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Abstract

Automated interpretation of medical images is essential in modern healthcare, par-
ticularly with the daily growing volume of medical imaging data. Among various
imaging types, chest X-ray (CXR) is one of the most widely used modalities, and a key
application of this interpretation is radiology report generation (RRG), which aims to
produce free-text descriptions of relevant findings in CXR images. These findings may
include anatomical structures, pathological conditions, or other significant observations.
However, analyzing CXR images requires highly specialized domain knowledge to
understand and interpret both the visual content and the clinical context of a medical
case. Writing radiology reports can be time-consuming, often requiring considerable
effort from radiologists, even for experienced professionals. Consequently, automating
RRG has garnered significant interest from the research community due to its poten-
tial to alleviate radiologists’ workload and expedite the diagnostic process. Existing
RRG approaches typically process a CXR as input and employ an auto-regressive
decoding strategy to generate reports sequentially from left to right. However, these
methods often exhibit limited clinical accuracy, as they fail to adequately exploit and
incorporate relevant clinical information, such as observations, disease progression, or
relevant attributes. It is essential to properly extract and integrate diverse information

sources, thereby enhancing the quality and utility of automated radiology reports.

In this thesis, we aim to extract and incorporate clinical information for radiology

report generation, where different sources of information are effectively utilized to



improve the accuracy of generated reports. In particular, we identify three main
research problems: (1) How to improve the disease/observation accuracy of generated
reports given CXR images, especially when (large) language models can produce highly
readable and coherent clinical texts? (2) How to properly model the attributes of
diseases/observations that reflect both spatial characteristics and temporal progression,
given sequential CXRs? (3) How to regulate a radiology report generation model
to produce consistent reports at the attribute-level when semantically equivalent
radiological studies are provided as input? Based on the categories of work carried

out, this thesis is structured into three parts.

The first part of our work (Works 1 and 2) focuses on improving observation accuracy
(problem 1). Observations represent high-level clinical information of CXRs, and
enhancing this accuracy requires effective visual understanding and domain knowledge.
To achieve this, we first construct an observation-specific graph from radiology reports,
including three levels of nodes: observations, n-grams, and tokens. We then propose an
observation-guided approach, ORGAN, which first extracts observations from CXRs
and then selects relevant information from the graph to enhance report generation.
Building upon this, we further enhance clinical accuracy by leveraging large language
models (LLMs), given their strong capabilities across various domains. However,
LLMs still exhibit knowledge gaps when analyzing CXR studies, particularly complex
cases. To address this, we introduce RADAR, a method that first assesses and refines
the knowledge already acquired by LLMs based on extracted observations, and then
injects supplementary knowledge to complement the learned information. Extensive
experiments demonstrate that our proposed methods significantly improve observation-

level accuracy in radiology report generation.

The second part of our work (Work 3) addresses problem 2, which involves both
incorporating prior study information and effectively integrating relevant attributes
to generate spatiotemporally precise reports. To achieve this, we categorize attributes

from sequential radiology reports into two types: spatial and temporal. Since these

ii



attributes are closely linked to observations and disease progression, we construct
a progression graph and propose a framework called RECAP. RECAP leverages
prior CXR studies as additional input and reasons over the progression graph to
accurately select relevant attributes, thereby enhancing radiology report generation.
Extensive experiments demonstrate that our framework outperforms existing baselines
in attribute modeling, highlighting its effectiveness in improving radiology report

generation.

In the third part (Work 4), we address problme 3 by introducing two metrics to
quantify inter-report consistency and developing a lesion-aware mixup for consistent
radiology report generation. Building on extracted observation- and progression-aware
attributes, we propose a framework called ICON, which models such consistency
using regional information from CXRs. Given an X-ray, our approach extracts lesions
and retrieves similar cases for mixup. The model is then trained to align shared
representations of mixed lesions with relevant attributes, enabling ICON to effectively
enhance inter-report consistency. Extensive experiments validate the effectiveness of
our framework, demonstrating its ability to improve consistency in radiology report

generation.

In summary, this thesis presents a comprehensive study of radiology report generation,
advancing factual accuracy through the integration of clinical information. Our
findings demonstrate the effectiveness of the proposed approaches, highlighting their
significant potential to enhance medical image interpretation and support real-world

diagnostic workflows.
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Chapter 1

Introduction

1.1 Background

Medical images are visual representations of the internal structures of the human body,
captured using various imaging modalities such as X-rays, computed tomography
(CT), magnetic resonance imaging (MRI), and ultrasound. In particular, chest X-rays
(CXRs) [117] offer detailed visualization of the lungs, airways, heart, diaphragm, and
bones, by directing a controlled beam of X-rays toward the chest and capturing the
radiation that passes through the body to create a two-dimensional image. As the most
widely used medical imaging modality worldwide, chest radiography plays a crucial role
in routine screenings, emergency diagnostics, and disease management. Its non-invasive
nature and cost-effectiveness make it particularly valuable for early disease detection
and widespread clinical applications. Despite its significance in modern healthcare, the
increasing demand for chest X-ray interpretation has outpaced the available workforce,
leading to a global shortage of radiologists [143, [77, [105]. This challenge is even
more pronounced in underdeveloped areas, where the scarcity of trained specialists
exacerbates delays in diagnosis and patient care [144]. The growing disparity between

demand and availability has raised concerns about increased physician workload,



Chapter 1. Introduction

diagnostic inefficiencies, and potential impacts on patient outcomes. To address this
challenge, Al-assisted medical intelligence systems [150, [167] have gained significant
attention from research and industrial communities for their ability to automate and
enhance clinical workflows. Among various medical image analysis advancements, Al-
driven medical report generation has emerged as a transformative solution, streamlining
the interpretation process and improving communication between radiologists and
referring physicians. These reports provide systematic and standardized assessments
of imaging studies, facilitating accurate diagnoses, optimized treatment planning, and
more efficient patient management. Over the years, producing medical reports, for
radiology and other modalities, has evolved from traditional handwritten or dictated
formats [115] 47] to sophisticated digital and Al-assisted systems [153] 219} 218 [73] [72],
marking a significant leap toward more efficient and scalable medical imaging practices.
In the past few years, numerous studies [119] [I77] have focused on automating
the report generation process using computer vision (CV) and natural language
processing (NLP) techniques. As a result, the quality of generated reports, in terms
of fluency, coherence, and clinical accuracy, has seen significant improvement. Despite
this significant progress, the performance showcased by radiology report generation
methods is still far behind the expertise of radiologists, posing a major obstacle to
their practical deployment in real-world clinical settings. Specifically, [205] identified
six common error categories in radiology report generation, including false predictions
of findings and omissions of comparative descriptions that indicate changes from prior
studies. These errors can be attributed to several underlying factors. On the one hand,
unlike general image captions [95] 2], radiology reports are typically longer and consist
of multiple narrative sentences that describe both normal and abnormal findings in
CXRs. On the other hand, abnormal regions and relevant lesions in grayscale CXRs
often exhibit subtle, highly patterned features and are sometimes small in size, making
them difficult to detect using conventional image captioning techniques. Consequently,
accurately identifying anatomical regions, extracting clinically relevant observations,

and effectively incorporating this information into the generation process are essential
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for producing factually correct radiology reports.

Radiology report generation is primarily categorized into two directions: retrieval-
based methods and auto-regressive methods. Retrieval-based approaches [34], 200]
leverage expert-written reports as a reference database, ensuring outputs adhere to
clinical standards. In contrast, auto-regressive methods [73| 21] generally achieve
better performance by generating reports dynamically. However, since diseases and
abnormal findings occur less frequently than in normal cases, direct image-to-text
learning signals are often sparse. This sparsity makes it challenging for Al systems
to produce clinically accurate reports. Existing research has introduced specialized
knowledge representations and modular architectures designed to capture complex
patterns in medical samples, thereby enhancing radiology report generation. However,
inherent challenges persist due to the complexity of medical imaging and the nuanced
language required for precise clinical descriptions. Given radiology report generation
involves two key steps, i.e., visual understanding and language generation, addressing
these challenges requires more effective extraction of clinical information (e.g., obser-
vations, attributes, and diseases progressions) from medical images and the seamless
incorporation of this information into the generated reports. Therefore, accurately
modeling clinical information is essential for producing accurate and coherent radiology

reports.

Overall, this thesis aims to extract and incorporate patient-specific clinical information
and enhance the performance of radiology report generation. We believe that our
explored research problems are of practical significance and hold academic value,
contributing to the field of medical image interpretation. In the following sections,
we will introduce the key research challenges addressed in this thesis, followed by a

comprehensive overview of the work conducted.
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1.2 Research Problems

The primary objective of this thesis is to extract and incorporate patient-specific
clinical information for accurate, precise, and consistent radiology report generation.

In pursuit of this goal, we aim to address the following key research challenges:

e Problem 1: How to improve the disease/observation accuracy of generated
reports given CXR images, especially when (large) language models (LLMs) can

produce highly readable and coherent clinical texts?

e Problem 2: How to properly model the attributes of diseases/observations that
reflect both spatial characteristics and temporal progression, given sequential

CXRs?

e Problem 3: How to regulate a radiology report generation model to produce
consistent reports at the attribute-level when semantically equivalent radiological

studies are provided as input?

The first problem primarily concerns observation-level accuracy, evaluating how well
the model’s generated reports capture the observations present in the reference reports.
This issue is particularly critical, as the overall quality and clinical reliability of a
radiology report heavily depend on its accuracy. Effectively addressing this challenge
lays the groundwork for subsequent tasks, such as attribute modeling and ensuring
report consistency. However, several challenges arise when tackling this problem.
Firstly, conventional image captioning methods, as well as other auto-regressive
language generation models designed for radiology report generation, often struggle to
identify observations in CXRs accurately. A key reason is that these models typically
generate reports primarily based on the CXRs, without incorporating additional
clinical information. As a result, supervision signals for specific observations are

often sparse. Secondly, due to the free-text nature of radiology reports, a single
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observation can be expressed in various ways (e.g., " The heart size is enlarged." or
" This is mild cardiomegaly."). It is challenging for models to recognize such variations
as equivalent. Lastly, although radiology report generation models often demonstrate
strong fluency and coherence, they frequently overlook abnormalities due to a lack of

domain knowledge that could otherwise enhance their diagnostic accuracy.

The second problem mainly involves modeling the attributes of observations (e.g.,
status, location, size, severity, and progression), which requires the model to generate
both coarse-grained observations and their corresponding fine-grained descriptions
accurately. A closer examination of the free-text descriptions of observations reveals
that each observation is associated with specific attributes. Improper attribute
assignment and inadequate spatiotemporal modeling can lead to clinical errors and
hallucinations, increasing the time required for proofreading and correction of the
generated reports. A critical aspect in addressing this problem lies in effectively
associating observations with their corresponding attributes and accurately modeling
disease progression. Learning these relationships from image-report pairs is particularly
difficult due to the sparse supervision signals available in medical datasets. There are
two primary challenges associated with this problem. One major challenge is that
sequential CXR studies of a patient are temporally grounded, as follow-up studies rely
on prior clinical history, and radiology reports reflect changes over time. However, many
previous approaches have ignored the history, resulting in hallucinations. Another
challenge is that the attributes of observations are often missing or inaccurately
captured, due to the complexity of observations and the evolving nature of longitudinal

medical data.

