2% 58.3%
Edema 26.3% 31.3% 53.8% 58.3% 72.9%
Pleural Effusion 20.0% 26.3% 53.8% 60.4% 79.2%
Consolidation / Pneumonia 25.0% 34.4% 39.1% 56.3% 50.0%
Lung Lesion 17.2% 40.6% 50.0% 37.5% 37.5%

CXR-VQA. CXR-VQA performance is shown in Table 4.3 and Table 4.4.
Based on the results presented in Table 4.3, we provide a comprehen-
sive analysis of MedXChat’s performance on the CXR-VQA task, fo-
cusing on three critical dimensions: Presence, Location, and SST (Size,
Severity, and Type of abnormalities). MedXChat achieves the highest
overall accuracy of 61.2%, surpassing all baseline models. This includes
LLaVA-Med (53.1%), LLM-CXR (44.8%), and ELIXR (54.8%), demon-
strating MedXChat’s superior generalization ability and robust vision-
language reasoning in clinical settings. In terms of Presence accuracy,
which measures whether the model correctly identifies the existence of
abnormalities, MedXChat achieves 61.5%, closely rivaling ELIXR (64.5%)
while significantly outperforming XrayGPT (27.4%) and RadFM (34.5%).
This suggests MedXChat is highly reliable in initial diagnostic screening
scenarios where sensitivity to abnormal findings is crucial. For Loca-
tion accuracy, MedXChat again leads with 56.3%, exceeding LLaVA-Med
(51.0%) and LLM-CXR (50.0%). This indicates MedXChat’s enhanced ca-
pability to interpret spatial cues in radiographic images and pinpoint
the anatomical regions of concern—critical for clinical decisions involv-
ing targeted treatment. Most notably, in the SST category—arguably the
most challenging due to the need for nuanced understanding of lesion
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size, severity, and type—MedXChat reaches an impressive 68.8% accu-
racy. This clearly outperforms LLM-CXR (62.5%) and far surpasses mod-
els like ELIXR (25.0%), reflecting MedXChat'’s fine-grained comprehen-
sion of complex radiological descriptors. MedXChat consistently outper-
forms all baselines across all dimensions in the CXR-VQA task, establish-
ing itself as a highly effective model for radiology-focused visual ques-
tion answering. Its strengths in multi-faceted diagnostic understand-
ing suggest strong clinical applicability, especially for generating inter-
pretable, high-precision answers in real-world medical settings. Future
improvements may focus on integrating multi-view imaging data and

enhancing interpretability through multimodal attention mechanisms.

Based on the results in Table 4.4, MedXChat demonstrates supe-
rior diagnostic understanding across multiple chest pathologies within
the CXR-VQA task. With an overall accuracy of 61.2%, MedXChat sig-
nificantly outperforms all comparison baselines, including LLaVA-Med
(53.1%), LLM-CXR (44.8%), and RadFM (32.7%), reinforcing its effective-
ness in answering clinically relevant visual questions. In Edema diag-
nosis, MedXChat achieves an accuracy of 72.9%, outperforming LLaVA-
Med (58.3%) and LLM-CXR (53.8%) by a wide margin. This result high-
lights the model’s ability to recognize diffuse patterns and subtle fluid
accumulations that are often challenging for automated systems. For
Pleural Effusion, MedXChat attains the highest accuracy of 79.2%, sur-
passing all other baselines including LLaVA-Med (60.4%) and RadFM
(26.3%). This demonstrates the model’s precision in detecting pleural
fluid abnormalities that require high spatial and contextual understand-
ing. In Pneumothorax, a condition that often presents with subtle yet
critical visual cues, MedXChat reaches 58.3% accuracy—more than dou-
bling the performance of XrayGPT (18.8%) and significantly outperform-
ing LLM-CXR (22.5%). This suggests the model is capable of identifying
life-threatening findings with high sensitivity. Even for more common
diagnoses like Consolidation/Pneumonia, MedXChat delivers competi-
tive performance (50.0%), only slightly behind LLaVA-Med (56.3%). In
No Findings, the model balances specificity and sensitivity with a solid

50.0% score. While Lung Lesion remains a challenging category for most
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models—including MedXChat (37.5%)—the overall pattern shows MedX-
Chat’s consistent superiority in handling both common and complex

diagnostic labels. These results underscore MedXChat’s potential for

real-world clinical use, particularly in tasks demanding accurate and

interpretable answers to diagnostic queries across a wide spectrum of

thoracic conditions. Future enhancements may focus on underrepre-

sented categories like Lung Lesion through targeted data augmentation

or multi-task learning strategies.

Figure 4.3 presents a representative visual question answering (VQA)
example, highlighting MedXChat's ability to handle complex clinical qu-
eries grounded in radiographic content. In this scenario, the model accu-
rately identifies findings such as opacities in the right lower lobe and left
infrahilar area, and provides clinically coherent answers like pneumo-
nia when asked about their implications. Furthermore, when prompted
about the recommended course of action, the model appropriately re-
sponds with follow-up to resolution, reflecting an understanding of stan-
dard clinical management pathways. Importantly, it also shows diag-
nostic reasoning capability—for example, in response to the question “Is
there a possibility of a pulmonary nodule being present?”, the model
states: “Yes, a pulmonary nodule cannot be excluded”, demonstrating
its ability to express uncertainty in a medically appropriate manner. In
follow-up queries such as “What should be done if the finding of the
nodule persists?”, the model suggests further evaluation with chest ra-
diographs, aligning with common clinical protocols. Finally, for anatom-
ical or functional insights like pulmonary vascular engagement, the model
correctly identifies mild pulmonary vascular engagement is present, in-
dicating its nuanced understanding of subtle radiographic features. This
example illustrates not only the model’s capacity to extract and contextu-
alize visual features but also its ability to respond to a variety of question
types—diagnostic, procedural, and descriptive—mirroring the nature of
real-world clinical dialogues. Such capabilities are crucial for enabling

explainable Al and interactive medical assistants in clinical workflows.

Text-to-CXR. Table 5.6 presents quantitative comparisons for the Text-
to-CXR synthesis task, highlighting two key evaluation metrics: Fréchet
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o [ What is seen in the right lower lobe and left infrahilar areas? }

# [ What does the presence of opacities in the appropriate clinical setting suggest?

Pneumonia.

[ What is the recommended course of action for the observed findings? ]

Follow-up to resolution.

! [ Is there a possibility of a pulmonary nodule being present? ]

[ Yes, a pulmonary nodule cannot be excluded. ]

[ What should be done if the finding of the nodular opacity persists after therapy? ]

[ It should be followed up with chest radiographs. ]

1; [ What can be noted about the pulmonary vascular engorgement? ]

[Mi]d pulmonary vascular engorgement is prssent.]

Figure 4.3: Visual examples for the CXR-VQA Task

Table 4.5: Text-to-CXR: FID and classification accuracy.

Method | FID| | Classification Accuracy?
UniXGen [53] 106.17 67.2%
LLM-CXR [54] 73.29 68.6%
MedXChat (Ours) | 43.46 71.5%

Inception Distance (FID) and classification accuracy using a downstream
diagnostic classifier. Our model, MedXChat, achieves the lowest FID
score of 43.46, substantially outperforming UniXGen (106.17) and LLM-
CXR (73.29). This significant reduction in FID indicates that the syn-
thetic chest X-rays generated by MedXChat are much closer in distri-
bution to real CXR images, reflecting superior visual fidelity and text-
image alignment. To further assess clinical validity, a classifier trained
on real MIMIC-CXR images was used to evaluate the generated CXRs.
MedXChat again outperforms all baselines with a classification accuracy
of 71.5%, surpassing both LLM-CXR (68.6%) and UniXGen (67.2%). This
result implies that not only are the generated images visually similar
to real data, but they also preserve critical diagnostic information nec-
essary for downstream tasks. It demonstrates MedXChat’s strong ca-
pability in generating medically plausible images conditioned on clini-
cal prompts. Moreover, the consistently poor performance of the non-
LLM-based UniXGen across both metrics reinforces the conclusion that
LLM-based frameworks are better equipped to bridge the semantic gap
between complex clinical text and image content. These results, com-
bined with earlier evaluations in report generation and VQA, underscore
MedXChat's versatility and effectiveness as a unified multimodal medi-

cal assistant.
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{a) Normal CXR (b) Different severities (c) Different locations

P No pieura!eﬁusron C‘ardmmedras!mar Severe Mild Severe Mild
Lo orpi ette

is normal Cardiomegaly.  Cardiomegaly. Pneumonia. Pneumonia.
and contour.
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Figure 4.4: Visual examples showcasing our Text-to-CXR generation.
The delineated image regions correspond to the users’ prompts, expertly
identified by a trained Radiologist.

Left Edema. Right Edema. Bilateral Edema.

Table 4.6: Radiologist evaluation on 40 randomly selected generation
cases.

#Prefer / Total || Reports | CXRs
UniXGen [53] 1/20 | 7/20
LLM-CXR [54] 0/20 0/20
MedXChat (Ours) 19/20 | 13/20

Figure 4.4 presents compelling qualitative results that highlight MedX-
Chat’s superior capability in Text-to-CXR generation across multiple axes
of clinical relevance. Each column illustrates a different textual prompt
condition—ranging from normal findings (left), varying disease sever-
ity (middle), to spatial distribution of pathology (right). In all cases, the
model is able to synthesize highly realistic CXRs that align closely with
the specified clinical descriptors. One notable strength of our model is its
capacity to generate both posteroanterior (PA) and lateral-view CXRs—a
feature absent in existing methods such as LLM-CXR and UniXGen, which
are limited to PA views. This dual-view generation greatly enhances the
model’s potential in supporting real-world radiology workflows, where
lateral views are critical for diagnosing certain thoracic conditions. Fur-
thermore, the model’s responsiveness to subtle semantic differences in
prompts is particularly impressive. For instance, in the "Severe Car-
diomegaly" vs. "Mild Cardiomegaly" examples (Fig. 4.4, middle col-
umn), the generated heart silhouettes appropriately reflect variations in
heart size and contour. Similarly, the rightmost set of examples demon-
strates how MedXChat accurately differentiates between left, right, and
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bilateral edema, producing anatomically coherent features that reflect
these distinctions. Importantly, the red contour overlays in the figure
represent expert radiologist annotations, validating the alignment be-
tween generated pathologies and their intended textual descriptions. This
turther reinforces the clinical plausibility and controllability of our syn-
thesis process. Collectively, these qualitative results underscore MedX-
Chat'’s strength in translating nuanced medical text into diagnostically

meaningful images.

Radiologist Evaluation. To further validate the clinical effectiveness
of MedXChat, we conducted a blinded expert evaluation by a board-
certified radiologist, assessing 40 randomly selected samples that included
20 radiology reports and 20 posteroanterior (PA) CXR images generated
by MedXChat, UniXGen, and LLM-CXR, as summarized in Table 4.6.
Due to the inability of UniXGen and LLM-CXR to synthesize lateral-
view CXRs, only frontal-view generations were considered to ensure
a fair comparison. The evaluation results reveal a striking preference
for MedXChat: 95% of generated reports (19/20) and 65% of generated
CXRs (13/20) were favored over those from competing methods. In con-
trast, UniXGen received minimal preference (1 report and 7 CXRs), while
LLM-CXR was not preferred in any instance. These findings provide
strong evidence that our model not only produces clinically relevant and
coherent textual content but also generates realistic and diagnostically
meaningful CXR images. The radiologist’s overwhelming endorsement
underscores the potential of MedXChat as a reliable and interpretable Al
assistant in real-world medical settings.

4.4.3 Limitation

While MedXChat demonstrates superior performance across CXR-related
tasks, several limitations remain. First, the model’s reliance on the MIMIC-
CXR dataset may limit its generalizability to images from different in-
stitutions or imaging devices. Second, although our framework sup-
ports fine-grained CXR generation, ensuring clinical realism under di-
verse disease combinations or rare conditions remains a challenge. Lastly,

the instruction-tuning process, while effective, is dependent on synthetic
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dialogues, which may not fully capture real-world clinical interactions.
Future work will explore domain adaptation and the incorporation of
real physician-patient conversations to enhance model robustness and

usability.

4.5 Summary

This chapter introduces MedXChat, a unified multimodal large language
model framework tailored for comprehensive chest X-ray (CXR) analy-
sis. MedXChat seamlessly integrates three key tasks—CXR-to-Report,
CXR-VQA, and Text-to-CXR—within a single architecture. By leverag-
ing instruction tuning and fine-tuning strategies on both language and
image generation components, MedXChat effectively understands and
generates clinically relevant content from multimodal inputs. Extensive
experiments and expert evaluations validate its superiority over existing
approaches in diagnostic accuracy, language quality, and image fidelity,
demonstrating its strong potential as an Al assistant for medical imaging

applications.
Our contributions can be summarized as follows.

* We introduce MedXChat, a unified LLM framework that supports
both interpretive and generative functions for CXR images by facil-
itating the bidirectional exchange of information between medical
texts and CXR images. Our framework achieves superior perfor-
mance in CXR-to-Report, CXR-VQA, and Text-to-CXR tasks com-

pared to existing multimodal benchmarks.

* We have pioneered an innovative Text-to-CXR synthesis method
that leverages the instruction-following capabilities of an off-the-
shelf Stable Diffusion model. This approach preserves the fine-
grained feature generation essential for high-quality CXR imaging
while exploiting the robust generative power of a large pre-trained
model.

* MedXChat also extends its innovation to practical applications by
using natural language as input, thereby breaking traditional task
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boundaries. This unified approach simplifies the training process
for medical professionals by integrating diverse tasks into a sin-
gle environment, and it enhances clinical utility by providing rich
visual context that can support radiologist education and consulta-

tion.

* We have curated a substantial set of instructional data from the
MIMIC-CXR dataset, specifically tailored for Text-to-CXR genera-
tion. Moreover, we fine-tuned our Stable Diffusion model using a
comprehensive collection of medical data. All these resources will
be open-sourced to advance further research in medical image gen-
eration.



99

Chapter 5

Constructing A Unified
Vision-Language Model for
Chest X-Ray Diagnosis, Medical
Education, and Data

Augmentation

In this chapter, we present a systematic validation of MedXChat, a uni-
fied multimodal large language model framework meticulously designed
for CXR applications. MedXChat integrates three core functionalities—
disease diagnosis, medical education, and data augmentation—within a
coherent and complete architecture. To comprehensively assess its per-
formance and clinical applicability, we evaluate MedXChat using both
computational metrics and a structured clinical assessment conducted
by a panel of radiologists, comprising three junior radiologists with 3
years of experience, two senior radiologists with 7-10 years of experi-
ence, and one supervising radiologist with 25 years of experience. The
evaluation results demonstrate that MedXChat achieves high efficiency
and reliability across diverse diagnostic and educational tasks in real-

world healthcare scenarios.
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5.1 Introduction

In the previous chapter, we introduced MedXChat, a unified LLM frame-
work meticulously designed for CXR applications. Unlike existing sys-
tems that focus on isolated tasks, MedXChat integrates three comple-
mentary functionalities—disease diagnosis, medical education, and data
augmentation—within a single, coherent architecture. This design en-
ables the model to address a wide range of clinical and educational sce-
narios, from automated report generation and interactive VQA to high-
fidelity CXR image synthesis for training and algorithm development.
Such integration not only enhances the versatility of the system but also
facilitates cross-modal interactions, allowing information from one task
to inform and improve another. However, the validation of MedXChat
thus far has relied primarily on conventional computational metrics, which,
despite being widely adopted, exhibit several well-documented limita-
tions that may compromise the reliability and clinical relevance of the

evaluation.

Automated evaluation of text generation systems—such as those
developed for radiology report generation—typically involves compar-
ing generated reports with reference reports to assess semantic accu-
racy. Conventional natural language generation (NLG) metrics, such
as BLEU [67], remain the most frequently used tools for this purpose.
These metrics primarily quantify n-gram overlap between the gener-
ated and reference texts, providing a surface-level measure of similar-
ity. However, they often overlook deeper aspects of lexical variety, syn-
tactic diversity, and semantic equivalence, all of which are crucial for
accurately conveying clinical meaning. Prior studies [57] have repeat-
edly highlighted inherent limitations of such n-gram-based approaches.
First, because these metrics rely on rigid string-matching, they often
fail to handle paraphrasing effectively. For example, BLEU and ME-
TEOR [73] may disproportionately reward a particular phrasing while
penalizing semantically equivalent variations that deviate from the ref-
erence structure. To mitigate this, embedding-based methods such as
BERTScore [123] have been introduced, leveraging contextualized token
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representations to better capture semantic similarity beyond mere sur-

face form.

Moreover, capturing clinically relevant content poses another ma-
jor challenge. Standard NLG metrics often struggle to assess whether
critical diagnostic entities—such as lesion types, anatomical locations, or
severity indicators—are correctly identified and reported. Consequently,
researchers have increasingly paired these metrics with clinical informa-
tion extraction frameworks such as CheXbert [85] and RadGraph [42],
which produce F1 scores for clinically relevant entities or relationships.
This combination offers a more domain-aware perspective on evalua-
tion. Nevertheless, even when such metrics are combined, their align-
ment with expert human judgment remains suboptimal [57]. To address
this, RadCliQ [119] was proposed, linearly combining BLEU, BERTScore,
CheXbert, and RadGraph F1 scores, with weights learned from regres-
sion against human-marked error scores. While RadCliQ has shown im-
proved correlation with radiologists” assessments, its reliance on a lim-
ited and expensive set of human-annotated samples restricts scalability.
Furthermore, its scoring scheme inherently places more weight on errors
in clinical findings than on linguistic fluency, potentially overlooking is-
sues in readability, coherence, and overall narrative quality—factors that

directly influence clinical usability.

A similar challenge arises in the evaluation of medical image gen-
eration. One of the most widely adopted metrics in this domain is the
Fréchet Inception Distance (FID) [34], which measures the statistical dis-
tance between the feature distributions of generated and real images in
the Inception network’s embedding space. While FID has been highly in-
fluential in assessing generative adversarial networks (GANs) and other
natural image synthesis models, it is not inherently suited for medical
imaging tasks. First, the Inception model is pretrained on natural images
(ImageNet), which means its learned features are biased toward every-
day objects and textures rather than subtle pathological patterns—such
as microcalcifications or faint pulmonary opacities—that are critical for
accurate diagnosis. As a result, FID may rate two images as similar

despite clinically significant differences. Second, FID focuses on global
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distribution alignment and does not assess whether specific anatomical
structures or lesions are faithfully represented, potentially overestimat-
ing the quality of images that are visually appealing but diagnostically
misleading. Third, FID scores are highly sensitive to dataset size and
distribution, producing unstable results when the number of generated
samples is small or when class imbalance exists—common scenarios in
rare disease modeling and specialized radiology datasets. Furthermore,
FID does not account for clinical task performance: a generated image
could achieve a low FID score yet still fail to support downstream diag-

nostic tasks.

These limitations underscore a broader challenge: evaluation met-
rics developed for open-domain text or natural images often fail to cap-
ture the nuanced, domain-specific requirements of medical Al systems.
For a unified framework like MedXChat—which spans both text-based
and image-based modalities—exclusive reliance on such generic metrics
risks underestimating or misrepresenting its true clinical value. Rigor-
ous validation, therefore, demands domain-adapted, task-aware, and
clinically interpretable evaluation frameworks that jointly assess seman-

tic correctness and diagnostic relevance.

To this end, we adopted a dual evaluation strategy for MedXChat.
Conventional computational metrics were retained to provide quanti-
tative benchmarks, while a structured clinical evaluation was conducted
to ensure that the results reflected real-world applicability and reliability.
A panel of six radiologists—comprising three junior radiologists with 3
years of experience, two senior radiologists with 7-10 years of experi-
ence, and one supervising radiologist with 25 years of expertise— sys-
tematically reviewed and scored MedXChat’s outputs across automated
report generation, VQA, and high-fidelity CXR synthesis, following pre-
defined clinical criteria. The evaluation revealed that MedXChat not
only achieved strong performance on computational benchmarks but
also demonstrated high efficiency and robust reliability in expert assess-
ments, confirming its feasibility and clinical potential across diverse di-
agnostic scenarios. Beyond these quantitative and expert-driven assess-
ments, feedback from the six participating radiologists also highlights
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MedXChat'’s strong potential for medical education. Through hands-
on use across the three core tasks—report generation, VQA, and CXR
synthesis—the clinicians noted that the model provides clear reasoning,
clinically aligned explanations, and diverse examples that can support
trainees in understanding diagnostic patterns and refining interpretive
skills. Their evaluations indicate that MedXChat not only performs re-
liably in clinical contexts but also offers meaningful pedagogical value
by facilitating interactive learning and enabling medical students to en-
gage with complex radiological concepts in a structured and accessible

manner.

5.2 Method

5.2.1 Model Recap and Evaluation

As illustrated in Figure 5.1, MedXChat is developed as a unified mul-
timodal large language model tailored for CXR-related applications. It
supports three complementary core functionalities: CXR-to-Report auto-
mated report generation, CXR-VQA interactive visual question answer-
ing, and Text-to-Image high-fidelity CXR image synthesis. By integrat-
ing these capabilities within a single coherent architecture, MedXChat is
capable of addressing diverse clinical and educational scenarios. The
system is designed for both professional use—including radiologists,
clinicians, and medical students—and non-professional use, such as by
patients, caregivers, and healthcare agencies, thus accommodating mul-
tiple user roles and bridging the gap between expert-driven diagnostics
and broader public accessibility.

The model construction process involves comprehensive dataset in-
tegration, targeted model fine-tuning, and task-specific adaptation. For
report generation, MedXChat is trained on the MIMIC-IV dataset; for
CXR-VQA, it leverages the MIMIC-CXR-VQA dataset; and for image
synthesis, it utilizes the MIMIC-IV dataset augmented with a synthetic
“MIMIC-T2II” dataset generated via a large language model to enrich
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Figure 5.1: The study workflow for MedXChat development and evalu-
ation.

training diversity. A Stable Diffusion backbone is incorporated for pro-
ducing high-quality, realistic CXR images. These task-specific compo-
nents are seamlessly unified under the multimodal LLM framework, en-
abling the model to be jointly fine-tuned for robust performance across
all three task domains—thereby enhancing both cross-task generaliza-

tion and modality-specific optimization.

Performance evaluation follows a dual-assessment strategy, com-
bining quantitative computational metrics with qualitative expert clin-

ical assessment. Computational evaluation employs AUC-ROC and F1
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scores for text-based tasks, and FID together with downstream classi-
fication accuracy for assessing image synthesis quality and diagnostic
utility. Complementing these automated measures, a structured clini-
cal evaluation is conducted by a panel of six radiologists: three junior
radiologists (3 years of experience), two senior radiologists (7-10 years
of experience), and one supervising radiologist (25 years of experience).
The experts systematically score MedXChat'’s outputs for accuracy, clar-
ity, and clinical relevance across all tasks. Evaluation results consistently
show that MedXChat outperforms strong baselines, demonstrating high
efficiency, diagnostic reliability, and adaptability across real-world diag-

nostic and educational scenarios.

5.2.2 Dataset Construction

Figure 5.2 presents an overview of the dataset selection and prepara-
tion pipeline for the three tasks evaluated in this study: CXR-to-Report
generation, CXR-VQA, and Text-to-Image synthesis. Each task utilizes
data derived from the MIMIC-CXR dataset, with task-specific process-
ing, sampling, and filtering to ensure consistency, clinical relevance, and

training efficiency.

For the CXR-to-Report task, we employed the MIMIC-CXR dataset—
the largest publicly available chest radiography dataset—comprising 377,
110 images from 227,835 radiographic studies conducted at Beth Israel
Deaconess Medical Center, Boston, MA. Each study includes DICOM-
format images and corresponding free-text radiology reports. The dataset
covers 14 diagnostic categories, including pneumonia, cardiomegaly, at-
electasis, pleural effusion, and others. Some studies contain both PA and
lateral views. To ensure consistency across experiments, we adhered to
the official train/validation/test splits released with the dataset.

During preprocessing, we excluded samples with missing reports,
low-resolution images, or ambiguous labels. Furthermore, we applied
stratification to maintain balanced disease distribution across subsets,
mitigating potential bias toward more common pathologies. After filter-
ing, the final dataset for this task includes 270,790 image-report pairs for
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Figure 5.2: Flowchart illustrates the dataset preparation and training
workflow for MedXChat. After excluding incomplete, poor-quality, and
unclearly labelled data selected from the MIMIC-CXR dataset, 19,271
paired images and reports were processed for visual question answer-
ing (VQA) using GPT-4. Additionally, 2,652 paired images and reports
were used to generate instructional dialogues for image synthesis. The
data was split into three training sets: MIMIC-IV for report generation,
MIMIC-VQA for question answering, and MIMIC-T2II for text-to-image
synthesis, with distinct evaluation sets.

training.

For the CXR-VQA task, we adopted the data construction method
from LLM-CXR [54], selecting 19,217 paired images and reports from
MIMIC-CXR. These pairs were further processed using GPT-4, guided
by instruction prompts adapted from the ELIXR benchmark [114]. Each
image-report pair was used to generate multiple VQA samples, address-
ing key diagnostic questions across four dimensions: presence, location,
size, and severity/type of radiological findings. The final dataset con-
sists of 54,138 image-question-answer triplets for training, offering a rich
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Table 5.1: The computational metrics and two-level radiologists” evalu-
ation criteria to compare the performance of MedXChat with other LLM
models in multitasks.

Compared | Computational . . . . . .
Task Models Metrics Junior Radiologists Senior Radiologists
1. Accuracy (impression and lesion localization)
2. Detail (complete structures and description)
3. Location (left/right, lower/upper)
LLM-CXR AUC 0= non—cqmphant ) 4. SeverAlty (mild, moc.:ler‘ate, sevelje) )
CXR-to-Report ) 0.5 = partially compliant | 5. Consistency (descriptions and impressions)
UniXGen F1 . L7
1 = fully compliant 6. Tone (objective)
7. Comparison (clinical history)
8. Terminology (medical terms and grammar)
Scoring each item from 0 to 10 points
XrayGPT .
RadFM 0 = non-compliant
CXR-VQA Accuracy 0.5 = partially compliant None
LLM-CXR 1 = full liant
LLaVA-Med - fully complan
1. Consistency (alignment with the report)
0 = non-compliant 2. Clarity (sharpness/contrast)
LLM-CXR | FID - omp . 3. Integrity (completeness of chest structures)
Text-to-CXR R P 0.5 = partially compliant . e
UniXGen Classification 1 = fully compliant 4. Centering (symmetry and central positioning)
= fully comp 5. Recognizability (identifiability of lesions)
Scoring each item from 0 to 10 points

resource for evaluating multimodal understanding.

For the Text-to-Image generation task, we created a specialized in-
struction dataset tailored for image synthesis in the clinical domain. From
the 14 disease categories in MIMIC-CXR, we sampled 200 reports per cat-
egory, resulting in 2,652 unique reports. Each report was processed using
GPT-4 with carefully crafted instruction prompts to simulate three inter-
active dialogues per report, generating medically grounded instructions
for chest X-ray image synthesis. This yielded a total of approximately
7,500 instruction-dialogue pairs for training.

For radiologist evaluation, we randomly selected 50 CXRs for report
generation and 48 CXRs evenly sampled from six disease categories—
No Findings, Pneumothorax, Edema, Pleural Effusion, Consolidation/
Pneumonia, and Lung Lesion (eight CXRs per category) —for question
answering on Presence, Location and Size, Severity, and Type. In addi-

tion, 50 generated CXRs derived from dialogues were included.
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5.3 Radiologists” Evaluation

5.3.1 Evaluation Implementation

As shown in Table 5.1, we evaluated the performance of MedXChat through
both computational metrics and an expert panel consisting of 6 radiol-
ogists. An expert panel of six board-certified radiologists was invited
to assess the clinical quality of outputs, while standard computational
metrics were used to benchmark performance across three core tasks:
CXR-to-Report, CXR-VQA, and Text-to-Image generation.

We conducted a comprehensive expert evaluation involving six board-
certified radiologists to assess the clinical quality of outputs generated
by MedXChat and baseline models. The panel included three junior ra-
diologists (XX1, XX2, XX3, each with 3 years of experience), two senior
radiologists (XX4, XX5, with 7-10 years of experience), and one super-
visor radiologist (XX6, with 25 years of experience). Junior radiologists
independently ranked for results generated by UniXGen, LLM-CXR, and
our model. Senior radiologists evaluated the detailed criteria of gener-
ated reports and images. The supervisor radiologist resolved any uncer-
tain scores and biases. All evaluations were performed in a blinded set-
ting—radiologists were unaware of which model generated which out-
put. Scores were assigned using a standardized 3-point scale: 0 for non-

compliant, 0.5 for partially compliant, and 1 for fully compliant.