The third problem pertains to inter-report consistency in radiology report generation
methods, i.e., when two semantically equivalent studies are provided as input, a
robust and reliable model should generate reports that are consistent in attributes of
observations, reflecting the similarity of the underlying findings. There are mainly

two challenges in this problem. On the one hand, inter-report consistency remains



Chapter 1. Introduction

Problem 1: Improve observation
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Figure 1.1: Relationships among three research problems.

unexplored, and it is crucial to properly quantify this aspect. On the other hand, since
one study contains various information (e.g., prior/current CXRs and prior reports),
handling this inherent complex structure is difficult. As a result, enhancing inter-
report consistency requires effective extraction of semantically equivalent information

between two studies for fine-grained attribute alignment.

These three research problems are closely related and should be addressed sequentially.
Research problem 1 focuses on observation-level accuracy, laying the foundation for
clinically accurate RRG models. Building on problem 1, problem 2 examines RRG at
the entity level, taking a deeper perspective. It goes a step further by targeting the
attributes of observations, thereby addressing a finer-grained aspect. Extending this,
problem 3 focuses on inter-report consistency across both observations and entities,
taking another step toward capturing fine-grained information. We displayed the

relationships among these three research problems in Figure [1.1

1.3 Research Overview and Contributions

In this thesis, we aim to address the challenges of enhancing the factual accuracy of

radiology report generation by extracting and incorporating relevant clinical informa-

tion. Based on three research problems, the studies in this thesis are organized into
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Research Publication
Research Work

Problem Venue

Work 1: ORGAN: Observation-Guided Radiology Re-
ACL 2023 [57]
Problem 1 port Generation via Tree-Reasoning

Work 2: RADAR: Enhancing Radiology Report Genera-
ACL 2025 [55]
tion with Supplementary Knowledge Injection

Work 3: REcAP: Towards Precise Radiology Report Findings of
Problem 2
Generation via Dynamic Disease Progression Reasoning EMNLP 2023 [56]

Work 4: ICON: Improving Inter-Report Consistency in

) ) ) ) ) Findings of
Problem 3 Radiology Report Generation via Lesion-aware Mixup

] EMNLP 2024 [54]
Augmentation

Table 1.1: Overview of Research Work in this Thesis.

three parts, and the overview of these works is displayed in Table Specifically,
the first part concentrates on enhancing the clinical accuracy of generated reports by
introducing observation-relevant information. The second part addresses the modeling
of observation attributes and disease progression in sequential CXR studies. The
third part explores methods for improving the inter-report consistency using lesion-
attribute information, ensuring that semantically equivalent CXRs yield consistent
report outputs. For problem 1, we first develop an observation-guided report genera-
tion model to lay the foundation (work 1), and then propose an observation-aware
knowledge-enhanced model to effectively address this problem (work 2). For problem
2, we incorporate historical records and model spatiotemporal attributes to achieve
accurate and precise report generation (work 3). For problem 3, we first quantify
inter-report consistency and then propose a lesion-aware mixup method to enhance

such consistency in the generated outputs (work 4).
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Work 1 & 2: Observation-aware Radiology Report Generation

To enhance clinical accuracy of radiology report generation, we propose leveraging
clinical information extracted from CXRs, specifically observation-level information.
This type of information provides a high-level abstraction of CXRs and encodes rich
semantic content. Our primary research objective is to extract clinically relevant
observations from CXRs and effectively utilize their semantic representations to gen-
erate more accurate and informative radiology reports. In work 1, we propose an
observation-guided radiology report generation framework (ORGAN), which fully
exploits observation-relevant information. The framework first extracts observations
from input CXRs and then generates corresponding reports using a pre-constructed
observation graph. In particular, this graph comprises multi-level nodes, i.e., ob-
servations, n-grams, and tokens, to represent hierarchical semantic information. By
learning to select and integrate relevant nodes from the graph, ORGAN can effectively

translate observations into coherent and clinically meaningful reports.

Building upon ORGAN, we further enhance clinical accuracy by leveraging LLMs,
given their strong capabilities across various domains. However, LLMs still exhibit
knowledge gaps when analyzing CXR studies, especially in complex cases. Additionally,
prior knowledge-enhanced methods often overlook the knowledge already embedded
in LLMSs, resulting in redundant information. To address these issues, in work 2
we introduce RADAR, a method that injects supplementary knowledge based on
observation information. RADAR first assesses and refines the internal knowledge
of LLMs using observations extracted by an expert model, then augments this with

external information to generate clinically accurate radiology reports.

Contributions. In work 1, we introduce observation information as a guiding signal
to enhance radiology report generation and propose ORGAN. To fully exploit this
high-level semantic information and improve surface realization for observations, we

construct a three-level observation graph from the training corpus, consisting of
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observations, n-grams, and tokens. We then perform hierarchical reasoning over this
graph to dynamically select observation-relevant content. Extensive experiments on

two publicly available benchmarks demonstrate the effectiveness of our model.

In work 2, we leverage LLMs for report generation and explore effective knowledge
integration strategies to supplement the existing knowledge of a model, aiming to
further address research problem 1. We propose a novel supplementary knowledge
injection approach, RADAR, which first extracts the knowledge already learned by an
LLM and then retrieves additional observation-aware knowledge to complement it.
The internal knowledge and retrieved external information are collectively leveraged
to enhance radiology report generation. We conduct extensive experiments on three
publicly available datasets, and the results demonstrate the effectiveness of our

approach.

Work 3: Spatiotemporally Precise Radiology Report Generation

Our previous studies focus on observation extraction, incorporation, and its surface
realization in radiology report generation, which significantly improve the clinical
accuracy of the generated outputs. Building on this, we investigate a finer-grained
aspect of radiology reports, namely, the attributes of observations (e.g., small pleural
effusion). Previous radiology report generation models often overlook the spatial
and temporal attributes of observations, leading to clinically incorrect reports at
the entity level. Our research aims to introduce fine-grained clinical information
for spatiotemporally precise report generation. Recall that radiology reports serve
as narrative descriptions of CXRs, and these descriptions are typically modified by
positional or status-related attributes. Moreover, when a CXR study is a follow-up
record, the report should reflect changes in observations across longitudinal CXRs.
With this in mind, we propose a radiology report generation model with dynamic

disease progression reasoning (RECAP). RECAP first extracts clinical information (i.e.,
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observations and progressions) from the given sequential CXRs, and then incorporates
this information for report generation. To effectively convert this information in
the generated report, we first construct a disease progression graph based on the
training corpus, where nodes represent observations and their attributes, and edges
represent progression relationships. RECAP then performs reasoning over this graph
to dynamically select the most relevant attributes that best describe the observations

and their temporal changes.

Contributions. In work 3, we propose RECAP, a model that captures both spatial
and temporal information to generate precise and accurate free-text reports. To
achieve fine-grained attribute modeling, we construct a disease progression graph
that incorporates both observations and positional or severity-quantifying attributes,
and then we devise a reasoning mechanism that selects relevant attributes for precise
report generation. Extensive experiments on two datasets validate the effectiveness of

our model in terms of attributes and temporal modeling.

Work 4: Consistent Radiology Report Generation

Our previous studies focused on enhancing clinical accuracy by extracting and in-
corporating relevant clinical information (e.g., observations and progressions) into
the report generation process. Based on this foundation, we now address another
critical aspect: inter-report consistency. This property requires a report generation
model to produce accurate and consistent outputs when provided with semantically
equivalent CXRs as input. While clinical accuracy ensures the quality of individual
generated outputs, inter-report consistency goes a step further by evaluating quality
across different similar studies, contributing to the development of a more reliable and
trustworthy system. To achieve this goal, we address this largely unexplored aspect
by introducing two quantitative metrics for assessing inter-report consistency. We

then propose a report generation model with regional feature integration, called ICON,
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which extracts lesions from CXRs and learns to align lesions with their attributes. To
further improve consistency, we augment the extracted lesions with retrieved lesions
from similar cases, enabling the model to align similar features with shared attributes

more effectively.

Contributions. In work 4, we introduce inter-report consistency as a critical aspect
of radiology report generation and propose two novel metrics to measure it. We
develop ICON, a model that captures abnormalities at the region level while requiring
only coarse-grained image labels for training. With lesion-aware mixup augmentation,
ICON effectively aligns similar lesions with shared attributes, thereby enhancing inter-
report consistency. Extensive experiments confirm the effectiveness of our model in

improving both consistency and accuracy in generated reports.

1.4 Structure of Thesis

This thesis is organized as follows to provide a comprehensive overview:

e Chapter 1 begins by introducing the background of research in radiology report
generation, highlighting existing challenges and the motivations behind the
problems explored in this work. It then outlines the three key research problems,
offers an overview of the study, and presents the main contributions of this

thesis.

e Chapter 2 presents a comprehensive literature review, covering medical report
generation approaches, evaluation methods and datasets, as well as various

technologies introduced for medical image analysis.

e Chapter 3 focuses on extracting and incorporating observations for radiology
report generation, and proposes a two-stage observation-guided framework,

ORGAN. The first stage generates observation plans, while the second stage

11
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converts these observations using pre-constructed knowledge.

e Chapter 4 further enhances the clinical accuracy by leveraging LLMs and intro-
duces a report generation framework with supplementary knowledge injection
(RADAR). Building upon the framework proposed in the previous chapter, this
work integrates both the model’s internal information and externally retrieved

knowledge for report generation.

e Chapter 5 explores finer-grained modeling at the entity level and presents a
spatiotemporally precise report generation method (RECAP). This approach
extracts observations and disease progression from CXRs and incorporates
attribute-level information during the generation process, resulting in more
precise and clinically accurate radiology reports. In contrast to the previous two

chapters, this work emphasizes entity-level accuracy and progression modeling.

e Chapter 6 addresses another crucial aspect beyond clinical accuracy, i.e., inter-
report consistency, which ensures that a radiology report generation model
produces consistent reports for semantically equivalent cases. To evaluate this
property, we introduce two quantitative consistency metrics and propose ICON,
a framework that enhances inter-report consistency through lesion-aware mixup

at the entity level.

e Chapter 7 summarizes the proposed approaches, key findings, and overall contri-

butions of this thesis. It also discusses potential future research directions.

12
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Literature Review

This chapter provides a review of studies relevant to the research presented in this
thesis. Our main objective is to offer a comprehensive overview of related work, with
a particular focus on medical report generation and various technologies of medical
image analysis. By summarizing these studies, we aim to derive valuable insights and

build a solid foundation for our research.

2.1 Medical Report Generation Approaches

Automating the process of medical report generation can greatly reduce the heavy
strain on radiologists and has high practical value in real-world environments. Similar
to image captioning [170] [4], which involves generating descriptive textual summaries
for images, medical report generation aims to produce free-text descriptions of find-
ings based on given medical images. Many studies have employed various medical
image analysis techniques to improve the quality of generated reports. Due to the
variety of imaging modalities, previous research has primarily focused on CXR [28] [74],
Computed Tomography (CT) scans [44], Whole-Slide images (WSI) [18, [42], Elec-
troencephalograph (EEG) [11], Fundus Fluorescein Angiography (FFA) images [87],

13
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and other types of fundus imaging [59], such as Optical Coherence Tomography (OCT)
and Color Fundus Photography (CFP). In this section, we will first introduce different
types of methods for radiology report generation, and then provide a brief summarizes

of report generation approaches for other modalities.

2.1.1 RNN-Based Radiology Report Generation

Recurrent Neural Networks (RNNs) [147] and their variants, e.g., Long Short-Term
Memory (LSTM) networks [53], have demonstrated strong language modeling ca-
pabilities. Consequently, RNN/LSTM-based architectures were widely adopted for
image captioning and radiology report generation. However, due to the distinct
characteristics of CXR studies, such as higher structure complexity and longer re-
port lengths, directly extending conventional image captioning models to radiology
report generation may result in suboptimal performance [170, 141} 21]. Furthermore,
unlike image captioning, the focus of radiology report generation shifts from lexical
similarity to clinical accuracy. Simply migrating existing models to report generation
does not adequately address this challenge. To overcome this limitation, researchers
have proposed various techniques and incorporated domain-relevant information into

RNN-based models to enhance their clinical performance.