For the CXR-to-Report task, we selected 50 generated reports from
UniXGen, LLM-CXR, and our MedXChat model, consistent with the setup
used in the computational evaluation. In the first phase, three junior ra-
diologists independently scored each report based on its overall clinical
coherence and informativeness. In the second phase, two senior radiol-
ogists evaluated each report using eight criteria, including accuracy, de-
tail, lesion localization, severity assessment, internal consistency, tone,
clinical comparison, and terminology usage. Scores that diverged by
more than 0.3 between raters were reviewed and resolved by the super-

visor radiologist.
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In the CXR-VQA task, 48 image-question pairs were evaluated, cov-
ering six common clinical categories: Pneumothorax, Edema, Pleural Ef-
fusion, Consolidation/Pneumonia, Lung Lesion, and No Findings. The
two senior radiologists and the supervisor each led a team of three junior
radiologists, and all groups independently rated the answers generated
by MedXChat and four baseline models: LLM-CXR, XrayGPT, RadFM,
and LLaVA-Med. The scoring followed the ELIXR framework, consid-
ering the presence, location and size, severity, and type of each radio-

graphic finding.

For the Text-to-Image task, 50 freestyle CXR reports were randomly
selected from the MIMIC-CXR dataset and used to generate images with
UniXGen, LLM-CXR, and MedXChat. The evaluation followed a two-
phase process. First, three junior radiologists scored each image holisti-
cally. Then, two senior radiologists rated the images across five detailed
criteria: alignment with the report, visual clarity, anatomical complete-
ness, centering, and recognizability of key abnormalities. Discrepancies
above 0.3 points were re-assessed by the supervisor. To further verify
clinical fidelity, we also trained a diagnostic classifier on real CXRs and
tested its performance on the generated images to evaluate whether they
preserved diagnostic cues.

5.3.2 Evaluation Results
CXR-to-Report

As shown in Figure 5.3 (top), MedXChat achieved consistently superior
performance in the radiologist-based evaluation compared to baseline
models. The three junior radiologists assigned MedXChat an average
score of 0.51, substantially higher than 0.26 for UniXGen and 0.18 for
LLM-CXR. This performance gap was evident across all three evaluators:
Radiologistl scored MedXChat at 0.38 versus 0.31 (UniXGen) and 0.22
(LLM-CXR); Radiologist2 rated MedXChat at 0.43 compared to 0.21 and
0.18; and Radiologist 3 gave the highest score to MedXChat at 0.67, more
than double the ratings for both baselines.
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Figure 5.3: The overall evaluation scores of 50 generated reports for
the CXR-to-Report task across three models (UniXGen, LLM-CXR, and
MedXChat). The top panel shows a 3-point scoring evaluation con-
ducted by 3 junior radiologists, while the bottom panel presents a more
in-depth analytical scoring performed by 2 senior radiologists.

These results suggest that the reports generated by MedXChat were
consistently perceived as more clinically coherent, factually accurate, and
faithful to the corresponding chest X-ray content. The substantial advan-
tage over LLM-CXR and UniXGen across multiple raters also indicates
greater inter-radiologist agreement in favor of MedXChat, implying that
its outputs are not only individually convincing but also broadly accept-
able across different reviewers. This level of consensus is crucial in med-
ical Al applications, where reproducibility and trustworthiness are as

important as raw accuracy.

Moreover, weighted scoring by senior radiologists further reinforced
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MedXChat'’s superiority in free-text report generation, with particularly
high ratings in critical evaluation dimensions. As shown in Figure 5.3
(bottom), MedXChat achieved top scores in accuracy (0.76), detail (0.75),
and consistency (0.89), indicating that its generated reports not only con-
tained correct clinical information but also presented it with sufficient
granularity and maintained logical coherence throughout. These strengths
are essential for ensuring that Al-generated reports are reliable for clini-

cal decision-making.

Beyond these top-performing dimensions, MedXChat also demon-
strated strong results in terminology usage (0.77) and tone (0.76), sug-
gesting that it is capable of adopting professional and context-appropriate
language when conveying radiological findings. While its scores in lo-
cation (0.57), severity description (0.58), and comparative analysis (0.66)
were slightly lower, they still exceeded those of both baseline models,
reflecting MedXChat'’s ability to capture nuanced spatial and temporal

aspects of disease presentation.

In contrast, LLM-CXR and UniXGen consistently scored lower across
all categories, with particularly notable deficiencies in consistency (0.08
and 0.73 for LLM-CXR and UniXGen, respectively) and accuracy (0.25
and 0.56, respectively). These results highlight the limitations of the
baselines in faithfully capturing and articulating clinical findings, of-
ten leading to fragmented or imprecise narratives. The marked perfor-
mance gap across nearly all dimensions underscores MedXChat’s more
advanced capability in aligning generated content with clinical expecta-
tions, both in factual correctness and in the stylistic and structural quali-

ties valued by expert radiologists.

CXR-VQA

As illustrated in Figure 5.4, MedXChat consistently outperformed all
competing models across a wide range of disease categories and VQA
types. This superiority is evident in both high-prevalence conditions
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Figure 5.4: Graph compares the CXR-VQA performance across various
models (XrayGPT, RadFM, LLM-CXR, LLaVA-Med, and MedXChat).
The top two rows present evaluations for report generation tasks, cov-
ering clinical impressions such as pneumothorax, edema, pleural effu-
sion, consolidation/pneumonia, lung lesions, and no findings. The bot-
tom row focuses on VQA-specific tasks, including presence, location,
and size/severity/type classification. Each subfigure shows the average
scores along with the variance as assessed by three radiologist groups.

and more complex, nuanced diagnostic queries. For example, MedX-
Chat achieved the highest question-answering accuracy for Pneumotho-
rax (0.58), Edema (0.73), and Pleural Effusion (0.80), representing signifi-
cant improvements over the second-best model, LLaVA-Med, which ob-
tained 0.54, 0.58, and 0.60, respectively. These results indicate that Med X-
Chat is particularly adept at recognizing and reasoning about patholo-
gies with diverse visual manifestations, from localized air leaks to fluid

accumulation in the lungs and pleural space.
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MedXChat also maintained robust performance across other cate-
gories, including Consolidation/Pneumonia (0.61) and Lung Lesion (0.52),
both of which are considered challenging due to their overlapping ra-
diographic features with other thoracic conditions. In No Finding cases,
where accurate exclusion of pathology is essential to avoid unnecessary
follow-up tests, MedXChat achieved 0.72, ranking among the top mod-
els and showing a balanced ability to detect both abnormal and normal
presentations. This balanced performance is important in clinical prac-
tice, as overdiagnosis can be as problematic as underdiagnosis, leading
to patient anxiety and increased healthcare costs.

Performance gains were not limited to disease detection alone. In
location-specific questions, which are critical for assessing the diagnostic
precision of Al models, MedXChat achieved an accuracy of 0.62, surpass-
ing LLM-CXR (0.52) and LLaVA-Med (0.53). This demonstrates its en-
hanced capability to localize pathological findings within CXR images, a
key factor for clinical workflows such as surgical planning or targeted
interventions. Similarly, in size, severity, and type questions—which
require the model to interpret quantitative and qualitative aspects of a
pathology—MedXChat attained 0.71, notably higher than LLaVA-Med
(0.64) and LLM-CXR (0.55). Such questions demand a deeper semantic
and visual understanding, suggesting that MedXChat excels not only in

binary classification but also in fine-grained, multi-attribute reasoning.

In the presence category, which requires determining whether a spe-
cific abnormality exists in the image, Med XChat scored 0.65, outperform-
ing all baselines. This ability to reliably confirm or rule out conditions
based on visual cues underlines the model’s potential as a trustworthy
assistant for radiologists. Furthermore, its consistently higher accuracy
across both disease-specific and generic VQA categories suggests that
the model has developed a more generalized and transferable under-
standing of chest X-ray interpretation, rather than overfitting to specific,

narrowly defined tasks.

Overall, these results underscore MedXChat’s capability to bridge
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Figure 5.5: The overall evaluation scores of 50 generated CXRs for
the Text-to-Image task across three models (UniXGen, LLM-CXR, and
MedXChat). The top panel shows a 3-point scoring evaluation con-
ducted by 3 junior radiologists, while the bottom panel presents a more
in-depth analytical scoring performed by 2 senior radiologists.

the gap between visual perception and clinical reasoning in radiology-
focused VQA tasks. By demonstrating strong performance in both ab-
normality detection and fine-grained diagnostic reasoning, MedXChat
shows promise for integration into real-world diagnostic workflows, where
accuracy, interpretability, and generalization are critical. Its robust han-
dling of diverse question types also opens avenues for applications in
medical education, clinical decision support, and Al-assisted reporting.
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Text-to-Image

As illustrated in Figure 5.5 (top), MedXChat consistently outperformed
the comparison models in the radiologists’ evaluation of generated CXR
images. The quantitative results from junior radiologists reveal that MedX-
Chat achieved an average score of 0.67, markedly surpassing LLM-CXR
(0.43) and UniXGen (0.30). This substantial margin indicates that, even
among evaluators with relatively less clinical experience, MedXChat is
capable of producing outputs that are perceived as more accurate, co-
herent, and diagnostically valuable. Such performance among junior
radiologists is particularly noteworthy, as it suggests that MedXChat-
generated images possess a clarity and fidelity that can bridge potential

expertise gaps in early-career practitioners.

The evaluations conducted by senior radiologists, shown in Fig-
ure 5.5 (bottom), further corroborate these findings. MedXChat achieved
the highest scores across all examined criteria, with notable performance
in consistency with the corresponding report (0.80) and recognizability
of clinical findings (0.82). These results indicate that MedXChat excels
not only in replicating the semantic content of textual descriptions but
also in ensuring that the synthesized images contain diagnostically rel-
evant features in a clear and interpretable form. This is a crucial ad-
vantage in clinical decision-making, where the interpretability of visual

evidence is as important as its visual realism.

In contrast, LLM-CXR attained comparatively modest scores of 0.34
for consistency and 0.41 for recognizability, while UniXGen recorded
substantially lower values of 0.19 and 0.17, respectively. These discrep-
ancies highlight the limitations of existing baseline approaches, partic-
ularly in integrating textual context into image synthesis in a manner
that preserves clinical semantics and visual clarity. The observed perfor-
mance gap suggests that MedXChat'’s architectural design and training
paradigm confer a tangible advantage in aligning image generation with

clinically relevant attributes.

From a broader perspective, these findings underscore the capac-

ity of MedXChat to produce chest X-ray images that are both clinically
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faithful and visually interpretable from textual descriptions. This dual fi-
delity—to textual accuracy and to diagnostic usability—positions Med X-
Chat as a promising tool for diverse applications, including clinical train-
ing, decision support, and dataset augmentation for downstream tasks.
Moreover, its robust performance across both junior and senior evalua-
tors suggests a generalizability that could facilitate adoption in hetero-
geneous clinical environments, ultimately contributing to improved di-
agnostic consistency and efficiency.

5.4 Computational Evaluation

To facilitate a direct comparison between radiologists” evaluations and
conventional quantitative metrics, we conducted computational assess-
ments across the three tasks using the same subdataset provided to the
radiologists. This approach ensured that both human and algorithmic
evaluations were performed on an identical data basis, enabling a fair
and consistent comparison. Specifically, the computational evaluations
quantified model performance using established metrics—such as AUC,
F1 scores (in Micro, Macro, and Weighted forms), and task-specific indi-
cators—while the radiologists” assessments captured clinical validity, in-
terpretability, and practical usability. By aligning the evaluation datasets
and procedures, we aimed to bridge the gap between statistical perfor-

mance and real-world diagnostic value.

5.4.1 Evaluation Implementation

For the CXR-to-Report task, 50 chest X-ray images from the MIMIC-CXR
dataset were selected and generated reports using UniXGen, LLM-CXR,
and our MedXChat model, we measured the model’s ability to identify
and describe radiological findings using AUC and F1 scores. These met-
rics were reported in Micro, Macro, and Weighted forms to account for
class imbalance and ensure fair comparisons. Evaluations focused on
six clinically relevant diagnostic categories: No Findings, Pneumoth-
orax, Edema, Pleural Effusion, Consolidation/ Pneumonia, and Lung

Lesion. In addition, we evaluated natural language processing (NLP)
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Table 5.2: AUC of 50 generated reports for CXR-to-Report performance
across six diagnostic categories.

AUCT UniXGen | LLM-CXR | MedXChat
Micro 0.534 0.578 0.632
Macro 0.502 0.522 0.603
Weighted 0.514 0.550 0.614
No Finding 0.543 0.587 0.613
Pneumothorax 0.505 0.502 0.556
Edema 0.522 0.589 0.638
Pleural Effusion 0.516 0.619 0.792
Consolidation/Pneumonia 0.495 0.524 0.557
Lung Lesion 0.506 0.481 0.526

metrics—BLEU, ROUGE, METEOR, and CIDEr—and compared our re-
sults with those obtained by existing report generation models, includ-
ing M2Transformer, R2ZGEN, and other state-of-the-art approaches.

For the CXR-VQA task, 48 generated image-question pairs were eval-
uated, we adopted the evaluation protocol from ELIXR [114], which uses
a GPT-based evaluator to assess model responses based on correctness
and clinical relevance. This setup allows direct comparison with recent
multimodal LLMs such as LLM-CXR [54], XrayGPT [91], RadFM [92],
and LLaVA-Med [55].

In the Text-to-Image task, 50 freestyle CXR reports were randomly
selected, we evaluated image generation quality using two metrics. First,
we calculated the Fréchet Inception Distance (FID), which measures sim-
ilarity between generated and real medical images. Second, we per-
formed a downstream classification task using a pretrained CXR clas-
sifier to verify whether the generated images retained diagnostic utility.
MedXChat'’s performance was compared with UniXGen [53] and LLM-
CXR [54] in this setting.

5.4.2 Evaluation Results

In the CXR-to-Report task, MedXChat exhibited a consistent and sub-
stantial performance advantage over both LLM-CXR and UniXGen across

all evaluated metrics, as summarized in Table 5.2 and Table 5.3. In terms
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Table 5.3: F1 Scores of 50 generated reports for CXR-to-Report perfor-
mance in six diagnostic categories.

F11 UniXGen | LLM-CXR | MedXChat
Micro 0.203 0.256 0.347
Macro 0.159 0.212 0.292
Weighted 0.180 0.233 0.314
No Finding 0.404 0.418 0.438
Pneumothorax 0.048 0.056 0.092
Edema 0.316 0.344 0.398
Pleural Effusion 0.155 0.387 0.718
Consolidation/Pneumonia 0.124 0.148 0.177
Lung Lesion 0.034 0.046 0.059

Table 5.4: NLP Metrics of 50 generated reports for CXR-to-Report per-
formance.

Methods [ BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr
Show-Tell [99] 0308 0190 0125 0.088 0256 0122 0.09%
Att2in [75] 0314 0198 0133 0095 0264 0122 0.106
AdaAtt [62] 0314 0198 0132 0094 0267 0128  0.131
Transformer [97] 0316 0199 0140  0.092 0267 0129  0.134
M2transformer [17] | 0332 0210 0142 0101  0.264 0134  0.142
"R2Gen [14] | 0353 0218 0145 0103 0277 0142  0.141
PPKED [60] 036 0224 0149 0106 0284 0.149  0.237
R2GenCMN [13] 0353 0218 0148 0106 0278 0142  0.143
GSK [117] 0363 0228  0.156 0115  0.284 - 0.203
LLM-CXR[54] || 0196  0.095 0054 0033 0245 0081 0445
LLaVA-Med [55] 0232  0.08 0027 0009 0168 0.082  0.015
UniXGen-256 [53] 0365 0227  0.147 0101  0.294 0156  0.138
MedXChat (Ours) 0367 0235 0158 0111  0.264 0135  0.175

of AUC, which reflects the model’s ability to distinguish between pos-
itive and negative cases across varying decision thresholds, MedXChat
achieved the highest weighted AUC score of 0.614, surpassing LLM-CXR
(0.550) by 0.064 and UniXGen (0.514) by 0.100. Similar trends were ob-
served in micro AUC (0.632 for MedXChat vs. 0.578 for LLM-CXR and
0.534 for UniXGen) and macro AUC (0.603 for MedXChat vs. 0.522 for
LLM-CXR and 0.502 for UniXGen). These improvements demonstrate
MedXChat'’s ability to maintain both high overall accuracy and balanced
diagnostic coverage across categories with different prevalence levels.

Performance gains were equally evident when evaluating F1 scores,
which jointly consider precision and recall, offering a more informative

assessment in multi-class and imbalanced data scenarios. MedXChat
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reached a weighted F1 of 0.314, notably higher than LLM-CXR (0.233)
and UniXGen (0.180). Improvements were also present in micro F1 (0.347
vs. 0.256 for LLM-CXR and 0.203 for UniXGen) and macro F1 (0.292 vs.
0.212 for LLM-CXR and 0.159 for UniXGen), indicating that the model
delivers more consistent precision—recall trade-offs across both common
and rare diagnostic labels.

A breakdown by individual diagnostic category reveals where these
advantages are most pronounced. For Pleural Effusion, MedXChat achieved
an AUC of 0.792 and an F1 of 0.718, representing not only the high-
est scores across all systems but also a substantial leap in detection re-
liability. Similarly, for Edema, the model recorded an AUC of 0.638
and an F1 of 0.398, showing notable improvements over both baselines
in a condition that often presents subtle radiographic manifestations.
For No Finding, MedXChat maintained competitive performance (AUC
0.613, F1 0.438), suggesting that its capability to avoid false positives is
not compromised by its improved abnormality detection. Gains were
also consistent in Pneumothorax (AUC 0.556, F1 0.092), Consolidation/
Pneumonia (AUC 0.557, F1 0.177), and Lung Lesion (AUC 0.526, F1 0.059),
highlighting the model’s robustness even in challenging, low-prevalence
categories where baseline systems often struggle.

The NLP metrics are reported in Table 5.4. In addition to large mul-
timodal generation models, we also include conventional methods de-
signed solely for text generation. As shown, our model achieves the
highest BLEU scores (BLEU-1 to BLEU-4) among nearly all competing
methods, reflecting substantial n-gram overlap between our generated
reports and the ground truth. Compared with LLM-CXR— the only
other approach capable of performing all three tasks within a unified
framework—our model demonstrates clear superiority across all NLP
metrics except CIDEr. The notably high CIDEr score of LLM-CXR may
be attributable to its distinct evaluation protocol, which focuses on the
impression section rather than the complete report. Our model also sur-
passes UniXGen [53] in all BLEU scores and CIDEr. When compared
with conventional methods, our approach leads in BLEU-1 to BLEU-3,
with only a marginal gap behind GSK in BLEU-4. While our ROUGE
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Table 5.5: Accuracy of 48 generated VQA for CXR-VQA perfor-
mance across six diagnostic categories (values slightly perturbed for
anonymization).

Diagnosis | XrayGPTt | RadFMt | LLM-CXRt [ LLaVA-Med | MedXChat (Ours)
All 24.9% 33.4% 45.2% 52.6% 61.8%
No Findings 43.1% 60.7% 72.0% 38.2% 51.5%
Pneumothorax 19.5% 22.9% 23.1% 53.7% 57.8%
Edema 27.0% 30.8% 54.5% 59.1% 73.4%
Pleural Effusion 19.7% 27.1% 52.9% 61.0% 78.5%
Consolidation / Pneumonia 24.3% 33.9% 39.6% 55.8% 50.7%
Lung Lesion 17.8% 41.2% 49.5% 38.1% 39.1%

scores are average, we outperform most baselines in METEOR and CIDEr.

Table 5.5 presents the accuracy of different models on the CXR-VQA
task across six diagnostic categories, with values slightly perturbed for
anonymization. Overall, MedXChat demonstrates a clear performance
advantage, achieving the highest average accuracy of 61.8% on the “All”
category, substantially outperforming LLaVA-Med (52.6%), LLM-CXR
(45.2%), RadFM (33.4%), and XrayGPT (24.9%). This indicates that MedX-
Chat delivers stronger stability and generalization in the VQA setting.
At the category level, MedXChat shows particularly strong results in
Pneumothorax (57.8%), Edema (73.4%), and Pleural Effusion (78.5%),
achieving substantial gains over competing models in these clinically
significant and sometimes challenging diagnostic categories. For exam-
ple, in Pleural Effusion, MedXChat outperforms the second-best model,
LLaVA-Med (61.0%), by more than 17 percentage points, highlighting its
capability to capture subtle radiographic differences. However, the table
also reveals cases where other models lead. In No Findings, LLM-CXR
achieves the highest accuracy (72.0%), with MedXChat ranking third at
51.5%, suggesting that some specialized models retain an advantage in
recognizing normal cases. Similarly, for Lung Lesion, RadFM (41.2%)
and LLM-CXR (49.5%) outperform MedXChat (39.1%), indicating that
this category remains challenging, potentially due to limited training

coverage or more complex lesion characteristics.

In the Text-to-CXR image generation task, MedXChat also outper-
formed baseline models in Fig 5.6. 50 generated CXRs through MedX-
Chat achieved a FID score of 41.24, significantly lower than LLM-CXR
(77.68) and UniXGen (98.25), indicating a closer alignment between the
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Table 5.6: FID and classification accuracy of 50 generated CXRs for Text-
to-CXR performace.

Method | FID| | Classification Accuracy?t
UniXGen [53] 98.25 67.5%
LLM-CXR [54] 77.68 67.9%
MedXChat (Ours) || 41.24 73.2%

distribution of generated and real CXR images. This suggests that MedX-
Chat generates more realistic and diagnostically coherent chest X-rays
in response to textual descriptions. Furthermore, when evaluated on a
downstream classification task, MedXChat achieved a diagnostic accu-
racy of 73.2%, outperforming LLM-CXR (67.9%) and UniXGen (67.5%).
This result highlights Med XChat’s potential in producing clinically mean-
ingful images that retain essential diagnostic features, thereby support-
ing its use in decision support, education, and data augmentation for

medical imaging tasks.

5.4.3 Correlation with Radiologists” Evalutation
Scatter Graph

To compare computational evaluation with radiologists” evaluation, we
plotted scatter graphs on the sampled dataset for three tasks. Specifi-
cally, for the report generation task, we used BLEU-4 and F1 scores; for
the VQA task, we used accuracy; and for the CXR synthesis task, we
used FID and downstream classification accuracy. These computational
metrics were paired with radiologists” scores to visualize their distribu-

tions and investigate the correlations between them.

CXR-to-Report. Fig. 5.6 presents scatter graphs illustrating the rela-
tionship between the original BLEU and F1 scores and radiologists’ rat-
ings for the same set of generated reports. The x-axis in each subfigure
represents the computational metric (BLEU-4 in the top panel and F1
in the bottom panel), while the y-axis depicts the corresponding human
ratings, with discrete values of 0, 0.5, and 1. From the BLEU-4 plot, we
observe that many reports with relatively low BLEU-4 scores (e.g., <0.10)
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Figure 5.6: Scatter graphs show the relationship between BLEU/F1 score
and the Radiologists” evaluation in the CXR-to-Report task, respectively.

still receive “Medium” (0.5) or even “High” (1) ratings from radiologists,
indicating that BLEU-4 may undervalue certain clinically acceptable re-
ports. In contrast, the F1 score, which is computed based on the overlap
of clinically relevant findings, shows a stronger alignment with human
evaluation. Reports with low F1 scores (<0.20) are far less likely to be
rated as “Medium” or “High” by radiologists, suggesting that F1 better
reflects clinical correctness and the presence/absence of key diagnostic
observations. This alignment highlights the importance of incorporating
clinically informed evaluation metrics when assessing radiology report

generation models.
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Figure 5.7: Scatter graphs show the relationship between ELIXR score
and the Radiologists” evaluation in the CXR-VQA task.

CXR-VQA. Fig. 5.7 shows scatter plot illustrating the relationship be-
tween ELIXR’s automated scores and radiologists” evaluations. The x-
axis represents ELIXR scores at three discrete levels (0 = Low, 0.5 = Medium,
1 = High), while the y-axis shows radiologists’ ratings using the same
scale. Each shape—color combination corresponds to a score category:
red circles for Low, blue squares for Medium, and green triangles for
High. The distribution reveals a generally positive association between
automated and human evaluations: higher ELIXR scores tend to align
with higher radiologists’ ratings. However, several points deviate from
the diagonal trend, indicating discrepancies between computational and

expert assessments.

Text-to-Image. Fig. 5.8 presents scatter plots illustrating the relation-
ship between computational evaluation metrics for CXR synthesis and
corresponding radiologists’ ratings. The top panel shows the correlation
between the FID and human evaluation, while the bottom panel exam-
ines classification accuracy on a downstream diagnostic task. For each
subfigure, the x-axis represents the computational metric (FID in the top
panel, classification accuracy in the bottom panel), and the y-axis depicts
radiologists” discrete ratings (0 for “Low,” 0.5 for “Medium,” and 1 for
“High”).
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Figure 5.8: Scatter graphs show the relationship between FID socre/ Ac-
curacy of downstream classification task and the Radiologists” evalua-
tion in the Tect-to-Image task, respectively.

From the FID plot, we observe that images with relatively high FID
scores (e.g., >45, indicating lower visual fidelity) can still receive “Medium”
or “High” ratings from radiologists, suggesting that FID alone may un-
dervalue certain clinically acceptable images. Conversely, the classifi-
cation accuracy plot shows a stronger alignment with human judgment
—images with low classification accuracy (<0.70) are rarely rated as “Med-
ium” or “High,” while those with accuracy above 0.85 predominantly
achieve the top rating. This suggests that classification accuracy, by di-
rectly measuring the preservation of disease-relevant features, may bet-
ter capture the clinical utility of synthesized CXRs than FID.
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Table 5.7: Evaluation of Pearson correlation and p-value.

BLEU-4 ROUGE METEOR CIDEr AUC F1 VQA
Pearson correlation 0.042 0.061 0.063 0.058 0.256 0.244 0.935
p-value 0.774 0.424 0.408 0.548 0.037 0.046 | 2.7 x 10~2

Pearson correlation.

Pearson’s correlation coefficient r measures the strength and direction of

a linear association between two continuous variables. It is defined as

- i (xi — %) (vi —7)
VI (i — 02 VY (vi — )

with r € [—1,1]. Statistical significance is assessed by a two-sided test of

Hp : r = 0 using
rvn—2
t = —/——, df =n -2,
Vi-r

from which the p-value is obtained. The quantity 7> approximates the
proportion of variance explained by a linear relationship. The Table 5.7
shows the Pearson correlation coefficients and corresponding two-sided
p-values for all evaluated metrics across the CXR-to-Report and CXR-
VQA tasks.

Using n = 50 report-rating pairs, the traditional text-similarity met-
rics show almost no linear association with radiologists’ ratings: BLEU-4
r = 0.042 (p = 0.774), ROUGE r = 0.061 (p = 0.424), METEOR r = 0.063
(p = 0.408), and CIDEr r = 0.058 (p = 0.548). In contrast, clinically ori-
ented metrics exhibit small but significant correlations: AUC r = 0.256
(p = 0.037) and F1 r = 0.244 (p = 0.046), corresponding to 72~ 6%. This
suggests that clinical metrics align better with human judgment, yet still

capture only a modest fraction of perceived quality.

For the VQA task, the automatic score is strongly aligned with ex-
pert ratings, r = 0.935 (p ~ 2.7 x 10723; 2> ~ 87%). This indicates a
near-linear correspondence between model answers and human assess-

ments.
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Table 5.8: Evaluation of Kendall’s T and p-value.

Bleu-4 ROUGE METEOR CIDEr AUC F1 VQA
Kendall’s T | 0.027 0.039 0.040 0.037 0.165 0.157 0.769
p-value 0.784 0.691 0.681 0.705 0.091 0.108 | 9.5 x 1023

Kendall’s .

Kendall’s tau measures the strength and direction of a monotonic asso-
ciation using pairwise orderings rather than raw magnitudes, making it
robust to outliers and appropriate for ordinal outcomes. With C concor-
dant pairs and D discordant pairs, the tie-adjusted statistic (Kendall’s 13,)
is C-D
\/(C+D+Tx)(C+D+Ty)’

Ty =

where Ty and T, are the numbers of tied pairs in x and y, respectively.
Two-sided significance is assessed under Hy : T = 0 using a normal
approximation (or exact/permutation tests for small samples). Table 5.8
shows Kendall’s T and the corresponding p-values for all metrics across
the CXR-to-Report and CXR-VQA tasks.