[153] presented a CNN-LSTM cascade model that first detects diseases using a CNN,
and subsequently generates image annotations by producing a joint image/text context
vector, achieving significant improvements in image annotation performance. Given
the lengthy nature of radiology reports, many studies have adopted hierarchical LSTMs
to capture both sentence-level and word-level semantic information. For instance,
[73] introduced a multi-task learning framework that simultaneously predicts Medical
Text Indexer (MTI) tags and generates reports using a hierarchical LSTM, thereby
enhancing the quality of the generated outputs. Additionally, [208] proposed improved

LSTM-based encoder-decoder models for radiology report generation by incorporating

14
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multi-view images and medical concepts. To further improve accuracy, [202] introduced
a hierarchical RNN with a topic matching mechanism, which facilitates better visual-
textual alignment in the semantic space. To address the inherent data bias present in
medical samples, [48] proposed a dual-word LSTM that generates normal and abnormal
sentences separately, enabling the model to place greater focus on abnormalities in
CXRs. [182] proposed a self-boosting framework that adopts image-text matching to
enhance radiology report generation. In addition, incorporating domain knowledge
has become a common strategy to bridge the knowledge gap in radiology report
generation. [216] proposed leveraging knowledge graphs (KGs) to address this gap
and introduced a novel evaluation metric based on KGs. To mitigate the visual-
semantic gap, [201] proposed a framework that jointly encodes visual features and
complementary semantic embeddings of medical tags, enabling the generation of more
accurate and fine-grained reports. Another important research direction is applying
Reinforcement Learning (RL) to optimize the generated outputs, as it provides flexible
objective towards either lexical similarity or clinical accuracy. Inspired by the workflow
of radiologists, [92] proposed leveraging manually curated templates and developed
a hybrid retrieval-generation approach via RL to improve the selection of relevant
information. Similarly, [72] proposed to exploit the structured information within
report sections, and devised a cooperative multi-agent system that learns to capture
key information through RL. While earlier studies primarily employed RL to enhance
language fluency, [103] introduced a clinically coherent reward that improves clinical
accuracy by maximizing the correlation of disease distributions between generated
reports and ground truth. Similarly, [114] proposed leveraging CheXpert [67] as a

source of clinical information to generate clinically coherent radiology reports.

2.1.2 Transformer-Based Radiology Report Generation

Since the Transformer architecture [168] has demonstrated remarkable performance

across a wide range of tasks and domains, particularly in modeling long-range de-
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pendencies, it has been widely adopted for medical report generation. Research in
this area generally falls into three main categories: cross-modal alignment models,
knowledge enhanced models, and clinical information guided models. Cross-modal
alignment models focus on designing various alignment strategies and modules to
strengthen the connection between visual and textual modalities, knowledge-enhanced
models latter aim to incorporate domain-specific knowledge to bridge the existing
knowledge gap in the medical domain, and clinical information guided models extract

and incorporate clinical information from CXRs to enhance clinical accuracy.

Cross-modal Alignment Models

[21] proposed a memory-driven Transformer model, incorporating a memory module
designed to retain key information throughout the generation process. Building on
this work, [20] introduced a cross-modal memory mechanism that explicitly leverages
cross-modal mappings to enhance radiology report generation. Further extending these
approaches, [133] utilized RL to optimize the model toward specific evaluation metrics,
aiming for improved performance. To fully utilize study-level information, [223]
proposed a cross-supervision method that learns joint representations of images and
reports. In addition to these methods, [102] proposed the contrastive attention model,
comparing the given image with normal images to distill information. [91] introduced a
multi-level cross-modal alignment framework that leverages various features to enhance
report generation. While the aforementioned studies facilitate cross-modal alignment,
they still face the challenge of severe data bias in the training set. To address this issue,
[100] proposed a competence-based multimodal curriculum learning approach, which
ranks training samples based on visual and textual difficulty, leading to improved
performance. Additionally, [I78] introduced a purely Transformer-based approach
optimized with multi-criteria objectives, including multi-label disease classification,
image-text matching, and weighted report generation, to mitigate this issue and further

enhance cross-modal alignment. To generate informative content, [193] developed a
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weakly-supervised contrastive learning method by identifying hard negative samples
during training. [195] proposed a vision-language pretraining framework called Clinical-
BERT for disease diagnosis and report generation, with masked language modeling

objective [30)].

Knowledge Enhanced Models

Given the existing knowledge gap in the medical domain, enhancing radiology report
generation with domain-specific knowledge represents a promising research direction.
Additionally, the attention mechanism, which dynamically captures and encodes
contextual information, allows for the flexible integration of diverse knowledge sources,
thereby significantly improving the performance of radiology report generation models.
For example, [81] proposed a knowledge-driven approach that decomposes the report
generation process into two stages: abnormality learning and language generation. This
decomposition significantly enhances overall performance. The authors constructed
an abnormality graph that links visual features with the final radiology reports,
substantially improving the detection and description of abnormal findings. Similarly,
[199] proposed incorporating both general and specific knowledge extracted from
RadGraph [69], which is a knowledge graph constructed from radiology reports,
to improve the factual accuracy of generated reports. To emulate the diagnostic
patterns of radiologists, who draw upon prior medical knowledge and experience,
[101] proposed a method called PPKED to extract and integrate both posterior and
prior knowledge from similar studies for improved report generation. While PPKED
employs only limited knowledge, [181] introduced a broader set of medical concepts
for semantic concept prediction and proposed a memory-augmented sparse attention
mechanism to capture fine-grained visual features, thereby improving performance.
Similarly, [112] introduced disease tags and medical concepts as knowledge sources,
and devised a compatible decoder to fuse multi-view knowledge. To further bridge

the domain knowledge gap, [198] proposed a knowledge-enhanced model with multi-
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modal alignment, in which a knowledge base is learned during training to supply
relevant contextual information. Unlike earlier approaches that rely on a single visual
representation, [65] introduced U-Transformer, which effectively leverages multi-level
visual features to enrich the report generation process. Additionally, they incorporated
a symptom graph to inject domain knowledge during generation. As static KGs may
be inadequate during the dynamic training process, [89] proposed a dynamic graph-
enhanced contrastive learning framework to improve learned representations, thereby
enhancing the quality and accuracy of generated reports. Inspired by multi-specialist
consultation, [179] devised a diagnostic captioning framework using multiple learnable
expert tokens. [196] introduced an attributed abnormality graph and adopted it

contextual information for clinical accurate report generation.

Clinical Information Guided Models

Despite the effectiveness of external knowledge in providing contextual information to
bridge the domain gap, it often requires additional effort to process, such as learning
to align the knowledge with visual representations. Consequently, many researchers
have proposed extracting clinical information directly from CXRs. For example,
[118] proposed to use the entity matching score as a reward to encourage the model
to generate factually complete and consistent radiology reports. Besides entities,
observations play a crucial role in radiology reports, as they summarize high-level
clinical content. In this regard, [125] proposed a planning-based approach that first
generates a content plan and then employs RL to realize the plan. Subsequently, [57]
proposed an observation-guided radiology report generation framework that produces
observation plan and constructs observation graph to improve surface realization,
enhancing the observation accuracy of generated reports. To enhance clinical under-
standing and disease identification, [71] proposed diagnosis-driven prompts extracted
from CXRs for medical report generation. Some studies have focused on extracting

anatomical regions or lesions from CXRs to enhance report generation. Specifically,
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[162] proposed a region-guided framework that first identifies anatomical regions and
then generates descriptions for each region to compose the final report. Similarly, [54]
introduced a novel framework that extracts coarse-grained lesions and aligns them
with corresponding attributes, aiming to improve inter-report consistency. However,
several prior studies have overlooked the importance of historical records when gen-
erating CXR reports, which can result in inappropriate or inconsistent descriptions
in follow-up examinations. As pointed out by [138], ignoring prior records can lead
to hallucinations in generated reports. To address this issue, [10] leveraged temporal
information for vision-language pretraining, demonstrating that incorporating prior
records effectively enhances performance in radiology report generation. Given the
importance of temporal information, [225] proposed a hierarchical longitudinal memory
mechanism that encodes previous images and reports to pre-fill the reports of current
CXRs, demonstrating promising results. Despite the effectiveness of previous research,
most studies have modeled temporal information at a coarse-grained level while over-
looking spatial information. To incorporate both spatial and temporal information at
a finer-grained level, [56] proposed a spatiotemporal-aware model that captures these

two aspects at the attribute level, resulting in more precise report generation.

2.1.3 VLM-based Radiology Report Generation
Foundation Models

Pretraining to learn good visual and textual representations is key to foundation models
(FMs). Given the cost and labor-intensive nature of labeling medical images and
texts, FMs hold significant value in the medical domain by enabling the exploitation
of large-scale unlabeled data. Various research works have designed different learning
objectives for training FMs and they are mainly categorized as CLIP-style contrastive

learning [134], GPT-style next-token prediction [135], and their combinations.

Contrastive learning [61], [184] 204] has demonstrated strong zero-shot transfer ca-
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pabilities across a variety of medical tasks. [I2] developed a contrastive learning
framework with improved text modeling, achieving better performance on various
downstream tasks. Building on this, [I0] incorporated prior images and reports
of given inputs to learn temporal changes across sequential studies. While earlier
methods typically ignored fine-grained details during contrastive learning, [173] first
pretrained a phenotype-based CLIP model and then adopted its vision model for
report generation, showing improved performance. Similarly, [224] proposed breaking
down reports into concise descriptions during pretraining, enabling the model to
capture fine-grained details more effectively during report generation. [97] introduced
a multi-grained report generation framework with sentence-level contrastive learning,
which boosts performance with dual decoders. [I51] proposed a novel framework that
combines both CLIP and diffusion model [14] representations for report generation.
[63] leveraged contrastive learning to enhance image-report alignment for fine-grained

representations.

Optimized through next-token prediction, GPT-style FMs are capable of performing
diverse tasks in a unified language generation framework [128]. A medical FM typically
undergoes two stages of training: pretraining and instruction tuning. Designed to
perform diverse biomedical tasks, [212] developed a lightweight Biomed GPT pretrained
on large-scale corpus, and this model demonstrates significant improvements over strong
baselines. Inspired by LLaVA [104], [82] developed a similar model for biomedicine
(LLaVA-Med), which undergoes two-stage training, i.e., medical concept alignment and
medical instruction tuning. LLaVA-Med requires only one day of training, significantly
reducing the cost of building a clinical assistant. Based on pretrained LLMs, [22]
developed a general-purpose vision-language foundation model, i.e., CheXagent, for
CXR interpretation, which can perform various types of analysis. [222] developed
a generalist model, i.e., MedVerse, which supports multimodal inputs and is suited
for clinical practice. [226] proposed Uni-Med that can perform six medical tasks

using a mixture-of-experts module. [166] proposed Med-Pal.LM M and [197] proposed
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Med-Gemini, both showing strong performance on various medical tasks. To bridge
the medical knowledge gap in vision-language models, [121] proposed a framework

called VILA-M3, which incorporates domain knowledge from expert models.