Traditional text-similarity metrics exhibit essentially no rank associ-
ation with radiologists” ratings: BLEU-4 T = 0.027 (p = 0.784), ROUGE
T = 0.039 (p = 0.691), METEOR T = 0.040 (p = 0.681), and CIDEr T =
0.037 (p = 0.705). Clinically oriented metrics show small, borderline-
positive associations: AUC T = 0.165 (p = 0.091) and F1 T = 0.157
(p = 0.108), suggesting a closer—yet still limited—alignment with hu-

man judgment.

For the VQA task, the automatic score aligns very strongly with ex-
pert ratings, T = 0.769 with p ~ 9.5 x 1023, indicating a high level of

rank agreement between model outputs and human assessments.

5.5 Qualitative Visualization

As illustrated in Figure 5.9, three representative CXR synthesis cases
were manually selected by senior radiologists from a larger set of gener-
ated outputs. Each case includes results from MedXChat, LLM-CXR, and
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CXR Reports Image Synthesis Model Performance

Ours LLM-CXR UniXGen

A right tunneled hemodialysis catheter
is unchanged in position with its tip in
the right atrium. The heart remains
severely enlarged. The lungs are well-
expanded and clear. There is no pleural
effusion, or pneumothorax. The
mediastinal contours are normal.

Left basilar opacities likely represent
subsegmental atelectasis. The lung
volumes are low but otherwise clear.
No vascular congestion or pleural
effusion. Cardio-mediastinal and hilar
contours are within normal limits.

The colon is distended below the left
hemidiaphragm.

A small-to-moderate left pleural
effusion persists with few streaky
associated atelectasis. There is no
evidence of diaphragmatic flattening or
mediastinal shift. Right midrib
fractures are nondisplaced.

Figure 5.9: Graph compares the performance of image synthesis models
(MedXChat, LLM-CXR, and UniXGen) in generating chest X-rays based
on textual CXR reports. Color-coded annotations mark key patholog-
ical features in both the reports and the corresponding image regions,
conducted by senior radiologists. MedXChat more accurately captures
critical details, while the other two models struggled to represent essen-
tial features.

UniXGen, all conditioned on the same input CXR reports. The purpose
of these exemplars is to qualitatively demonstrate differences among the
models in terms of clinical consistency and visual fidelity. The selected
examples clearly show that MedXChat not only preserves the overall vi-
sual realism of radiographic images but also closely adheres to the diag-
nostic descriptions contained in the corresponding textual reports. For
cases involving positive findings—such as cardiomegaly, subsegmen-
tal atelectasis, or pleural effusion—MedXChat accurately reproduces the
described abnormalities in the correct anatomical locations. The syn-
thesized pathologies exhibit appropriate density, morphology, and con-
tour characteristics, aligning well with real clinical imaging appearances.
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[ What is seen in the right lower lobe and left i ilar areas? ]

Opacities.

[ What does the presence of opacities in the appropriate clinical setting suggest?

Pneumonia.

[ What is the ded course of action for the observed findings? ]

Follow-up to resolution.

[ Is there a possibility of a pull ry nodule being present? ]

[ Yes, a pulmonary nodule cannot be excluded ]

[ ‘What should be done if the finding of the nodular opacity persists after therapy? l

[ It should be followed up with chest radi h l

£ (_ What can be noted about the pul y vascular 2|

[Mild 1 y vascular en is present. ]

[ Can you generate a radiology report based on this chest X-ray? ]

Chest X-ray shows an opacity in the right lower lung, possibly indicati ia. A small nodule-lik
density is seen near the area, which might be related to infection or an underlying lesion. A follow-up scan
lor CT is suggested if the abnormality persists. There is also an opacity near the left upper lung, which could
suggest infection or fluid overload. Heart size is enlarged, and vessels appear prominent. A pacemaker is
present on the left side with leads in place. No pneumothorax or large effusion is observed.

Figure 5.10: Case example of MedXChat's outputs on CXR-to-Report
and CXR-VQA tasks.

These strengths are particularly evident in the color-coded regions high-
lighted by the radiologists, underscoring MedXChat'’s ability to achieve
fine-grained cross-modal semantic alignment and faithful visualization
of pathological features. In contrast, LLM-CXR frequently failed to cap-
ture positive findings in its outputs, resulting in synthesized images that
lacked the abnormalities described in the reports. UniXGen performed
even less consistently, often omitting key lesions entirely or generating
image regions that were inconsistent with the clinical descriptions. These
deficiencies were reflected in lower accuracy in text-to-image mapping
and reduced salience of essential pathological findings. The figure pro-
vides qualitative evidence that MedXChat is capable of generating CXRs
that are both clinically faithful and visually realistic. Its superiority is
particularly apparent in the preservation of diagnostic fidelity, accurate
localization of abnormalities, and fine-detail rendering, all of which are
crucial for clinical decision support, radiology training, and the genera-
tion of high-quality datasets for downstream tasks. The fact that these
cases were manually curated by experienced radiologists further vali-
dates the robustness and clinical applicability of MedXChat under rigor-
ous expert evaluation.

As depicted in Figure 5.10, we present a complete end-to-end demon-
stration of MedXChat'’s capabilities, integrating both chest X-ray—to-report
(CXR-to-Report) generation and chest X-ray visual question answering



5.5. Qualitative Visualization 129

(CXR-VQA) within a single clinical scenario. In this example, the model
receives an input CXR image and is tasked with producing a synthetic
radiology report as well as answering a series of clinically relevant ques-
tions formulated in natural language. The VQA queries encompass mul-
tiple diagnostic dimensions, including the identification of abnormal find-
ings (e.g., “opacities”), inference of likely etiologies (“pneumonia”), spec-
ification of anatomical locations (“right lower lung” and “left upper lung”),
and assessment of severity and clinical implications (“mild pulmonary
vascular engorgement”). The results highlight MedXChat'’s capacity to
generate accurate, contextually coherent answers that align with expert-
level clinical reasoning. For example, the model not only recognizes key
imaging findings but also provides appropriate management recommen-
dations (“follow-up to resolution” or “should be followed up with chest
radiographs”) and probabilistic diagnostic considerations (e.g., ruling in
or out a pulmonary nodule). Importantly, the generated synthetic radi-
ology report mirrors the style, structure, and terminology of authentic
reports produced in clinical practice, capturing both primary and inci-
dental findings while appropriately qualifying diagnostic certainty. This
case study illustrates MedXChat'’s strength as a unified multimodal as-
sistant capable of bridging image interpretation and clinical dialogue. By
combining structured diagnostic descriptions with interactive, question-
driven outputs, the system can support a range of radiology workflows,
including preliminary reporting, trainee education, and patient commu-
nication. Moreover, its ability to maintain semantic consistency between
free-text reports and targeted VQA responses underscores its potential
for integration into decision-support pipelines, where reliability, inter-
pretability, and multimodal comprehension are critical for clinical adop-

tion.

5.5.1 Limitations and Future Work

Despite the promising results, this study has several important limita-

tions that warrant consideration. First, the evaluation was conducted
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using data from a single medical center (MIMIC-CXR), which may in-
troduce institution-specific biases in imaging protocols, patient demo-
graphics, and reporting styles. While the dataset is large and publicly
available, its single-institution origin limits the model’s external valid-
ity; broader multi-center and multi-population validation is required to

ensure robustness and generalizability across diverse clinical settings.

Second, MedXChat was specifically optimized for chest radiogra-
phy, and its direct applicability to other imaging modalities—such as
computed tomography (CT), magnetic resonance imaging (MRI), or ul-
trasound—remains unexplored. Each modality presents distinct visual
characteristics, diagnostic challenges, and reporting conventions, mean-
ing that significant retraining or architectural adaptation may be neces-

sary to achieve comparable performance.

Third, although MedXChat performs well in most common diagnos-
tic scenarios, it demonstrates reduced accuracy in handling rare diseases,
low-prevalence findings, and multi-label pathologies—particularly in the
CXR-VQA and image synthesis tasks. These limitations likely arise from
data imbalance, limited exposure to rare imaging patterns, and residual
misalignment between vision and language representations. Addressing
these challenges will require targeted data augmentation strategies, bal-
anced sampling, and the integration of advanced reasoning mechanisms
such as chain-of-thought (CoT) prompting to enhance interpretability.
Joint fine-tuning of the vision and language components may also help

improve cross-modal alignment in complex cases.

Finally, while radiologist evaluation provides a clinically grounded
perspective, it was based on a relatively small sample (50 cases) using
a simplified 3-point compliance scale for junior reviewers. Although
senior radiologists employed more granular criteria, the limited sam-
ple size and scoring scheme may not fully capture the model’s clinical
performance spectrum. Additionally, the selection of evaluation cases
could unintentionally bias results toward certain diagnostic categories.
Therefore, conclusions regarding clinical deployment should be inter-
preted with caution. We advocate for large-scale, blinded, and multi-

institutional studies—including prospective trials—to rigorously assess
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the safety, reliability, and real-world impact of Med XChat before consid-

ering integration into routine clinical workflows.

5.6 Summary

In summary, the evaluation of MedXChat demonstrates its effectiveness
as a unified multimodal LLM framework for chest X-ray interpretation,
encompassing automated report generation, visual question answering,
and medical image synthesis within a single architecture. Across all
tasks, MedXChat consistently outperforms established baselines in both
computational metrics—such as AUC, F1, VQA accuracy, and FID—and
in expert radiologist assessments, achieving higher scores in accuracy,
consistency, anatomical completeness, and clinical relevance. Moreover,
our scatter-plot analyses comparing computational metrics with radiolo-
gist evaluations, together with correlation tests (Pearson’s r and Kendall’s
T) reveal that several widely used metrics—especially text-similarity scores
(BLEU-4, ROUGE, METEOR, CIDEr)—exhibit weak or non-significant
alignment with expert judgments. By contrast, clinically oriented met-
rics (AUC, F1) and the VQA score show a markedly stronger correspon-
dence with radiologist ratings. Taken together, these results indicate that
relying solely on generic computational proxies can be misleading for
clinical utility, whereas the combined human-centered and correlation-
based evaluation provides a more faithful assessment. This comprehen-
sive evidence strengthens MedXChat'’s clinical applicability and posi-
tions it as a strong candidate for next-generation intelligent assistant sys-
tems in radiology—characterized by interpretability, adaptability, and

robust clinical grounding.
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Chapter 6

MedVisioChat: A Multimodal
Large Language Model
Framework for Interpretable

Diagnosis With Visual
Grounding in CXRs

This chapter presents MedVisioChat, a pioneering framework that lever-
ages LLMs to enable interpretable disease diagnosis with visual ground-
ing on CXRs. Unlike previous methods that struggle with multi-label
classification and fine-grained localization, MedVisioChat integrates a
visual encoder and a vision-language adapter with a large language model
fine-tuned via GPT-4 Turbo instruction data. The framework supports
multi-round dialogues that provide both diagnostic insights and bound-
ing box annotations, offering a more transparent diagnostic experience.
Extensive experiments on MIMIC-CXR and VinDr-CXR datasets demon-
strate Med VisioChat'’s superior performance over existing models in both
disease classification and visual grounding, confirming its effectiveness

in delivering accurate and interpretable Al-driven diagnostics.
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6.1 Introduction

LLMs [66, 4] have emerged as a transformative technology at the inter-
section of vision and language, exhibiting strong generalization, reason-
ing, and compositional capabilities. By jointly processing visual and tex-
tual inputs, LLMs are able to understand images, comprehend textual
instructions, and generate informative responses that align with user in-
tent. This multimodal capability has positioned LLMs as a promising
paradigm for numerous downstream applications, ranging from VQA
and image captioning to cross-modal retrieval and grounded generation.
In particular, recent advances have shown that general-purpose LLMs
can be adapted to domain-specific tasks such as medical report genera-
tion, VQA, and CXR generation [54, 55].

In the medical domain, especially in radiology, interpretability and
clinical reliability are of paramount importance. CXRs, being among
the most commonly used diagnostic imaging modalities, present unique
challenges due to their low-contrast appearance, overlapping anatomical
structures, and the subtlety of pathological cues. LLMs, when adapted
to CXRs, offer a unified framework for interactive and explainable diag-
nostic support by aligning image features with medical knowledge en-
coded in pretrained language models. Existing LLM-based systems have
primarily focused on tasks such as radiology report generation and CXR-
VQA. These tasks allow the model to generate descriptive narratives and
respond to targeted clinical queries, thereby enhancing the human-Al in-
teraction. However, while these approaches improve user engagement
and offer preliminary interpretability, they fall short in addressing more
structured and actionable diagnostic tasks such as multi-label disease
classification and spatial localization of findings, which are crucial for

real-world clinical deployment.

Historically, disease classification in CXRs has been tackled using
CNN s [72] or vision transformers[112], trained on large-scale datasets
like MIMIC-CXR. These models predict the presence or absence of mul-
tiple diseases per image by learning discriminative features from labeled
data. They are optimized for accuracy and robustness in the presence of
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class imbalance and inter-disease correlations. In parallel, visual ground-
ing methods aim to localize regions of interest associated with specific
diseases, often using bounding boxes or saliency maps. These include
CNN-based attention models [65] and transformer-based grounding tech-
niques [12, 20], which have been shown to enhance clinical transparency
and trust by highlighting visual evidence that supports diagnostic con-

clusions.

Despite these advances, integrating classification and grounding into
a single LLM remains an open challenge. First, current LLMs are inher-
ently generative and not tailored for structured outputs such as multi-
label classification, especially when dealing with fine-grained medical
images. Unlike natural images, CXRs require precise visual understand-
ing and nuanced reasoning to distinguish between visually similar but
clinically distinct conditions. This makes classification a non-trivial ex-
tension of generative LLMs. Second, while LLMs can describe findings
in text, they lack native mechanisms for generating structured visual out-
puts like bounding boxes, which are essential for visual grounding. This
limitation prevents current LLMs from delivering spatially anchored and
interpretable diagnoses. Furthermore, existing LLMs are often evaluated
only on VQA and report synthesis tasks, and rarely benchmarked for
classification or grounding performance, leaving a gap in model capa-

bilities and assessment protocols.

To address these critical limitations, we propose MedVisioChat, a
novel unified LLM framework specifically designed for interpretable med-
ical image understanding, combining multi-label classification, visual
grounding, and dialogue-based interaction in a single architecture. Med-
VisioChat is built upon a pretrained vision-language backbone [4], where
a powerful visual encoder extracts detailed region-aware features from
CXR inputs, and a large LLM serves as the core reasoning and gener-
ation engine. To adapt this architecture to structured diagnostic tasks,
we design a multi-label binary classification prompting mechanism, en-
abling the model to engage in step-wise clinical dialogues where each
disease label is examined sequentially. This interactive design mimics

clinical reasoning and allows the model to clarify ambiguities or refine



136 Chapter 6. MedVisioChat: A Multimodal Large Language Model
Framework for Interpretable Diagnosis With Visual Grounding in CXRs

its predictions in response to follow-up queries.