Fine-tuned LLMs

LLMs demonstrate strong capabilities across various tasks and domains. By accepting
multimodal inputs and producing unified language sequences, they significantly reduce
the need for additional model architecture designs. Despite their effectiveness, LLMs
still face several challenges in generating clinically relevant outputs. A major reason
is that these models are pretrained on diverse general-domain corpora and tend to
perform poorly on medical-specific tasks. Consequently, many studies have focused on
fine-tuning LLMs for the medical domain, particularly for radiology report generation.
Furthermore, accepting medical images as inputs necessitates alignment between visual
and textual modalities, which typically requires substantial computational resources
and large-scale multi-modal corpora, particularly due to the complexity inherent in
CXR studies. Many studies have made efforts to bridge this gap and benchmarked the
performance of LLMs. As one of the earliest LLM-based models for report generation,
[78] proposed a unified CXR-LLM capable of performing both CXR-to-report and
report-to-CXR tasks through instruction tuning, thereby extending the capabilities
of LLMs to a broader range of clinical scenarios. To incorporate pragmatic intents,
[122] introduced indications as additional inputs for report generation. To unlock
the potential of LLMs in radiology report generation, [180] developed a model based
on a frozen Llama 2 [165] and fine-tuned it using Low-Rank Adaptation (LoRA)
[58], resulting in a significant performance improvement. Similarly, [66] introduced
MAIRA-1, which consists of a CXR-specific image encoder and a Vicuna-7B [220]
language model, demonstrating impressive lexical and clinical performance. Building
on this foundation, [9] presented MAIRA-2, which extends the capabilities of its

predecessor by generating grounded findings, where textual descriptions are linked to
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corresponding spatial annotations.

Despite recent progress, these LLMs still exhibit a domain gap, as they acquire relevant
knowledge solely from training data. Therefore, incorporating external knowledge and
context is a promising research direction to address this limitation. [194] proposed a
two-step approach, which first extracts content defined in KGs from images, and then
verbalizes these elements into coherent reports using GPT-3.5. Since visual-textual
alignment typically requires large-scale image—text pairs, [99] proposed a bootstrapping
method that generates synthetic data using an LLM and then feeds it back into the
model for further training, resulting in significant performance improvements. To fully
exploit visual-textual relationships, [19] proposed an adaptive patch-word matching
model integrated with LLMs, enabling explainable cyclic image-to-report and report-
to-image generation. Leveraging the context comprehension capabilities of LLMs, [106]
introduced an in-context learning framework utilizing a multimodal contextual vector.
Addressing the issue of hallucinations commonly produced by LLMs, [50] proposed a
fact-checking mechanism for report generation models based on a query—code—update

paradigm.

In addition, [I74] conducted a comprehensive evaluation of various models on the
CHEXPERT PLUS dataset and proposed an LLM enhanced with multiple training
strategies. To incorporate longitudinal patient information, [107] developed a his-
torically constrained LLM that utilizes prior studies for temporally accurate report
generation. Similarly, [215] developed Libra, aiming for sequential radiographs analysis.
Recognizing the diversity in input formats, ranging from single-view CXR to multi-
view CXRs with associated reports, [183] introduced a flexible framework capable
of handling various input combinations. To improve alignment between visual and
textual representations, [64] proposed a cross-modal alignment adapter to enhance the
performance of Multimodal LLMs (MLLMSs). Furthermore, [175] presented a memory-
enhanced report generation model designed to better capture disease associations.

Finally, [51] developed a preference learning approach to align generated reports with
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radiologists’ expectations.

2.1.4 Medical Report Generation for Other Modalities

As previously noted, several commonly used imaging modalities have also attracted
research attention. Although different modalities and their corresponding reports
exhibit distinct characteristics, many of the proposed approaches share common
characteristics with those developed for CXRs. For CT scans, [45] proposed CT2REP,
which employs a novel autoregressive causal transformer alongside a cutting-edge 3D
vision encoder. Inspired by [86], [221] devised an abnormality-aligned pretraining
framework to capture abnormal information for accurate report generation. [180]
introduced RADFM, a foundation model for interpreting both 2D and 3D medical
images, capable of processing multiple imaging modalities as input. To further
advance the application of LLMs in medical image analysis, [7] collected a large-scale
3D dataset and trained a model for various medical tasks, including report generation.
[17] leveraged the advanced capabilities of LLMs for chest CT report generation. In
addition, [23] incorporated region-level information into CT report generation by
utilizing masks produced by a universal segmentation module. Beyond CT imaging,
prior works have also explored fundus images. [87] introduced an explainable and
reliable FFA report generation benchmark, where each sample consists of multiple
images, and evaluated several baseline models on this benchmark. Given the complexity
of FFA report samples, [88] proposed a knowledge-driven cross-modal Transformer to
bridge the knowledge gap in the ophthalmic domain. Recognizing the effectiveness
of pretraining in leveraging unlabeled data, [189)] collected a multimodal dataset and
developed a novel knowledge-enhanced pretraining model. [59] released a dataset
containing both FFA and CFP images, and presented a deep neural network (DNN)-
based module that predicts diseases and generates clinical descriptions. WSI is another
important imaging modality. [219] developed a smantically and visuallly interpretable

diagnosis network based on a pathology bladder cancer dataset. [I8] collected and
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released a pathology report generation dataset, and proposed a multiple instance
generative model to produce reports for gigapixel WSIs. Besides, [161] trained a
multimodal LLM to generate captions for WSIs and created a dataset containing over

one million samples.

Although these modalities and their associated datasets share similarities with CXRs,
there are several distinct differences. Firstly, CXRs are quick, low-cost imaging tools
primarily used for chest-related examinations, with each study typically consisting of
one or two images. In contrast, CT scans are high-resolution 3D radiographs composed
of multiple images; WSIs capture entire pathology slides at microscopic resolution;
and FFAs involve the injection of fluorescein dye, producing a series of images over
time. These modalities have different structures, and the approaches developed for
each modality exhibit distinct features. Thus, each requires specific designs based on
its characteristics, resulting in different types of approaches compared to radiology

report generation.

2.2 Medical Report Generation Datasets and Evalu-

ation

2.2.1 Medical Report Generation Datasets

In the early stages of medical Al development, datasets for medical report generation
were relatively scarce for several reasons. In specific, patient data is highly sensitive,
and protecting privacy is a legal and ethical necessity. As a result, hospitals and
related institutions are often cautious about sharing such data. The release of medical
datasets typically requires a rigorous ethical review process, during which all data
must be de-identified, which is a time-consuming and complex task. Furthermore,

collecting medical samples is significantly more challenging than in other domains.
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Unlike general datasets, where a single source can contribute numerous examples, in
the medical field, one patient often corresponds to just one case or study. Consequently,
assembling large-scale datasets can take an long period. In this section, we provide a

review of medical report generation datasets, and offer the statistics of these dataset

in Table 2.1]

Dataset Modality #Image  #Report

IU X-RrAY [28] Chest X-ray 7,470 3,955

MIMIC-CXR, [124] Chest X-ray 377,110 276,778
MIMIC-ABN [124] Chest X-ray 38,551 38,551
CHEXPERT PLUS [15] | Chest X-ray 223,462 187,711

PadChest [13] Chest X-ray 160,868 22,710
CT-RATE [46] CT Scans 50,188 25,692
M3D-Cap [7] CT Scans 120,092 42,496
FFA-IR [87] FFA 1,048,584 10,790
DEN [59] CFP/FFA 15709 15,709
WsiCaption [18] WSI 1,041 1,041
PathGen [161] WSI 1.6M 1.6M

Table 2.1: Overview of medical report generation datasets. The first four datasets are

mainly adopted for experiments in this thesis.

Radiology Report Generation Datasets

The IU X-RAY dataset [28] is a publicly available resource that comprises 3,955 studies
and 7,470 CXRs. Each study includes two CXRs captured from different perspectives,
typically frontal and lateral views. Collected by Indiana University, this dataset
provides corresponding radiology reports for each study, which are structured into

multiple sections, including Indication, Findings, and Impression. In addition to these
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sections, the authors also encoded the findings using MeSH terms [37] and annotated
them with the MTI, thereby providing rich, structured metadata that facilitates more
comprehensive analysis and downstream processing. Subsequently, the MIMIC-CXR
dataset was released by [74], and it has become one of the most widely used datasets
in the field. It contains 377,110 CXRs and 227,827 corresponding free-text radiology
reports. All data has been thoroughly de-identified to ensure patient privacy. Unlike
the IU X-Ray dataset, where each study consists of exactly two CXRs (frontal and
lateral), a single study in MIMIC-CXR may include one or more CXRs, depending
on the patient’s clinical status. Moreover, the dataset includes both first-visit and
follow-up cases, adding to its structural complexity compared to the IU X-Ray dataset.
In addition to CXRs and reports, MIMIC-CXR dataset provides rich meta data as
well as report annotations from CheXpert [67]. As a result, this dataset can support
wide range of research in the medical field. Since normal observations dominate the
content of the MIMIC-CXR dataset, [124] proposed a method to extract and cluster
the abnormal findings, resulting in the creation of the MIMIC-ABN dataset. This
curated dataset is significantly smaller than MIMIC-CXR, comprising 38,551 samples
that focus specifically on abnormal cases. Recently, [15] released the CHEXPERT PLUS
dataset, which is currently the largest publicly available dataset of its kind. It serves as
an enhanced version of the original CheXpert dataset and includes not only CXRs with
corresponding radiology reports but also associated patient information. In addition,
the authors have provided a rich set of supplementary resources, including observation
annotations from CheXbert, entity and relation annotations from RadGraph, and a
collection of pretrained models developed using this dataset. While the previously
mentioned datasets contain radiology reports written in English, PadChest [13] is a
large-scale dataset with reports written in Spanish. It comprises 109,931 studies and
168,861 CXRs, offering valuable linguistic and geographic diversity for multilingual

and cross-lingual medical imaging research.
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Other Medical Report Generation Datasets

Datasets for other imaging modalities have been collected in a manner similar to
those used for radiology report generation. Broadly, there are three main types of
medical report generation datasets beyond chest X-rays: those based on CT scans,
CFP/FFA, and WSI. Among these, CT scans employ imaging technology similar
to CXRs, utilizing X-ray radiation to produce cross-sectional images of the body.
Specifically, [7] introduced a large-scale 3D multi-modal medical dataset that supports
a variety of tasks, including visual question answering, report generation (M3D-Cap),
and segmentation. The M3D-Cap subset contains 120,092 images paired with 42,496
radiology reports, making it a valuable resource for multi-modal learning in 3D medical
imaging. In addition, the CT-RATE dataset [46] comprises chest CT volumes and
corresponding reports. It includes 50,188 CT volumes derived from 25,692 imaging
studies conducted on 21,304 patients, and is designed to support the development of

generalist foundation models in medical imaging.

Fundus images (CFP and FFA) have also garnered significant attention in the medical
imaging research community. [59] introduced the DEN dataset to support medical
report generation for retinal imaging. This dataset includes both CFP and FFA images,
comprising a total of 15,709 samples. Furthermore, [87] released the large-scale FFA-
IR dataset, which contains over 1 million FFA images and 10,790 corresponding
radiology reports. Notably, the FFA-IR dataset also provides lesion-level annotations,
enhancing its utility for explainable and interpretable machine learning models. WSI
report generation datasets are less acquirable compared to radiology report generation
datasets. WisCaption [18] is one of the most widely used datasets for medical report
generation based on WSI. It contains 1,041 high-resolution WSI samples paired with
corresponding textual descriptions. In contrast, PathGen is a large-scale dataset that

includes approximately 1.6 million automatically annotated image—caption pairs.
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2.2.2 Medical Report Generation Evaluation

Evaluation plays a critical role in advancing the field of medical report generation. In
its early stages, evaluation metrics were largely borrowed from the image captioning
domain due to the shared characteristics between the two tasks. However, directly
applying these metrics has proven to be insufficient for capturing the clinical relevance
and complexity inherent in medical reports. As a result, evaluation strategies have
evolved to better align with the specific requirements of this task. Currently, automatic
evaluation metrics can be broadly categorized into three types: natural language
generation (NLG) metrics, clinical metrics, and LLM-based metrics. In the following
sections, we describe how each of these metric types assesses the quality of generated
reports, taking into account the unique challenges and objectives of medical report

generation.