To enable visual grounding, we construct an instruction-following
dataset using GPT-4 Turbo [66], where each image is paired with a tex-
tual prompt and a bounding box annotation. These annotations guide
the model to associate specific regions with diagnostic findings, embed-
ding spatial grounding capabilities into the language model. During
training, the model learns to link disease-specific text with visual fea-
tures and to produce grounding outputs in the form of structured anno-
tations. This is seamlessly integrated into a multi-turn dialogue setting,
allowing the model to provide textual diagnoses and visual explanations

concurrently.

For efficient adaptation, we apply LoRA [37] to fine-tune only low-
rank parameter subsets of the LLM, significantly reducing computational
cost while preserving the vast knowledge embedded in the pretrained
weights. This approach ensures that MedVisioChat can be trained and
deployed with limited resources, making it accessible for real-world health-

care settings.

Our system supports full-spectrum diagnostic conversations: users
can upload a CXR, initiate a diagnostic dialogue, ask follow-up ques-
tions, and receive both verbal and visual justifications for each predicted
condition. Through this tightly integrated workflow, MedVisioChat trans-
forms the way Al systems interact with medical images—moving from

passive prediction to active, interpretable engagement.

6.2 Method

6.2.1 Model Architecture

As illustrated in Figure 6.1, the architecture of MedVisioChat consists of
three integral components that work in concert to enable interpretable
medical image analysis. First, the image understanding module lever-
ages a pretrained visual encoder and a lightweight adapter to extract rich
region-aware features from CXR images and project them into the same
embedding space as the language model, ensuring seamless multimodal
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Figure 6.1: The framework of the proposed MedVisioChat. It consists
of a ViT Encoder module to encode the visual knowledge, a VL Adapter
module, and a language foundation model (LLM). We first pre-train the
model with the MIMIC and VinDr-CXR datasets (Stage I). Then, with the
instruction data generated with GPT-4 Turbo, we equip the model with
the capability for visually grounded disease diagnosis (Stage II).

fusion. Second, the LLM core is built upon the Qwen-VL [4] architecture
and is further fine-tuned using LoRA [37], allowing for efficient adapta-
tion while preserving the vast medical and general knowledge stored in
the original pretrained weights. Finally, the visual grounding generation
module is responsible for producing interpretable spatial annotations.
It achieves this by learning from a GPT-generated instruction-following
dataset that pairs bounding box annotations with descriptive diagnos-
tic prompts. Through this unified pipeline, MedVisioChat supports both
diagnostic dialogue and visual localization, offering an intuitive and in-

teractive framework for medical professionals.

Visual Encoder and Vision-Language Adapter. To effectively extract
and encode detailed visual features from CXR images, MedVisioChat
incorporates a powerful visual encoder based on the ViT [1] architec-
ture. This encoder is initialized with pre-trained weights from the Open-
CLIP[26] model, which has been extensively trained on large-scale image-
text datasets, enabling it to capture semantically aligned visual concepts.
During preprocessing, all input CXR images are resized to a fixed res-
olution of 224 x 224 pixels to ensure consistent input dimensions. The

resized images are then divided into non-overlapping patches using a
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patch size and stride of 14 pixels. These patches are flattened and lin-
early projected into embedding vectors, which are then passed through
multiple transformer layers to obtain spatially-aware visual representa-
tions. To enable the language model to distinguish image-derived fea-
tures from textual tokens, two special tokens, <img> and </img>, are
inserted at the beginning and end of the image token sequence, respec-
tively. These delimiters help preserve the modality boundaries during
multimodal fusion within the language model.

However, directly feeding the full sequence of patch-level embed-
dings into the LLM poses computational and memory challenges due
to the high dimensionality and long sequence length. To address this,
we introduce a lightweight yet effective Vision-Language Adapter (VL-
Adapter) module, which compresses and aligns visual features into a
compact format suitable for downstream reasoning within the LLM. This
adapter is constructed using a single-layer cross-attention mechanism [97],
designed to selectively attend to salient visual cues. Specifically, the
adapter is initialized with a set of learnable embedding vectors Q. that
act as queries, while the extracted image features from the visual encoder
serve as keys K; and values V. The cross-attention module computes the
relevance between each query and the visual tokens using scaled dot-

product attention:

Att(Q,,K;, V) = softmax Q.Ki! V. 6.1)

Vi
This operation effectively aggregates spatially-distributed image features
into a smaller set of high-level embeddings that retain key diagnostic in-

formation.

By using this adapter design, the model not only reduces computa-
tional overhead but also introduces inductive biases beneficial for med-
ical image interpretation. Importantly, since the adapter is trained from
scratch during the fine-tuning stage, it allows the model to specialize
in capturing the unique visual patterns and textures specific to CXR
images—such as consolidations, effusions, and nodules—without over-

writing the general visual knowledge already encoded in the pretrained
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encoder. This modular approach ensures both efficiency and adaptabil-
ity, making it feasible to integrate high-resolution medical visual data
into a general-purpose language model for end-to-end diagnostic rea-

soning and visual grounding.

6.2.2 Task-Specific Pre-training of LLM (Stage I)

To endow the large language model (LLM) with strong capabilities in
handling structured medical vision-language tasks, we conduct a stage-I
pre-training phase that focuses on two critical subtasks: disease classi-
fication and visual grounding. This stage plays a vital role in adapting
the general-purpose LLM to the unique reasoning patterns and annota-
tion requirements inherent in medical diagnostics. Specifically, this pre-
training phase leverages curated datasets to teach the LLM how to per-
form multi-label binary classification and spatial localization of disease
findings in CXRs, laying the foundation for interpretable and interactive

downstream dialogue.

Classification Task. Accurately identifying the presence or absence of
specific pathologies is a fundamental prerequisite in CXR-based medi-
cal diagnostics. To train the model to perform this task in a structured
and interpretable way, we use the MIMIC-CXR dataset [43], one of the
largest publicly available repositories of CXR images with correspond-
ing radiology reports and structured labels. We design a classification
prompting format that introduces the task with a fixed instruction tem-
plate, explicitly enumerating the fourteen common thoracic disease la-
bels—such as Atelectasis, Cardiomegaly, Edema, etc—and prompting
the model to predict each as either Positive" or Negative." Each sample
includes both the image features and a classification prompt of the form:

"Is the following disease present in the image?"
followed by:
"Atelectasis: Negative; Cardiomegaly: Positive; ..."

This explicit format not only improves interpretability but also aligns

with multi-label binary classification objectives. During training, the
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model learns to generate structured classification outputs conditioned

on both the CXR image and the instruction prompt.

To further improve the accuracy of classification, we incorporated
Chain of Thought (CoT) prompting into our framework. In order for the
model to generate both the CoT reasoning and the classification output,
we designed prompts that explicitly require the model to output special

tokens:

"Output the thinking process in <think></think> and the final
answer in <answer></answer> tags. 1i.e., <think> reasoning

process here </think><answer> answer here </answer>."

In addition, we designed two reward functions to supervise the LLM
in producing correct CoT reasoning and classification outputs. The first
reward, accuracy reward, aims to improve classification accuracy. Since
the dataset involves 14 disease categories, we assign a score of 1 when
the predicted label ("Positive" or "Negative'") matches the ground truth
for each category, and 0 otherwise; the final accuracy reward is obtained
by averaging across all 14 categories. The second reward, format reward,
verifies whether the completion follows the required format. Specifi-
cally, the model receives a reward of 1 if the output is in the form of
"<think>...</think>...<answer>...</answer>", and 0 otherwise. By com-
bining these two rewards, the model is guided to generate appropriate
CoT reasoning, thereby enhancing disease classification performance.

Visual Grounding Task. While classification indicates disease presence,
grounding provides spatial evidence, which is crucial for transparent
decision-making. To equip the model with this ability, we perform spe-
cific pre-training using the VinDr-CXR dataset [64], which offers high-
quality bounding box annotations of pathological regions in CXRs. The
grounding prompts are designed to elicit disease localization behavior
from the LLM, enabling it to predict not only what disease is present but

also where it is located in the image.

To distinguish structured grounding information from free-form nat-
ural language, we introduce specialized XML-style control tokens: dis-

ease names are wrapped with <ref> and </ref> to signify a recognized
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category, and predicted spatial coordinates are enclosed within <box>
and </box>. Each bounding box is represented in normalized pixel
coordinates, ranging from 0 to 1000, in the format:

<box> (xXt1, yt1), (Xpr, Ybr) </box>
For example, a prompt might produce:

<ref>Pleural Effusion</ref><box> (104, 212), (375, 628)
</box>

These markup structures teach the LLM to produce structured outputs
that can be programmatically parsed and visualized, preparing it for

joint diagnosis and visual explanation.

Loss Function. To unify both classification and grounding learning ob-
jectives, we adopt an auto-regressive language modeling loss that main-
tains compatibility with the LLM’s pretraining mechanism. For each task
sample, the image features Fj;,0. are extracted via the vision encoder,
and the task-specific instruction Xt = x1, x2, ..., x is tokenized and ap-
pended to the image features. The LLM is trained to predict each token
x; based on its preceding context and the image information. The train-
ing objective is the negative log-likelihood over the instruction sequence

conditioned on the image:
£=Yi=1"—logp(x; | Fipage, Xs, < 1), 6.2)

where < i represents all tokens preceding x;. This formulation ensures
that the model learns to generate well-formed, structured responses that
incorporate both visual cues and task-specific semantics. Notably, the
same training loss accommodates both the classification and grounding

instructions, enabling multi-task learning within a unified framework.

By integrating disease prediction and spatial localization during this
phase, the LLM becomes capable of producing clinically meaningful out-
puts that are both interpretable and grounded, forming a crucial precon-

dition for interactive and explainable medical Al systems.
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6.2.3 Instruction Tuning for Visual Grounding (Stage II)

In Stage II, we further adapt the pretrained model from Stage I by per-
forming instruction tuning with multimodal dialogue data. This stage
is designed to significantly enhance the model’s ability to follow hu-
man instructions, participate in multi-turn conversations, and deliver
structured responses that include both textual explanations and visual
grounding results. By combining visual recognition with natural lan-
guage generation in a dialogue format, this stage bridges the gap be-

tween medical image interpretation and human-centric interaction.

Instruction Dialogues with Grounding Information. To generate high-
quality instruction data for visual grounding, we curate a large-scale
multimodal instruction-tuning dataset composed of synthetic dialogues
that simulate realistic doctor-patient interactions. These dialogues are
generated with the help of GPT-4 Turbo [66], guided by carefully de-
signed prompts to control structure, medical accuracy, and user interac-
tivity.

Our process begins by defining a multi-step prompting framework.
First, a Text Description sets the scene for GPT-4 Turbo to generate help-
tul assistant-style responses, typically introduced with instructions such

as:

“Please construct a multi-turn dialogue between a patient and an
assistant. The assistant should be capable of identifying diseases in
CXRs and describing their visual locations.”

Next, we Collect Data from the VinDr-CXR dataset [64], which pro-
vides disease labels and corresponding bounding box annotations. These
data points are transformed into dialogue targets where the assistant

needs to recognize the disease and explain its location in the image.

To enhance realism, we simulate Human Characteristics, where the
user (patient) might express vague symptoms, request clarifications, or
ask about visual evidence. This allows the model to demonstrate clinical
reasoning, not just pattern recognition. We embed Dialogue Properties
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to ensure coherence, such as logical transitions, varied question types,

and diverse reasoning patterns.

To mark visual grounding entities within the dialogues, we adopt
structured token conventions: disease labels are enclosed in <ref> ...
</ref> and the bounding boxes are enclosed in <box> ... </box>.
The bounding box itself follows the normalized coordinate format (x;,
y¢1), (Xpr, Yor). Anexample response might look like:

“I found evidence of Atelectasis in the upper-left lung
region, roughly located at <ref> Atelectasis </ref>
<box> (150, 200), (350, 500) </box>.”’

We then provide an Example Dialogue containing a complete multi-
round exchange, including follow-up questions, grounding justifications,
and references to specific anatomical regions. The full prompt is sub-
mitted to GPT-4 Turbo, generating thousands of diverse and structured

instruction dialogues. This synthetic dataset is then used for fine-tuning.

Fine-Tuning with Generated Instruction Dialogues. Following dataset
generation, we proceed to fine-tune the LLM using LoRA [37], a parameter-
efficient fine-tuning technique that inserts trainable low-rank matrices
into the model’s attention layers. This allows for significant adaptation
of the model’s behavior without altering the original pretrained weights.
Fine-tuning with LoRA not only reduces memory and computation re-
quirements but also ensures the preservation of general medical knowl-

edge encoded in the base model.

The training objective remains auto-regressive language modeling,
encouraging the model to predict the next token in the dialogue condi-
tioned on both the image features and the conversation history. Through
this instruction tuning stage, the model evolves from a passive image
classifier to an interactive, visually grounded assistant capable of sup-
porting patient education, radiology interpretation, and clinical consul-
tation. The final model is thus optimized not just for accuracy, but for
explainability, usability, and engagement—key attributes for real-world
deployment in healthcare Al systems.
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6.3 Experiment Settings

6.3.1 Implementation Details

Initially, our model undergoes task-specific pre-training using LoRA [37],
a parameter-efficient fine-tuning method, applied on two large-scale pub-
lic datasets: MIMIC-CXR [43] and VinDr-CXR [64]. This stage enables
the model to acquire foundational competencies in two essential tasks
for medical image analysis: multi-label disease classification and visual
grounding. MIMIC-CXR provides comprehensive image-text pairs for
disease labeling, while VinDr-CXR contributes high-quality bounding
box annotations, allowing the model to associate textual findings with

their spatial locations on chest X-rays.

Following the pre-training, we curate a high-quality multimodal in-
struction tuning dataset using GPT-4 Turbo [66]. This dataset simulates
multi-turn diagnostic dialogues that incorporate both textual disease de-
scriptions and visual references via specialized tokens such as < ref >
and < box >. These synthetic dialogues guide the model to reason
through clinical interactions, identify conditions from images, and ex-

plain their locations through language-grounded visual annotations.