NLG Metrics

Commonly used NLG metrics include BLEU [130], ROUGE [93], METEOR [8], CIDEr
[169], and BERTScore [214], which evaluate the similarity between generated and
reference reports by measuring lexical overlap and coverage. Specifically, BLEU was
originally introduced for machine translation (MT) and remains one of the most widely
used metrics. It primarily evaluates the n-gram precision between the generated text
and reference text, assessing how many n-grams in the candidate output are also
present in the reference. BLEU scores typically range from BLEU-1 (unigram precision)
to BLEU-4 (four-gram precision), with BLEU-4 being the most commonly reported
variant due to its balance between short- and long-range textual overlap. In contrast,
ROUGE emphasizes n-gram recall rather than precision, and was originally developed
for text summarization tasks. Among its various variants (i.e., ROUGE-1, ROUGE-2,
and ROUGE-L), ROUGE-L is the most commonly reported metric in the medical

report generation literature. It measures the longest common sequence between
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the generated and reference texts, effectively capturing sequence-level similarity and
reflecting the model’s ability to preserve the structure and order of relevant content.
METEOR, also designed for MT evaluation, aims to balance precision and recall.
Unlike BLEU, METEOR incorporates linguistic features such as synonym matching,
stemming, and paraphrase recognition, allowing for more flexible and semantically
meaningful alignments between generated and reference texts. CIDEr, introduced
for image captioning, evaluates TF-IDF-weighted n-gram similarity [136], capturing
both term frequency and informativeness. By incorporating both term frequency
and inverse document frequency, CIDEr emphasizes the informativeness of n-grams,
rewarding content that is both relevant and specific to the context. Finally, BERTScore
emphasizes semantic similarity by leveraging contextual embeddings from pretrained
language models such as BERT [30]. BERTScore aligns tokens based on their semantic
representations, enabling more nuanced evaluations of meaning preservation, even

when surface forms differ.

Clinical Metrics

Beyond lexical similarity, factual accuracy is of greater importance in medical report
generation, as it evaluates the clinical correctness of the information conveyed in the
generated reports. In specific, medical abnormality terminology detection accuracy
was first proposed in [92], aiming to evaluate the model’s ability to identify clinically
significant terms. It computes the average precision and average false positive for the
10 most frequent medical abnormality terminologies selected from medical reports.
While this metric can reflect the quality of generated reports to some extent, it only
covers limited clinical content. In contrast, Clinical Efficacy (CE) metrics [21] evaluate
model performance based on its ability to accurately identify thoracic diseases and
support devices. This evaluation is performed across 14 predefined clinical categories
(e.g., Cardiomegaly and Pneumothoraz), providing a more task-specific assessment of

the model’s performance. To support this evaluation, tools such as CheXpert [67] and
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CheXbert [157] are widely used to extract clinically relevant observations from both
reference and generated reports, where the former one is an automated rule-based
labeler and the latter one is a BERT-based observation classifier. While CE metrics
assess observation-level accuracy, they primarily capture coarse-grained aspects of
model performance. To enable a more nuanced and clinically meaningful evaluation,
finer-grained metrics are essential. [26] proposed leveraging KGs to assess generated
radiology reports, and introduced RadGraph [69] 27] to assess entity-level accuracy. It
captures both medical entities and their relations using a named entity recognizer [171],
enabling structured comparisons between generated and reference reports. Although
these automatic metrics provide valuable insights into clinical accuracy, they may fail
to capture radiologists’ preferences and deviate from real-world clinical practices. To
bridge this gap, [205] proposed RadCliQ, a composite metric that integrates multiple
automatic evaluation strategies and demonstrates a strong correlation with expert
radiologist assessments, offering a more reliable proxy for human judgment in radiology

report evaluation.

LLM-based Metrics

Recently, many studies proposed LLM-as-a-judge approaches [83], which leverage
LLMs as evaluators. Given their strong capabilities in context comprehension, LLMs
enable more flexible and nuanced evaluations across various dimensions, such as factual
accuracy, coherence, and preference alignment in generated outputs. Several works
have been developed to adopt LLMs as evaluators for medical report generation.
For instance, [129] introduced GREEN, an LLM fine-tuned with preference data
and validated by board-certified radiologists. The evaluations produced by GREEN
are well-aligned with expert preferences, and the model is capable of identifying
and explaining clinically significant errors in generated reports. This enables more
interpretable and informative assessments compared to traditional NLG and clinical

evaluation metrics. Similarly, [I09] proposed MRSCORE, which demonstrates high
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alignment with human judgment and achieves superior performance in model selection.
Recognizing the criticality and assistive nature of clinical texts, [190] proposed a
fine-grained evaluation framework, DOCLEN, which assesses three key dimensions:
completeness, conciseness, and attribution. DOCLEN is compatible with both closed-
and open-source LLMs, and exhibits strong alignment with expert preferences, offering

a reliable approach for evaluating clinical language generation.

2.3 Medical Image Analysis

Medical image analysis aims to extract meaningful clinical information from medical
images. Since medical reports are narrative descriptions based on these images, the
extracted information is particularly relevant to the factuality of the reports. In
this section, we briefly introduce three key technologies that are widely used and
effective in medical report generation: image classification, object detection and image

segmentation, and study retrieval.

2.3.1 Medical Image Classification

Medical image classification, which transforms medical images into predefined labels
(e.g., diseases or clinical observations), has been developed to support clinical decision-
making and streamline the clinical workflow [96]. Consequently, numerous studies
have undertaken annotation efforts to facilitate such analyses, especially for CXRs
[227, [127]. For example, [176] presented a chest X-ray database labeled with eight
common thoracic diseases extracted via text mining, and evaluated several pretrained
backbone models on this dataset. Building on this work, [137] introduced CheXNet,
a deep learning model for pneumonia detection, which was shown to outperform
practicing radiologists. Similarly, [152] collected and released the RSNA Pneumonia

Detection Challenge Dataset, which comprises 30,000 frontal-view chest radiographs
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annotated for pneumonia-related findings. Subsequently, [67] released a large-scale
chest radiograph dataset annotated with 14 clinical observations, explicitly modeling
the uncertainty inherent in radiographic interpretation. They also conducted extensive
experiments to explore strategies for managing this uncertainty. These datasets
have become the mainstream benchmarks for model development and evaluation
[217) [62] [184] 204]. Earlier datasets mainly relied on automatic annotation methods
and did not provide the precise locations of abnormalities. To address this limitation,
[123] released a manually annotated dataset, curated by experienced radiologists, with
detailed localization of abnormalities. In addition, various studies [80, 188, [52] proposed
and devised convolutional neural networks (CNNs) for abnormality detection in CXR.
Given the simplicity and effectiveness of CXR image classification, its structured
outputs provide high-level semantic information that can serve as valuable guidance

for generating accurate clinical reports.

The aforementioned studies primarily focus on spatial disease classification, which
involves identifying abnormalities within medical images. Another important area of
research is progression classification and prediction, which concentrates on analyzing
how a disease evolves over time. [187] introduced the Chest ImaGenome dataset, which
utilizes a scene graph data structure to represent anatomical-level disease progression,
categorized as better, stable, or worsen. The dataset includes automatically generated
annotations using an atlas-based bounding box detection pipeline and rule-based NLP
tools. Building on this dataset, [206] developed a twin neural network to classify disease
progression at the anatomical level. They employed a two-step weakly supervised
learning strategy consisting of pretraining followed by fine-tuning. [36] developed a
representation learning framework for localized disease progression classification using
anatomical region features. Their findings show that even a relatively simple model can
achieve competitive performance on this task. In the context of disease progression
prediction, the task involves developing models that can forecast future disease

states based on current medical images. [164] proposed a deep learning framework
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for predicting disability progression using multi-modal MRI data. [38] proposed a
framework for predicting the progression of diabetic retinopathy by leveraging temporal

regional features extracted from retinal images.

2.3.2 Medical Object Detection and Image Segmentation

While medical image classification provides only image-level information, medical
image analysis has advanced toward finer-grained tasks. These include object detection,
object localization, and image segmentation, each offering more detailed and clinically
meaningful insights. Commonly used models for medical object detection include Faster
R-CNN [140] and RetinaNet [94]. For instance, [191] proposed an enhanced version of
Faster R-CNN, while [146] utilized RetinaNet for lung nodule detection. As previously
mentioned, the Chest ImaGenome dataset provides bounding box annotations for
various anatomical structures, primarily intended to support clinical reasoning. Given
its rich and detailed annotations, several studies have leveraged this dataset to train

object detectors for extracting relevant clinical information [162, [40] 213].

Since obtaining object-level annotations is labor-intensive and requires domain ex-
pertise, weakly supervised localization, which relies only on image-level annotations,
has emerged as a promising direction. A representative study is Grad-CAM [148].
Specifically, Grad-CAM utilizes the gradients of the target concept flowing into the
final convolutional layer to produce a coarse localization map, highlighting important
regions in the input image. This class activation map (CAM) can then be overlaid
on the image to visualize the areas of interest or used to assist in drawing bounding
boxes for the specific class. Due to its effectiveness and practicality, CAM has become
a widely adopted technique for extracting relevant clinical information to enhance

medical report generation [90, [172].

Another important and effective technique for extracting clinical information is medical

image segmentation [6], which focuses on identifying objects and delineating their
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boundaries to provide more detailed and precise information into medical images.
In particular, one of the most commonly used models in the medical field is U-Net
[142], which captures fine-grained details of medical images through its contracting
and expansive paths. Although U-Net was originally designed for light microscopy
images, many studies have adapted it and its variants to other imaging modalities,
including CXRs. For instance, Gaal et al. [39] employed Attention U-Net, a variant of
U-Net, for lung segmentation and introduced an adversarial scheme to further enhance
segmentation performance. Similarly, [I08] developed an improved U-Net architecture
incorporating pretrained vision models, demonstrating considerable improvements and
good robustness in the lung segmentation task. Given the effectiveness of medical
image segmentation, several studies have adopted it to extract fine-grained features

for medical report generation [41] 149].

2.3.3 Medical Study Retrieval

Medical study retrieval refers to the task of retrieving similar studies using a given study
as a query. Since a medical study may comprise both medical images and an associated
report, study retrieval encompasses image-to-image retrieval and cross-modal retrieval
(e.g., image-to-text retrieval). Given the importance of medical knowledge in bridging
the knowledge gap between visual data and clinical interpretation, retrieving similar
studies as additional context can be beneficial for medical report generation. A
promising direction is to leverage deep learning models as feature extractors for image-
to-image retrieval. For instance, [154] first trained a CNN for disease classification with
disease-related saliency maps and subsequently repurposed it to extract disease-relevant
features for retrieval, resulting in more disease-aligned search outcomes. Furthermore,
[43] investigated various feature representations extracted from CNNs and ViTs to

assess their effectiveness in medical image retrieval tasks.

In terms of cross-modal retrieval, the advancements introduced by CLIP [134] have
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significantly facilitated the development of knowledge retrieval by enabling effective
alignment between visual and textual modalities. In this regard, various CLIP variants
specified for the medical field. [61] proposed GLoRIA, a framework that integrates
local and global representation learning, demonstrating promising performance in
image-to-text retrieval tasks. Similarly, [217] introduced ConVIRT, a contrastive
learning framework designed to learn visual representations from paired medical image-
text data. Despite their effectiveness, existing contrastive learning approaches treat
medical reports with similar semantics as negatives during training, which can lead to
suboptimal performance. To address this issue, [184] proposed MedCLIP, introducing
a learning objective that leverages unpaired data. They employed a medical knowledge
extractor to mine positive pairs from other samples and incorporated knowledge-driven
semantic similarity as additional supervision to guide the learning process. Similarly,
[98] constructed inter-report similarity by leveraging representations obtained from
BERT [30], aiming to explore the latent semantic structures within radiology reports.
In addition, [204] introduced additional contrastive loss functions to independently
learn image and text representations, aiming to address the problem of data scarcity.

Their approach significantly improved performance in retrieval tasks.
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Observation-aware Radiology Report
Generation: Observation Extraction

and Incorporation

3.1 Introduction

Radiology reports, which contain the textual description for a set of radiographs,
are critical in the process of medical diagnosis and treatment. Nevertheless, the
interpretation of radiographs is very time-consuming, even for experienced radiologists.
Due to its large potential to alleviate the strain on the healthcare workforce, automated

radiology report generation [4, [141] has attracted increasing research attention.

One significant challenge of this task is improving the clinical accuracy of the generated
reports, ensuring that all relevant findings are accurately identified and described.
Many previous works proposed to solve this through planning-based generation by first
concluding the major observations identified in the radiographs before the word-level
realization 73] 203] 126}, [125]. Despite their progress, these methods still struggle to

maintain the cross-modal consistency between radiographs and reports. A significant
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Stage 1: Observation Planning

(1) Lung Opacity / POS
(2) Pneumonia / POS %2
: Y
(3) Pleural Effusion / NEG | (09
(4) Cardiomegaly / NEG 34
(5) Support Devices / POS E
o
| 3
Q)
/As compared ...... , there is (1) [a subtle but new opacity] e
at the right lung base, ...... Given the clinical @
presentation, (2) [pneumonia must be suspected]. ...... , g_
extensive overinflation with bronchiectasis but @ [no g
pleural effusion] or other parenchymal changes. (4)
[Normal size of cardiac silhouette]. Unchanged position
of the (5) [nasogastric tube]. / J

Figure 3.1: Our proposed framework contains two stages, including the observation
planning stage and the report generation stage. Red color denotes positive observations,

while Blue color denotes negative observations.

problem within these methods is that, in the stage of word-level generation, the
semantic information of observations and radiographs is not fully utilized. They either
generate the report only based on the high-level textual plan (i.e., major observations)
or ignore the status of an observation (i.e., positive, negative, and uncertain), which is
far from adequate. The observations contained in the high-level plan are extremely
concise (e.g., lung opacity), while the final report needs to include more detailed
information, such as the characteristics of the observation (e.g., a subtle but new lung
opacity) and requires preliminary diagnosis inference based on the observation (e.g.,
lung infection must be suspected). In order to identify those detailed descriptions

and clinical inferences about the observations, we need to further consider the image
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information together with the textual plan, and stronger reasoning must be adopted

during the generation process.

In this chapter, we propose ORGAN, an Observation-guided radiology Report GenerAtioN
framework. Our framework mainly involves two stages, i.e., the observation planning
and the report generation stages, as depicted in Figure In the first stage, our
framework produces the observation plan based on the given images, which includes
the major findings from the radiographs and their statuses (i.e., positive, negative,
and uncertain). In the second stage, we feed both images and the observation plan
into a Transformer model to generate the report. Here, a tree reasoning mechanism is
devised to enrich the concise observation plan precisely. Specifically, we construct a
three-level observation graph, with the high-level observations as the first level, the
observation-aware n-grams as the second level, and the specific tokens as the third
level. These observation-aware n-grams capture different common descriptions of the
observations and serve as the component of observation mentions. Then, we use the
tree reasoning mechanism to capture observation-aware information by dynamically

aggregating nodes in the graph.

Our main contributions can be summarized as follows:

e We propose an Observation-guided radiology Report GenerAtioN framework
(ORGAN) that utilizes observation information to improve the clinical accuracy

of generated free-text reports.

e To achieve better observation realization, we construct a three-level observation
graph containing observations, n-grams, and tokens based on the training corpus.
Then, we perform tree reasoning over the graph to dynamically select observation-

relevant information.

e We conduct extensive experiments on two publicly available benchmarks, and

experimental results demonstrate the effectiveness of our model. We also conduct
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a detailed case analysis to illustrate the benefits of incorporating observation-

related information.

3.2 Preliminary

3.2.1 Problem Formulation

Given an image X, the probability of a report Y = {y1,...,yr} is denoted as p(Y|X).
Our framework decomposes p(Y'|X) into two stages, where the first stage is observation
planning, and the second stage is report generation. Specifically, observations of an
image Z = {z1,..., 2z} are firstly produced, modeled as p(Z|X). Then, the report is
generated based on the observation plan and the image, modeled as p(Y|X, Z).

3.2.2 Observation Statistics

There are 14 categories of observations: No Finding, Enlarged Cardiomediastinum,
Cardiomegaly, Lung Lesion, Lung Opacity, Edema, Consolidation, Pneumonia, At-
electasis, Pneumothoraz, Pleural Effusion, Pleural Other, Fracture, and Support De-
vices. Table [3.1] lists the observation distributions annotated by CheXbert[157] in the
train/valid/test split of the IU X-RAY and MIMIC-CXR datasets.

3.2.3 Observation Plan Extraction and Graph Construction

Observation Plan Extraction. There are two available tools for extracting ob-
servation labels from reports, which are CheXpert [67] and CheXbert [I57]. We use
CheXbertﬂ instead of CheXpert because the former achieved better performance. To

extract the observation plan of a given report, we first adopt the CheXbert to obtain

Thttps://github.com/stanfordmlgroup/CheXbert
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4+Observation IU X-RAY MIMIC-CXR

Positive Negative Positive Negative
No Finding 744/108/318 | 1,325/188/272 | 64,677/514/229 | 206,133/1,616/3,629
Cardiomegaly 244/38/61 1,375/198/386 | 70,561/514/1,602 | 85,448/714/801
Pleural Effusion | 60/13/15 1,559/230/452 | 56,972/477/1,379 | 170,989/1,310/1,763
Pneumothoraz | 9/2/5 1,528/231/449 | 8,707/62/106 190,356,/1,495,/2,338
FEnlarged Card. | 159/29/28 1,200/161/384 | 49,806/413/1,140 | 129,360/1,006,/868
Consolidation 17/1/3 763/117/210 14,449/119/384 | 97,197/788/964
Lung Opacity 295/35/57 331/49/82 67,714/497/1,448 | 8,157/73/125
Fracture 84/6/15 137/22/50 11,070/59/232 9,632/72/53
Lung Lesion 85/14/17 92/10/30 11,717/123/300 1,972/21/11
Edema 28/2/7 119/17/31 33,034/257/899 | 51,639/409,/669
Atelectasis 143/15/37 3/0/0 68,273/515/1,210 | 563/5/9
Support Devices | 89/20/16 1/0/0 60,455/450/1,358 | 1,081/7/11
Pneumonia 20/2/1 68/9/25 23,945/184/503 | 21,976,/165/411
Pleural Other 32/4/7 0/0/0 7,296/70/184 63/0/0

Table 3.1: Observation distribution across the train, validation, and test splits of the
IU X-rAY and MIMIC-CXR datasets. Enlarged Card. denotes Enlarged Cardiomedi-

astinum.

the observation labels within 14 categories C' = {C1,...,C14} as indicated in [67].
More details about the distribution of observation can be found in Table [3.1. The
label (or status) of each category belongs to Present, Absent, and Uncertain, except
the No Finding category, which only belongs to Present and Absent. To simplify the
observation plan and emphasize the abnormalities presented in a report, we regard
Present and Uncertain as Positive and Absent as Negative. Then, observations are
divided into a positive collection C'/POS and a negative collection C'/NEG, and each
category with its corresponding label is then converted to its unique observation
C;/POS € C/POS or C;/NEG € C/NEG, resulting in 28 observations. For example,
as indicated in Figure the report presents Lung Opacity while Cardiomegaly is
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Stage 1: Observation Planning Stage 2: Observation-Guided Report Generation
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= suspected]. ...... with bronchigctasis but (3) [no pleural effusion] or

@ Pneumonia / POS other parenchymal changes. (4) [Normal size of cardiac silhouette].
(3> Pleural Effusion / NEG |-——1 Unchanged position of the (5) [nasogastric tube]. Y,

(4) Cardiomegaly / NEG Troe

(5) Support Devices / POS Reasoning

Planner

Visual

. raph
Visual ) Crap
Shifted Encoder
Encoder Tokens
|
—|—>|U1 Vyp woeeee le Observation
Graph

Observation Plan Observation-Graph

RN @9@ 9@ Construction
>®->®

Figure 3.2: The overall framework of ORGAN, divided into two stages: Observation
Planning and Observation-Guided Report Generation (“Obs. Cross-Attn” in the

decoder refers to the observation-related cross-attention module).

absent in it. These categories are converted to two observations: Lung Opacity /POS
and Cardiomegaly /NEG. Then, we locate each observation by matching mentions in
the report and order them according to their positions. These mentions are either
provided by [67] or extracted from the training corpus (i.e., n-grams), as will be
illustrated in the following part. Finally, we can obtain the image’s observation plan

Z=A{z,...,zL}.

Tree-Structured Observation Graph Construction. Since observations are

2https://github.com/stanfordmlgroup/chexpert-labeler
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high-level concepts that are implicitly related to tokens in reports, it could be difficult
for a model to realize these concepts in detailed reports without more comprehen-
sive modeling. Thus, we propose to construct an observation graph by extracting
observation-related n-grams as the connections between observations and tokens for
better observation realization. Specifically, it involves two steps to construct such
a graph: (1) n-grams extraction, where n € [1,4] and (2) <observation, n-gram>
association. Following previous research [31], 159], we adopt the pointwise mutual
information (PMI) [24] to fulfill these two steps, where a higher PMI score implies

two units with higher co-occurrence:

. p(T, %)
®2) = log i) )
For the first step, we extract n-gram units S = {s1,...,5},} based on the training

reports. Given two adjacent units ¥ and Z of a text sequence, a high PMI score
indicates that they are good collection pairs to form a candidate n-gram s,, while a
low PMI score indicates that these two units should be separated. For the second
step, given a predefined observation set O = {z1,..., 20}, we extract the observation-
related n-gram units with PMI(z;, s;), where z; is the i-th observation, s; is the j-th
n-gram, and p(z;, s;) is the frequency that an n-gram s; appears in a report with
observation z; in the training set. Then, we can obtain a set of observation-related
n-grams s = {s{,...,sj}, where s = {t7,,...,%7,}, and tokens in n-grams form
the token collection T" = {t1,...,t/7y}. Note that we remove all the stopwords in T,
using the vocabulary provided by NLTKP| Finally, for each observation, we extract
the top-K n-grams as the candidates to construct the graph, which contains three
types of nodes V = {Z, S, T'}.After extracting relevant information from the training

reports, we construct an observation graph G =< V, E > by introducing three types
of edges E = {E, By, Es}:

e F/: This undirected edge connects two adjacent observations in an observation

plan (i.e., < z;, zi41 >).