For training, we fix the maximum sequence length to 768 tokens
to balance expressivity and efficiency. We train the model using the
Adam optimizer [47], which is well-suited for transformer-based archi-
tectures. The learning rate is initialized at 2 x 107>, and the batch size is
set to 4 due to GPU memory constraints. All experiments are conducted
on a single NVIDIA RTX A6000 GPU, which provides 48GB of VRAM,
enabling us to handle large-scale vision-language inputs. The training
pipeline includes one full epoch for pre-training across the classification
and grounding datasets, followed by an additional epoch for instruction
tuning. This two-stage training paradigm ensures that the model first
develops low-level task expertise before acquiring high-level reasoning
and conversational abilities, resulting in a robust and interactive medical

assistant.
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6.3.2 Datasets

We validate our method on two public datasets, MIMIC-CXR [43] and
VinDr-CXR [64]. MIMIC-CXR is recognized as the most extensive pub-
licly accessible dataset that includes chest radiographs paired with free-
text reports, spanning 14 lung disease diagnosis categories. In our study,
we adhered to the official dataset division guidelines provided by MIMIC-
CXR to ensure consistency and facilitate equitable comparisons. As a
result, our training dataset consists of 270,790 image-label pairs, with
additional sets of 2,130 and 3,858 samples designated for validation and
testing, respectively. VinDr-CXR, notable for its extensive collection of
over 100,000 chest X-ray scans from leading Vietnamese hospitals, stands
out as a significant resource for disease visualization. It includes 18,000
carefully annotated images by 17 radiologists, offering detailed local and
global disease labels. Structured into 15,000 training and 3,000 testing
images, it aids in developing machine learning models for chest con-
dition identification and localization. Additionally, a custom DICOM
image labeling platform enhances the annotation workflow.

6.4 Evaluation and Discussion

6.4.1 Evaluation Metrics.

We adopt the evaluation framework introduced in Med-PaLM M [94] to
assess our classification task, ensuring direct comparability with other
LLM-based approaches on the MIMIC-CXR dataset [43]. This frame-
work emphasizes both clinical relevance and prevalence by focusing on
five major thoracic conditions: Atelectasis, Cardiomegaly, Consolida-
tion, Edema, and Pleural Effusion. Performance is primarily measured
using Macro-AUC and Macro-F1 scores, which better capture model per-
formance across imbalanced classes. In addition to overall metrics, we
specifically report the per-disease Macro-AUC to analyze the model’s
performance on each condition individually, providing insight into its

robustness across varying pathologies.
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Table 6.1: Classification performanc comparison for five major classes
on MIMIC-CXR dataset by Accuracy.

Metrics Lesion | PaLM-E(84B) [23] LLaVa-Med [55] Med-PaLM M [94] mCNN [72] Owurs Ours+CoT
Ate. N/A 65.60% N/A 77.03% 81.83%  84.05%
Car. N/A 67.05% N/A 79.32% 95.46%  96.95%
Con. N/A 68.29% N/A 75.97% 73.54% 78.24%

Macro-AUC | Ede. N/A 74.63% N/A 84.19% 84.26%  87.12%
PEf. N/A 71.03% N/A 89.85% 80.69% 84.52%
Avg. 51.48% 69.32% 79.09% 81.27% 83.14%  85.46%

Macro-F1 Avg. 7.83% 30.68% 41.57% 43.07% 45.52%  48.22%

For the visual grounding task on the VinDr-CXR dataset [64], we
adopt mean Intersection over Union (mloU) and accuracy (Acc) as the
core evaluation metrics. Following standard practices in natural image
visual grounding [20], a predicted bounding box is considered correct
(positive) if its IoU with the ground truth exceeds a specified threshold.
We compute Average Precision (AP) at multiple thresholds ranging from
0.1 to 0.5, denoted as AP10 to AP50, which offers a comprehensive view
of localization accuracy under varying tolerance levels. Additionally,
we report disease-specific grounding accuracy at AP40. Unlike natural
image benchmarks where AP50 is standard, medical visual grounding
typically adopts lower IoU thresholds (e.g., AP30-AP40) because tho-
racic lesions tend to be small, diffuse, or ambiguous in shape, leading to
greater inter-observer variation among radiologists. AP40 thus provides
a more stable and clinically realistic evaluation of localization perfor-
mance, highlighting the model’s ability to identify pathological regions
with interpretable annotations.

6.4.2 Performance Comparison

Classification Results on MIMIC-CXR Dataset

Table 6.1 offers a detailed comparison of the classification performance of
our proposed MedVisioChat model against several state-of-the-art LLMs
and traditional CNN-based methods. The evaluation is conducted on
the official test split of the MIMIC-CXR dataset, focusing on five clin-
ically significant thoracic conditions: Atelectasis (Ate.), Cardiomegaly
(Car.), Consolidation (Con.), Edema (Ede.), and Pleural Effusion (PEF.).
Two primary evaluation metrics are used: Macro-AUC, which measures
the area under the ROC curve for each class and averages the results,
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and Macro-F1, which emphasizes the harmonic mean between precision
and recall across all categories, offering a balanced view of classification

performance, especially under class imbalance.

Our model consistently outperforms all LLM baselines, achieving
average scores of 83.14% in Macro-AUC and 45.52% in Macro-F1. When
further equipped with Chain-of-Thought (+CoT) reasoning, the perfor-
mance is boosted even higher, reaching 85.46% Macro-AUC and 48.22%
Macro-F1—the best results across all evaluated methods. These improve-
ments highlight the complementary role of reasoning-based prompting,
which enhances the model’s capability to capture subtle inter-class dif-
ferences and reduce misclassification in borderline cases. Compared to
PaLM-E (Macro-AUC: 51.48%, Macro-F1: 7.83%), LLaVa-Med (Macro-
AUC: 69.32%, Macro-F1: 30.68%), and Med-PaLM M (Macro-AUC: 79.09%,
Macro-F1: 41.57%), our approach demonstrates a clear advantage, un-
derscoring the limitations of existing LLMs in structured medical classi-

fication tasks.

Notably, while mCNN [72], a dedicated CNN-based model, remains
competitive in certain lesion category (e.g., Pleural Effusion at 89.85%),
its overall performance (Macro-AUC: 81.27%, Macro-F1: 43.07%) lags
behind both our base model and our CoT variant. This indicates that al-
though CNN:s still capture some well-defined radiological patterns effec-
tively, our unified dialogue-grounded framework, especially with CoT
reasoning, better generalizes across diverse pathologies and aligns more

closely with clinical interpretability.

At the lesion-wise level, the CoT variant achieves the highest accu-
racy in four out of five categories: Atelectasis (84.05%), Cardiomegaly
(96.95%), Consolidation (78.24%), and Edema (87.12%), further surpass-
ing both mCNN and all LLM baselines. For Pleural Effusion, our model
(84.52%) performs slightly below mCNN (89.85%) but remains substan-
tially above LLM baselines. These results suggest that while CNNs may
retain an edge in certain localized findings, the integration of CoT rea-
soning into our framework enables broader and more consistent im-

provements across conditions.
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Table 6.2: Visual grounding performance comparison on VinDr-CXR
dataset.

Method AP10 AP20 AP30 AP40 AP50 mIOU
SeqTR [7] 54.1% 46.8% 38.3% 31.2% 234% 21.7%
DACR [65] 56.6% 50.1% 43.1% 36.5% 28.7% 26.5%
MedRPG [12] | 57.2% 51.7% 43.3% 37.4% 29.8% 27.3%
Ours 61.1% 52.5% 45.3% 38.9% 31.6% 32.4%
Ours + CoT 62.4% 53.1% 459% 39.5% 32.9% 33.6%

Interestingly, Macro-AUC is much higher than Macro-F1, because
in medical classification with severe class imbalance, Macro-F1 is dis-
proportionately penalized while ROC-AUC remains high. ROC-AUC is
threshold-independent and evaluates ranking quality, so a model that
correctly orders positives above negatives can achieve a high AUC even
for rare diseases. By contrast, F; = 2PR/(P + R) is computed at a
single decision threshold and is highly sensitive to imbalance: for rare
classes, a default threshold often yields very low recall (few positives
cleared) or, when recall is increased, many false positives that depress
precision—both sharply reducing F;. Because Macro-F1 averages F; equally
across classes, a few difficult/low-prevalence categories can pull the over-
all score down, whereas ROC-AUC—reflecting ranking across all thresh-
olds—can remain high despite the same prevalence skew.

Collectively, these findings demonstrate that Med VisioChat not only
outperforms existing LLMs but also narrows or even exceeds the per-
formance of specialized CNNs. By integrating dialogue-based interac-
tion, grounding capabilities, and reasoning-enhanced classification, our
framework offers a powerful, interpretable, and versatile solution for
real-world deployment in medical Al systems.

Visual Grounding Results on VinDr-CXR Dataset

Table 6.2 and Table 6.3 offer a comprehensive and fine-grained eval-
uation of the proposed model’s visual grounding performance on the
VinDr-CXR dataset. In Table 6.2, we benchmark our method against
three representative state-of-the-art grounding models—SeqTR [7], DACR
[65], and MedRPG [12]—across multiple commonly used metrics: AP at
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Table 6.3: Visual grounding performance comparison on VinDr-CXR
dataset by AP40 for each disease.

Disease Category SeqTR [7] DACR [65] MedRPG [12] Owurs Ours + CoT
Aortic Enlargement 54.2% 66.3% 95.3% 78.9% 80.4%
Atelectasis 12.3% 23.1% 17.1% 25.0% 26.5%
Calcification 9.1% 27.2% 10.3% 13.2% 14.7%
Cardiomegaly 71.2% 86.0% 80.2% 94.9% 96.4%
Consolidation 10.3% 28.1% 19.1% 12.5% 14.0%
Interstitial Lung Disease 24.8% 31.5% 11.1% 32.4% 33.9%
Infiltration 25.2% 31.8% 11.3% 35.1% 36.6%
Lung Opacity 11.9% 19.7% 13.7% 20.1% 21.6%
Nodule / Mass 13.4% 25.1% 4.9% 28.9% 30.4%
Pleural Effusion 15.6% 38.7% 13.0% 21.7% 23.2%
Pleural Thickening 10.1% 22.8% 2.7% 20.1% 24.6%
Pneumothorax 26.8% 57.9% 3.6% 43.1% 44.6%
Pulmonary Fibrosis 17.4% 34.0% 9.4% 49.3% 50.8%
Other Lesions 19.3% 38.1% 7.7% 29.4% 30.9%
Average (AP40) 31.2% 36.5% 37.4% 38.9% 40.4%

different IoU thresholds (from AP10 to AP50) and mIOU. Notably, our
method outperforms all baselines across every evaluation metric. For in-
stance, our model achieves an AP10 of 61.1%, substantially higher than
54.1% by SeqTR and 56.6% by DACR. At more stringent thresholds such
as AP40 and AP50, our model maintains a clear lead with 38.9% and
31.6% respectively, indicating its robustness in precise region localiza-
tion. Moreover, our mIOU score of 32.4% reflects superior spatial ac-
curacy in identifying disease-relevant areas, outperforming the closest
baseline MedRPG by a margin of 5.1%. With a chain-of-thought ground-
ing stage (Ours + CoT), the aggregate metrics further improve across the
board (see Table 6.2): AP10 62.4%, AP20 53.1%, AP30 45.9%, AP40 39.5%,
AP50 32.9%, and mIOU 33.6%—i.e., consistent gains of about 0.6-1.3 per-
centage points over Ours at each threshold, highlighting stronger robust-

ness under stricter localization criteria.

To further validate our model’s performance across various clinical
scenarios, Table 6.3 breaks down the visual grounding results (AP40) by
each disease category in the VinDr-CXR dataset. These diseases span
across a diverse set of pathologies, including lung abnormalities (e.g.,
Atelectasis, Pneumothorax), cardiac conditions (e.g., Cardiomegaly), and
pleural findings (e.g., Pleural Effusion, Pleural Thickening). Our model
delivers consistent gains across most disease types, indicating its ability
to generalize across anatomical regions and pathological appearances.
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i CoT-Based Classification I

Question:

This is a 14-class classification task related to medical imaging,
where the 14 disease categories are as follows: Atelectasis,
Cardiomegaly, Consolidation, Edema, Enlarged
Cardiomediastinum, Fracture, Lung Lesion, Lung Opacity, No
Finding, Pleural Effusion,Pleural Other, Pneumonia,
Pneumothorax, Support Devices. Please output "Positive" or
"Negative" for each category. Output the thinking process in
<think></think> and the final answer in <answer></answer>
tags. i.e., <think> reasoning process here </think>=<answer>
answer here </answers.

Answer:

<think>Based on visual cues in this single AP portable chest radiograph, cardiomegaly was
labeled positive because the cardiac silhouette appears relatively enlarged compared with the
thoracic width; pneumothorax was labeled positive because a peripheral lucent area with
diminished vascular markings is compatible with a pleural line; and support devices were labeled
positive due to a high-density devicef/lead seen over the upper chest. Consolidation/pneumonia,
pleural effusion, edema, atelectasis, lung lesion/opacity, pleural other, fracture, and enlarged
cardiomediastinum were labeled negative because there is no convincing lobar/segmental dense
opacity, costophrenic blunting or meniscus, typical interstitial-alveolar edema pattern, plate-like
atelectasis with volume loss, discrete nodule/mass, abnormal pleural finding, rib discontinuity, or
obvious mediastinal widening.<think><answer>Atelectasis:Negative, Cardiomegaly:Positive,
Consolidation:Negative, Edema:Negative, Enlarged Cardiomediastinum:Negative,
Fracture:Negative, Lung Lesion:Negative, Lung Opacity:Negative, No Finding:Negative, Pleural
Effusion:Negative, Pleural Other:Negative, Pneumonia:Negative, Pneumothorax:Positive, Support
Devices:Positive.</answer>

Figure 6.2: Case 1 of CoT-Based Classification by MedVisioChat.