3https://www.nltk.org/
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e F5: This directed edge connects an observation and an n-gram (i.e., < z;,s; >).

e [J3: This directed edge connects an n-gram with its tokens (i.e., < s;,t; >).

3.3 Method

3.3.1 Visual Feature Extraction

Given an image X, a CNN and an MLP layer are first adopted to extract visual

features X:

X = {z,...,zy} = MLP(CNN(X)), (3.2)

where x; € R" is the i-th visual feature.

3.3.2 Observation Planning

The output of observation planning is an observation sequence, which is the high-level
summarization of the radiology report, as shown on the left side of Figure While
examining a radiograph, a radiologist should report positive observations. However,
only part of the negative observations will be reported by the radiologist, depending
on the overall conditions of the radiograph (e.g., co-occurrence of observations or the
limited length of a report). Thus, it is difficult to plan without considering the obser-
vation dependencies (i.e., label dependencies). Here, we regard the planning problem

as a generation task and use a Transformer [168] encoder-decoder for observation

planning:
h’ = {h{,..., h}} = Encoder,(X), (3.3)
z; = Decoder,(h", z;), (3.4)
p(z1| X, Zo;) = Softmax(W,z, + b,), (3.5)
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where hY € R" is the i-th visual hidden representation, Encoder,, is the visual encoder,
Decoder,, is the observation decoder, z, € R" is the decoder hidden representation,
W. € RIOX" is the weight matrix, and b, € RI°! is the bias vector. Then the planning

loss £, is formulated as:

L
Ep == _Zwl lng(Zl‘X, Z<l)> (36)

=1

where

1+a ifz € C/POS,
1 otherwise.
By increasing «, the planner gives more attention to abnormalities. Note that the

plugged « is applied to positive observations and No Finding/NEG instead of No
Finding /POS.

3.3.3 Observation-Guided Report Generation

Observation Graph Encoding. We use a Transformer encoder to encode the
observation graph constructed according to To be specific, given the observation
graph G with nodes V = {Z, S, T} and edges E = {FE, Es, E3}, we first construct
the adjacency matrix A = A+1 based on E. Then, V and A are fed into the
Transformer for encoding. Now A serves as the self-attention mask in the Transformer,
which only allows nodes in the graph to attend to connected neighbors and itself. To
incorporate the node type information, we add a type embedding P € R" for each
node representation:

N = Embed(V) + P, (3.8)
V ={Z,8,T} = Encoder,(N, A), (3.9)

where Embed() is the embedding function, and IN € R" represents node embeddings.

For observation nodes, P denotes positional embeddings, and for n-gram and token
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nodes, P represents type embeddings. Z, S, and T € R" are encoded representations

of observations, n-grams, and tokens, respectively.

Vision-Graph Alignment. As an observation graph may contain irrelevant informa-
tion, it is necessary to align the graph with the visual features. Specifically, we jointly
encode visual features X and token-level node representations T so that the node
representations can fully interact with the visual features, and we prevent the visual

features from attending the node representations by introducing a self-attention mask

M:

[h?, T4] = Encoder, ([ X, T], M), (3.10)

where h”, T4 € R" are the visual representation and the aligned token-level node

representations, respectively.

Observation Graph Pruning. After aligning visual features and the observation
graph, we prune the graph by filtering out irrelevant nodes. The probability of keeping

a node is denoted as:

p(1)T#) = Sigmoid(W,T* + by), (3.11)

where W, € R is the learnable weight and b; € R is the bias. We can optimize the

pruning process with the following loss:
Lq= 1[5 dlogp(l|T") — (1 - d)log(1 — p(1[T*))]. (3.12)

where 3 is the weight to tackle the class imbalance issue, and d is the label indicating
whether a token appears in the referential report. Finally, we prune the observation
graph by masking out token-level nodes with p(1/T%) < 0.5 and masked token-level

node representations denote as T™ = Prune(T).

Tree Reasoning over Observation Graph. We devise a tree reasoning (TrR)
mechanism to aggregate observation-relevant information from the graph dynamically.

The overall process is shown in Figure [3.3] where we aggregate node information from
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Query

Observation
First-Level

Tree
Reasoning

N-gram
Second-Level

Token
v Third-Level

Figure 3.3: Illustration of the tree reasoning mechanism. It aggregates information

from the observation level to the n-gram level and finally to the token level.

the observation level (i.e., first level) to the n-gram level (i.e., second level), then to the

token level (i.e., third level). To be specific, given a query ¢’ and node representations
M

at [-th level k! € {Z, S, T™}, the tree reasoning path is q° Zog' S g T g3, and

the overall process, is formulated as below:
v = MHA(W,q', Wk, W, k), (3.13)

g™ = LayerNorm(g' + v'™), (3.14)

where MHA and LayerNorm are the multi-head self-attention, and layer normalization
modules [168], respectively. W,, Wy, and W, € R"*" are weight metrics for query,
key, and value vector, respectively. Finally, we can obtain the multi-level information

3

q°, containing observation, n-gram, and token information.

Report Generation with Tree Reasoning. As shown in the right side of Figure
[3.2, an observation-guided Transformer decoder is devised to incorporate the graph
information, including (i) multiple observation-guided decoder blocks (i.e., Decoder,),
which aims to align observations with the visual representations, and (ii) a tree-
reasoning block (i.e., TrR,), which aims to aggregate observation-relevant information.
For Decoder,, we insert an observation-related cross-attention module before a visually-

aware cross-attention module. By doing this, the model can correctly focus on regions
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closely related to a specific observation. Given the visual representations h’, the
node representations V' = {Z, 8, TM}, and the hidden representation of the prefix
h® € R"  the t-th decoding step is formulated as:
h; = Self-Attn(h}’, hY,, hY,),
Decoder, = ¢ h? = Cross-Attn(h{, Z, Z), (3.15)
h? = Cross-Attn(h{, h", h"),

hd = Selt-Attn(h?, h%,, h%,),
TR, ={ b (3.16)
q; = TrR(h{,[Z,8,T"]),

p(v:| X, G, Y.;) = Softmax(W,q; + b,), (3.17)

where Self-Attn is the self-attention module, Cross-Attn is the cross-attention module,
hi, h?,hl € R" are self-attended hidden state, observation-related hidden state,
visually-aware hidden state of Decoder,, respectively. h{ € R" is the self-attended
hidden state of TrR,, W, € RIVI¥ is the weight matrix, and b, € RVl is the bias
vector. We omit other modules (i.e., Layer Normalization and Feed-Forward Network)
in the standard Transformer for simplicity. Note that we extend the observation plan
Z to an observation graph G, so the probability of y; conditions on G instead of Z.

Then, we optimize the generation process using the negative log-likelihood loss:

T
Ly==> logp(yl X, G, Ya). (3.18)

t=1

Finally, the loss function of the generator is:

L,=L, + Ly (3.19)
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3.4 Experiments

3.4.1 Datasets

Following previous research [21], 20], we use two publicly available benchmarks to
evaluate our method, which are IU X-Rav{| [28] and MIMIC-CXR[| [74]. Both
datasets have been automatically de-identified, and we use the same preprocessing

setup of [21].

e [U X-RAY is collected by Indiana University, containing 3,955 reports with two
X-ray images per report, resulting in 7,470 images in total. We split the dataset
into train/validation/test sets with a ratio of 7:1:2, which is the same data split

as in [21].

o MIMIC-CXR consists of 377,110 chest X-ray images and 227,827 reports from
63,478 patients. We adopt the standard train/validation/test splits.

3.4.2 Evaluation Metrics and Baselines

Evaluation Metrics. We adopt NLG Metrics and CE Metrics to evaluate the
performance of models. Specifically, BLEU-1/2/3/4 (B-1/2/3/4) [130], METEOR
(MTR) [8], and ROUGE-L (R-L) [93] are selected as NLG Metrics, and we use the
MS-COCO caption evaluation tool| to compute the results. For CE Metrics, we adopt
CheXpert [67] for MIMIC-CXR dataset to label the generated reports compared with
disease labels of the references and report the macro-weighted precision, recall, and Fy
score across 14 observations. Note that CheXpert is designed for MIMIC-CXR and
we do not apply CE Metrics to IU X-RAY.

4https://openi.nlm.nih.gov/
Shttps://physionet.org/content/MIMIC-cxr-jpg/2.0.0/
Shttps://github.com/tylin/coco-caption
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Baselines. To evaluate the performance of ORGAN, we compare it with the following
10 state-of-the-art (SOTA) baselines: R2GEN [21], a memory-driven Transformer
model; CA [102], which applies contrastive attention to highlight abnormal regions;
CMCL [100], which employs competence-based multimodal curriculum learning for
progressive training; PPKED [I01], which captures and distills both posterior and
prior knowledge; R2ZGENCMN [20], which utilizes a cross-modal memory network
for better visual-text alignment; ALIGNTRANSFORMER [203], which hierarchically
aligns visual features with disease-related tags; KNOWMAT [199], which incorporates
external domain knowledge to enhance generation quality; M?TR [126], which gen-
erates radiology reports in a coarse-to-fine manner; CMM-RL [133], which applies
reinforcement learning to refine report generation; CMCA [158], which leverages

contrastive attention to better model abnormal findings.

3.4.3 Implementation Details

We adopt the ResNet-101 [49] pretrained on ImageNet [29] as the visual extractor.
For TU X-RAY, we further fine-tune ResNet-101 on CheXpert [67]. The layer number
of all the encoders and decoders is set to 3 except for the Graph Encoder, where the
layer number is set to 2. The input dimension and the feed-forward network dimension
of a Transformer block are set to 512, and each block contains 8 attention heads. The
beam size for decoding is set to 4, and the maximum decoding step is set to 64/104

for IU X-RAY and MIMIC-CXR, respectively.

We use AdamW [113] as the optimizer and set the initial learning rate for the visual
extractor as be — 5 and le — 4 for the rest of the parameters, with a linear schedule
decreasing from the initial learning rate to 0. « is set to 0.5, the dropout rate is set
to 0.1, and the batch size is set to 32. For IU X-ray, we train the planner/generator
for 15/15 epochs, and 3 is set to 2. For MIMIC-CXR, the planner and generator are
trained for 3 and 5 epochs, respectively, and 3 is set to 5. We select the best checkpoints
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of the planner based on micro F; of all observations and select the generator based
on the BLEU-4 on the validation set. Our model has 65.9M parameters, and the
implementations are based on HuggingFace’s Transformers [I85]. We conduct all
the experiments on an NVIDIA-3090 GTX GPU with mixed precision. The NLTK

package version is 3.6.2.