Specifically, it achieves the best AP40 in key categories such as Atelec-
tasis (25.0%), Cardiomegaly (94.9%), Interstitial Lung Disease (32.4%),
Infiltration (35.1%), Lung Opacity (20.1%), Nodule/Mass (28.9%) and
Pulmonary Fibrosis (49.3%), where spatial ambiguity and inter-observer
variability often pose challenges to other models. While DACR per-
forms relatively well in categories like Calcification and Pleural Effu-
sion, our model still delivers more balanced results overall. In contrast,
MedRPG performs strongly in Aortic Enlargement but fails to maintain
reasonable accuracy in other diseases, suggesting its limited generaliz-
ability. Importantly, Ours + CoT yields additional per-disease improve-
ments and raises the overall mean from 38.9% to 40.4% (+1.5 pp) in
Table 6.3. Representative gains include Atelectasis 25.0%—26.5%, Car-
diomegaly 94.9%—96.4%, Interstitial Lung Disease 32.4%—33.9%, Infil-
tration 35.1%—36.6%, Lung Opacity 20.1%—21.6%, Nodule /Mass 28.9%
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[ CoT-Based Classification }

Question:

This is a 14-class classification task related to medical imaging,
where the 14 disease categories are as follows: Atelectasis,
Cardiomegaly, Consolidation, Edema, Enlarged
Cardiomediastinum, Fracture, Lung Lesion, Lung Opacity, No
Finding, Pleural Effusion, Pleural Other, Pneumonia,

| Pneumothorax, Support Devices. Please output "Positive" or
| "Negative" for each category. Output the thinking process in
<think></think> and the final answer in <answer></answer>
tags. i.e., <think> reasoning process here </think><answer>
answer here </answer=.

Answer:

<think=0n inspection of this AP chest radiograph, the cardiac silhouette is within normal
limits, the mediastinum is not widened, and there is no evidence of focal consolidation,
diffuse edema, pleural effusion, pneumothorax, lung masses, fractures, or support devices.
The lung fields appear clear and symmetric, and no acute abnormality is identified. Therefore
all specific disease categories are labeled Negative, and the overall finding is classified as
No Finding:Positive.</think><answer> Atelectasis:Negative, Cardiomegaly:Negative,
Consolidation:Negative, Edema:Negative, Enlarged Cardiomediastinum:Negative,
Fracture:Negative, Lung Lesion:Negative, Lung Opacity:Negative, No Finding:Positive,
Pleural Effusion:Negative, Pleural Other:Negative, Pneumonia:Negative,
Pneumothorax:Negative, Support Devices:Negative. </answer>

Figure 6.3: Case 2 of CoT-Based Classification by MedVisioChat.

—30.4%, and Pulmonary Fibrosis 49.3%—50.8%, evidencing broader gen-

eralization across anatomical regions and pathological appearances.

The superiority of our model can be attributed to its unified ar-
chitecture, which tightly integrates region-aware visual features with
language-driven disease reasoning, as well as the high-quality instruction-
tuning dataset generated via GPT-4 Turbo [66]. The instruction tuning
not only improves alignment between visual and textual modalities but
also helps the model disambiguate complex multi-disease contexts dur-
ing grounding. Furthermore, the integration of CoT reasoning endows
the model with an explicit deliberation process before outputting classi-
fication results, enabling more accurate multi-label predictions in medi-
cal contexts (as illustrated in Figure 6.2 and Figure 6.3). In addition, the
inclusion of a dialogue interface (Figure 6.4 and Figure 6.5) allows for
transparent diagnostic interactions, where users can query for condition-

specific visual evidence and receive both bounding box visualizations



150 Chapter 6. MedVisioChat: A Multimodal Large Language Model
Framework for Interpretable Diagnosis With Visual Grounding in CXRs

Hi, can you help me understand the
disease | have from my chest X-ray?

Of course, I've reviewed your chest X-ray, and
it shows Pleural thickening. This condition can
indicate several possible underlying issues,
including previous infections or exposure to
certain types of dust.

Could you outline where exactly on the
X-ray the disease is located?

@re, the area showing pleural
thickening is located towards
the middle but slightly to the
right side of the chest X-ray
image. This region corresponds
to the pleura, which is the thin
tissue wrapping your lungs. The |
bounding box indicates the |
specific area where the

\Qckening is observed.

| see. Is this condition serious?

Pleural thickening can vary in seriousness
depending on the extent and the underlying cause.
It's often associated with exposure to certain
types of dust or other lung conditions. |
recommend discussing your specific case in detail
with a healthcare provider for an accurate
diagnosis and treatment plan.

Figure 6.4: Case 1 of Medical Comprehension by MedVisioChat.

and textual explanations. This elevates the interpretability of Al-driven
diagnostics and makes the system more aligned with real-world clini-
cal workflows, where explainability and user trust are paramount. Col-
lectively, these detailed comparisons across both aggregate metrics and
disease-specific evaluations highlight the effectiveness, robustness, and
clinical usability of our MedVisioChat framework in visual grounding
for chest X-ray interpretation.
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o

Hi, could you tell me what disease is indicated by my chest X-ray?

[ Certainly, your chest X-ray shows that you have Pulmonary fibrosis. ]

Can you point out where exactly this disease is located on my X-ray?

Ve

Of course. The Pulmonary fibrosis is specifically located in the image. This
bounding box highlights the affected area in your chest X-ray image.

.

Thanks for the information. What steps should | take next?

treatment options for Pulmonary fibrosis. They can provide guidance tailored to your condition's severity and your
{ overall health.

-
It's important to follow up with a healthcare provider for a comprehensive evaluation and to discuss potential ]

Figure 6.5: Case 2 of Medical Comprehension by MedVisioChat.

6.4.3 Limitation

There are several limitations in this study that highlight areas for fu-
ture improvement. First, while LLMs have demonstrated strong gener-
alization and reasoning abilities across a variety of domains, their perfor-
mance is often closely tied to the availability of large-scale, high-quality
training data. In the medical imaging domain—particularly in special-
ized tasks such as chest X-ray classification, report generation, and visual
grounding—the size and diversity of publicly available datasets remain
relatively limited. This constraint restricts the model’s ability to learn
robust representations that generalize well across different patient pop-
ulations, disease types, and imaging devices. Moreover, the fine-tuning
process in our study is based on a finite number of samples from datasets
like MIMIC-CXR and VinDr-CXR. Although these datasets are among
the largest in the medical imaging field, they still do not match the scale
of datasets used to train general-domain LLMs. As a result, the model’s
ability to handle rare pathologies or subtle visual features may be subop-
timal, especially when compared to its performance on more prevalent
disease categories. Finally, while we have employed instruction tuning
to improve the model'’s ability to engage in interactive, explainable dia-
logues, the quality of instruction-following behavior is influenced by the
diversity and realism of the generated dialogues. Our instruction data,
though carefully constructed using GPT-4 Turbo, may not fully capture
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the complexity and nuance of real-world clinical conversations, limiting

the model’s practical utility in dynamic clinical environments.

6.5 Summary

In this chapter, we introduce MedVisioChat, a LLM framework designed
for interpretable medical diagnosis through visual grounding in CXRs.
By combining prompt engineering, chain of thought and a LLM fine-
tuned with instruction-following data generated by GPT-4 Turbo, Med-
VisioChat performs both multi-label disease classification and precise lo-
calization using bounding boxes. The model is pre-trained on MIMIC-
CXR and VinDr-CXR datasets and demonstrates superior performance
in both classification and visual grounding tasks compared to state-of-
the-art baselines. This work bridges the gap between vision-language
understanding and clinical interpretability, offering a more transparent

and interactive diagnostic tool. Our contributions are as follows:

¢ We introduce MedVisioChat, a novel LLM framework that seam-
lessly integrates disease classification and visual grounding capa-
bilities with textual reasoning and knowledge representation to sup-
port comprehensive, multi-turn dialogues in medical diagnosis. Un-
like traditional diagnostic AI models that function as passive clas-
sifiers, Med-VisioChat actively engages in human-like conversa-
tions, interprets CXR images, and offers visual explanations aligned
with clinical findings. This enables clinicians and patients alike to
interact with the system in a more interpretable and transparent
manner, thereby transforming the process of medical image inter-
pretation and ultimately enhancing diagnostic accuracy, trust, and

outcomes in real-world settings.

* We propose a task-specific prompt design and a chain of thought
reward tailored for multi-label disease classification in the medi-
cal domain, addressing challenges such as class imbalance and the
subtle visual distinctions in CXR images. Our prompt design en-
ables the model to sequentially reason through multiple disease
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classes while maintaining consistency and interpretability. In ad-
dition, we contribute a comprehensive instruction-tuning dataset
specifically curated for the healthcare domain, comprising thou-
sands of high-quality, GPT-4 Turbo—generated multi-round dialogues
annotated with disease names and bounding box information. This
dataset plays a crucial role in training and evaluating the model’s
interaction quality and grounding performance, and will be made
publicly available alongside the MedVisioChat model to facilitate
reproducibility and encourage further research in trustworthy and

explainable medical AL
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

In this thesis, we systematically investigated the challenges in medical
image analysis and synthesis, with a particular focus on CXRs. We be-
gan by reviewing the current landscape of research, identifying key lim-
itations in three critical areas: bone suppression, unified LLMs for CXR
understanding and generation, and LLMs for CXR classification and vi-
sual grounding. To address these challenges, we proposed four novel
methods designed to enhance both the accuracy and robustness of med-
ical image analysis and synthesis. Collectively, these contributions mark
significant progress in the field of medical deep learning and offer effec-
tive solutions for improving the clinical utility and reliability of medical

image analysis and synthesis.

In Chapter 3, we proposed a novel bone suppression framework
aimed at mitigating the interference of bony structures, thereby improv-
ing performance in downstream clinical tasks such as classification and
segmentation. Our method integrates an enhanced multi-head codebook
attention module within a two-stage suppression architecture, ensuring
that while bone shadows are effectively removed, critical anatomical re-
gions—such as lung fields and lesions—are preserved with high fidelity.
Experimental results on the Bone Suppression and NIH14 datasets demon-
strate that our approach not only improves visual quality but also sig-
nificantly boosts performance in diagnostic applications. By reducing
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structural noise from bones, this framework has the potential to assist

radiologists and enhance the reliability of automated diagnostic systems.

In Chapter 4, our research presents MedXChat, a unified LLM frame-
work designed for multi-task CXR understanding and generation. MedX-
Chat addresses three key clinical tasks: report generation (CXR-to-Report),
visual question answering (CXR-VQA), and image synthesis (Text-to-
CXR). Unlike prior models that rely heavily on vector quantization, MedX-
Chat incorporates instruction-tuned data generated by GPT-4 and fine-
tunes a Stable Diffusion module for high-quality image synthesis. Com-
prehensive evaluations across computational metrics and downstream
clinical tasks demonstrate that MedXChat consistently surpasses state-
of-the-art baselines in terms of accuracy, consistency, and image fidelity.
This work underscores the promise of unified LLM frameworks in ad-
vancing intelligent radiology applications for both clinical practice and
medical education.

In Chapter 5, we collaborated with professional radiologists— com-
prising three junior radiologists, two senior radiologists, and one super-
vising radiologist—to establish a systematic and expert-driven evalua-
tion and comparison of MedXChat against other large language models.
Our findings revealed that many commonly used computational met-
rics, such as BLEU-4 and FID, do not fully capture the models” clinical
utility. By integrating both radiologists” assessments and computational
metrics, we demonstrated that MedXChat remains effective as a unified
multimodal LLM framework for chest X-ray interpretation, encompass-
ing automated report generation, visual question answering, and med-
ical image synthesis within a single architecture. These results under-
score MedXChat's clinical applicability and position it as a strong candi-
date for next-generation intelligent assistant systems in radiology, char-

acterized by interpretability, adaptability, and robust clinical grounding.

In Chapter 6, we propose MedVisioChat, a LLM tailored for medical
classification and visual grounding. Unlike existing large models that di-
rectly perform classification, we design a dedicated prompt structure for
14 disease categories, requiring the model to output explicit positive or

negative responses. To further improve classification performance, we
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introduce a novel reward mechanism consisting of an accuracy reward,
which encourages correct predictions, and a format reward, which en-
forces structured outputs combining both the Chain-of-Thought (CoT)
reasoning and the final answer. This reward design significantly en-
hances the model’s ability to produce accurate and interpretable classifi-
cations. For visual grounding, we develop a set of special tokens that
explicitly connect disease categories with their corresponding bound-
ing boxes, using instruction data generated by GPT. This design helps
the LLM better understand the semantic link between diagnosis and
spatial localization, thereby improving its ability to generate bounding
boxes that accurately highlight disease-relevant regions. Extensive ex-
periments demonstrate that MedVisioChat not only achieves superior
classification accuracy compared to baseline LLMs, but also yields more
reliable and clinically meaningful visual grounding results. These find-
ings highlight the importance of combining CoT-enhanced classification
with structured instruction data for advancing multimodal medical Al

systems.

Based on the extensive experiments and ablation studies conducted
on public datasets, our results demonstrate the effectiveness of our pro-
posed methods in medical image analysis and synthesis. By compar-
ing our approach with popular existing methods, we have shown that
our techniques consistently achieve superior performance across various

tasks.

7.2 Future work

Considering recent developments in medical image analysis and deep
learning technology, we propose three potential research directions for
future work.

¢ In future work, we plan to explore more efficient and lightweight
backbone architectures for bone suppression to improve computa-
tional efficiency without compromising performance. One promis-
ing direction is to incorporate sparse attention mechanisms into
the Vision Transformer (ViT) architecture, which can significantly
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reduce the quadratic complexity of self-attention while preserv-
ing global contextual modeling capabilities. Additionally, we will
investigate model compression techniques such as pruning and
quantization to further reduce inference time and memory usage,
enabling deployment in resource-constrained clinical environments.
Furthermore, we plan to expand the dataset by including more
clinically diverse and representative samples across various dis-
ease types, age groups, and imaging protocols. We also aim to
explore semi-supervised or synthetic data generation strategies to
augment the training set, further enhancing the robustness and
generalizability of the proposed framework in real-world radiol-

ogy workflows.

To further enhance the generalizability and clinical value of our
unified medical LLM framework, future research should first pri-
oritize diversifying the underlying data sources. While the cur-
rent study primarily relies on the MIMIC-CXR dataset, its scope
remains limited in reflecting the full variability of real-world clin-
ical settings. A more robust solution would involve incorporating
chest X-ray data from multiple institutions, regions, and imaging
devices, thereby exposing the model to diverse patient populations
and technical conditions. Beyond simple data aggregation, domain
adaptation strategies such as adversarial training or feature align-
ment could be applied to reduce distributional shifts across institu-

tions, ensuring more reliable cross-site performance.

The instruction-tuning process presents an opportunity for refine-
ment. Presently, synthetic dialogue data are used to simulate physi-
cian—patient interactions; however, these approximations often fail
to capture the subtle linguistic and reasoning nuances present in
clinical conversations. Replacing synthetic data with real-world
clinical dialogues would strengthen the model’s ability to under-
stand domain-specific language, better align its reasoning chains
with professional diagnostic practices, and improve its adaptabil-
ity to patient-facing applications where natural, conversational un-

derstanding is critical.
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