3.5 Results and Analyses

3.5.1 Quantitative Analysis

Language Generation Results. The left part of Table [3.2 presents the language
generation results. ORGAN outperforms most of the baselines (except CMCA on 1U
X-RAY) and achieves state-of-the-art performance. Specifically, our model achieves
0.195 BLEU-4 on the IU X-XRAY dataset, which is the second-best result, and 0.123
BLEU-4 on the MIMIC-CXR dataset, leading to a 5.1% increment of compared to
the best baseline (i.e., CMCA). In terms of METEOR, ORGAN achieves competitive
performance on both datasets. In addition, our model increases R-L by 0.6% on the
MIMIC-CXR dataset compared to the best baseline and achieves the second-best
result on the IU X-RAY dataset. This indicates that by introducing the guidance
of observations, ORGAN can generate more coherent text than baselines. However,
we notice that on the IU X-RAY dataset, there is still a performance gap between
our model and the best baseline (i.e., CMCA). The reason may be that the overall
data size of this dataset is small (~ 2,000 samples for training), in which positive
observations are rare. It is difficult to train a good planner using a small training
set, especially with cross-modal data. As we can see from Table the planner only
achieves 0.132 Macro-F; on the IU X-RAY dataset, which is relatively low compared
to the performance of the planner on the MIMIC-CXR, dataset. Thus, accumulation

errors unavoidably propagate to the generator, which leads to lower performance.
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NLG Metrics CE Metrics
Dataset | Model
B-1 B2 B-3 B4 MTR R-L P R F,
R2GEN 0.470 0.304 0.219 0.165 — 0.371 — - —
CA 0.492 0.314 0.222 0.169 0.193 0.381 — - —
CMCL 0.473 0.305 0.217 0.162 0.18 0.378 — - —
PPKED 0.483 0.315 0.224 0.168 - 0.376 — — -
U R2GENCMN 0.475 0.309 0.222 0.170 0.191 0.375 - - -
X-RAY | M?TR 0.486 0.317 0.232 0.173 0.192 0.390 — - -
ALIGNTRANSFOMER | 0.484 0.313 0.225 0.173 — 0.379 — - -
KNOwWMAT 0.496 0.327 0.238 0.178 — 0.381 — — -
CMM-RL 0494 0321 0.235 0.181 0.201 0.384 - - -
CMCA 0.496 0.349 0.268 0.215 0.209 0.392 — - —
ORGAN (Ours) 0.510 0.346 0.255 0.195 0.205 0.399 — - —
R2GEN 0.353 0.218 0.145 0.103 0.142 0.270 | 0.333 0.273 0.276
CA 0.350 0.219 0.152 0.109 0.151 0.283 — — —
CMCL 0.344 0.217 0.140 0.097 0.133  0.281 - — —
PPKED 0.360 0.224 0.149 0.106 0.149 0.284 - — —
MIMIC | R2GENCMN 0.353 0.218 0.148 0.106 0.142 0.278 | 0.344 0.275 0.278
-CXR | M?TR 0.378 0.232 0.154 0.107 0.145 0.272 | 0.240 0.428 0.308
ALIGNTRANSFOMER | 0.378 0.235 0.156 0.112 — 0.283 — — —
KNOWMAT 0.363 0.228 0.156 0.115 - 0.284 | 0.458 0.348 0.371
CMM-RL 0.381 0.232 0.155 0.109 0.151 0.287 | 0.342 0.294 0.292
CMCA 0.360 0.227 0.156 0.117 0.148 0.287 | 0.444 0.297 0.356
ORGAN (Ours) 0.407 0.256 0.172 0.123 0.162 0.293 | 0.416 0.418 0.385

Table 3.2: Experimental Results of our model and baselines on the IU X-RAY dataset
and the MIMIC-CXR dataset, with the best scores shown in boldface and the

second-best scores underlined.
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NLG Metrics CE Metrics

Dataset | Model
B-1 B-2 B-3 B-4 MTR R-L P R F,
ORGAN 0.510 0.346 0.255 0.195 0.205 0.399 — — -

IU ORGAN w/0 Plan 0.406 0.254 0.178 0.133 0.167 0.372 - - -
X-rAY | ORGAN w/o Graph | 0.461 0.302 0.218 0.164 0.186 0.383 - - -
ORGAN w/o TtR 0.494 0.335 0.247 0.190 0.203 0.395 - - —
ORGAN 0.407 0.256 0.172 0.123 0.162 0.293 | 0.416 0.418 0.385
MIMIC | ORGAN w/o Plan 0.334 0.211 0.145 0.107 0.136 0.282 | 0.384 0.239 0.252
-CXR | ORGAN w/o Graph | 0.369 0.233 0.158 0.113 0.151 0.290 | 0.401 0.415 0.383
ORGAN w/o TrR 0.405 0.254 0.170 0.121 0.161 0.291 | 0.411 0.419 0.386

Table 3.3: Ablation results of our model and its variants, where ORGAN w/0 Plan is

the standard Transformer model.

Clinical Efficacy Results. The clinical efficacy results are listed on the right side
of Table 3.2. On the MIMIC-CXR dataset, our model outperforms previous SOTA
results. Specifically, ORGAN reaches 0.385 CE F1, increasing by 1.4% compared to
the best baseline. In addition, 0.416 precision and 0.418 recall are achieved by our
model, which are competitive results. This indicates that our model can successfully
improve the clinical accuracy of the generated reports with observation information.
In addition, as shown in Table [3.4, the planner trained on the MIMIC-CXR dataset
achieves a Micro-F; score of 0.574 and a Macro-F; score of 0.397. Similarly, the
generator attains a Macro-F; score of 0.385, which corresponds to 97% of the planner’s
performance. Despite the small gap between the planner and generator, ORGAN
demonstrates strong observation realization capability. The performance on the TU

X-RAy dataset is also reported for reference.

Ablation Results. To examine the effect of the observation plan and the TrR
mechanism, we perform ablation tests, and the ablation results are listed in Table

There are three variants:

e ORGAN w/o Plan: This variant does not consider observation information, and
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Dataset Micro-F; Macro-F; B-2
IU X-RAY 0.507 0.132 0.499
MIMIC-CXR 0.574 0.397 0.357

Table 3.4: Experimental results of observation planning. Macro-F; and Micro-F,

denote the macro F; and micro F; of abnormal observations, respectively.

Dataset K| B-2 B-4 MTR R-L
101 0.309 0.170 0.192 0.388
IU X-RAY 20 1 0.333 0.180 0.202 0.393
30 | 0.346 0.195 0.205 0.399
10 | 0.249 0.118 0.161 0.290
MIMIC-CXR | 20 | 0.252 0.120 0.159 0.292
30 1 0.256 0.123 0.162 0.293

Table 3.5: Experimental results across different K (selected n-grams).

it is a standard Transformer model.

e ORGAN w/o Graph: This variant only considers observations but not the

observation graph.

e ORGAN w/o TrR: This variant select information without using the TrR mech-

anism.

Compared to the full model, the performance of ORGAN w/o Plan drops significantly
on both datasets. This indicates that observation information plays a vital role
in generating reports. For ORGAN w/o Graph, the performance on NLG metrics
decreases significantly, but the performance of clinical efficacy remains nearly the same
as the full model. This is reasonable because the observation graph is designed to enrich

the observation plan to achieve better word-level realization. On the performance of
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ORGAN w/o TrR, a similar result of ORGAN w/o Graph is observed. This indicates
that TrR can enrich the plan information, and stronger reasoning can help generate

high-quality reports.

We also conduct experiments on the impact of the number (K) of selected n-grams,
as shown in Table [3.5. There is a performance gain when increasing K from 10 to
20 and to 30 on both datasets. On the IU X-RAY dataset, B-2 increases by 2.4%
and 3.7% and B-4 rises by 1.0% and 1.5%. A similar trend is also observed on the
MIMIC-CXR dataset.

3.5.2 Qualitative Analysis

We conduct a case study and analyze several error cases produced by ORGAN on the

MIMIC-CXR dataset to provide some insights.

Case Study. We conduct a case study to show how the observation and the tree
reasoning mechanism guide the report generation process, as shown in Figure We
show the generated reports of ORGAN, ORGAN w/0 TrR, and ORGAN w/o Plan,
respectively. All three models successfully generate the first three negative observations
and the last positive observation. However, variant w/o plan generates "mild pulmonary
vascular congestion without overt pulmonary edema" which is not consistent with the
radiograph. In terms of the output of variant w/o0 TrR, "mediastinal silhouettes are
unchanged" is closely related to observation Enlarged Cardiomediastinum instead of
Cardiomegaly. Only ORGAN can generate the Cardiomegaly /POS presented in the
observation plan with a TrR path. This indicates that observations play a vital role
in maintaining clinical accuracy. In addition, most of the tokens in the observation
mention mild to moderate cardiomegaly can be found in the observation graph, which

demonstrates that the graph can provide useful information in word-level realization.

Error Analysis. We present two error cases generated by ORGAN in Figure [3.5.

We find that the primary error arises from the introduction of incorrect observations
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Oracle Plan:

(1) Pneumonia/NEG (2) Edema/NEG,

(3) Cardiomegaly/POS (4) Enlarged Card./POS

(5) Pleural Effusion/NEG (6) Pneumothorax/NEG
Reference: ...... there are (1) [no lung opacities concerning
for pneumonia or (2) [pulmonary edema]. (3) [heart size is
mildly enlarged and stable since]. @ [mediastinal and hilar
contours are unchanged]. there is (5) [no pleural effusion]
or (6) [pneumothorax].

Generated Plan:

(1) Cardiomegaly/POS (2) Edema/NEG

(3) Pleural Effusion/NEG (4) Pneumonia/NEG

Generated Report: ...... (1) [mild enlargement of the cardiac
silhouette] (2) [without pulmonary vascular congestion] (3)
[pleural effusion] or @ [acute focal pneumonia].

Oracle Plan:
(1) Support Devices/POS (2) Pneumothorax/NEG
Reference: ...... (1) [right chest tubes] appears to have been

removed. (2) [no definite pneumothorax is appreciated].

Generated Plan:

(1) Support Devices/POS (2) Pneumothorax /POS (3) Lung
Opacity/POS (4) Atelectasis/POS (5) Pleural Effusion/POS
Generated Report: ...... (D) [right-sided chest tube with the
tip in the mid svc]. there is (2) [a small right apical
pneumothorax]. there is (3) [increased opacity] at the right
lung base likely representing (4) [atelectasis]. there is (5) [a
small left pleural effusion].

Figure 3.5: Examples of error cases. Enlarged Card. refers to Enlarged Cardiomedi-
astinum. The upper case omits one positive observation and the bottom case contains

false positive observations.
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in the plans. Specifically, two types of errors defined by [205] are evident: omission
of finding and false prediction of finding. The generated plan of the upper case
omits one positive observation (i.e., Enlarged Cardiomediastinum/POS), resulting in
false negative observations in its corresponding generated report (i.e., "mediastinal
and hilar contours are unchanged"). Another type of error is the presence of false
positive observations in the generated reports (e.g., the bottom case). There are four
positive observations in the generated plans: Pneumothoraz /POS, Lung Opacity /POS,
Atelectasis /POS, and Pleural Effusion/POS, all of which are realized in the generated
reports. For example, the inclusion of Lung Opacity/POS results in the mention of
"increased opacity", while Pleural Effusion/POS leads to the phrase "a small left pleural
effusion" in the generated report. Although these results demonstrate the strong
surface realization capabilities of our model, errors made by the planner inevitably
propagate to the generator in ORGAN. Therefore, improving the performance of
the planner remains a promising direction for future work to further enhance clinical

accuracy.

3.6 Chapter Summary

In this chapter, we propose ORGAN, an observation-guided radiology report gener-
ation framework, which first produces an observation plan and then generates the
corresponding report based on the radiograph and the plan. To achieve better observa-
tion realization, we construct a three-level observation graph containing observations,
observation-aware n-grams, and tokens, and we propose a tree reasoning mechanism
to capture observation-related information by dynamically aggregating nodes in the
graph. Experimental results demonstrate the effectiveness of our proposed framework

in terms of improving the clinical accuracy of the generated reports.

There are several limitations to our framework. Specifically, since observations are

introduced as guiding information, our framework requires observation extraction tools
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to label the training set in advance. Then, the nodes contained in the observation
graph are mined from the training data. Consequently, the mined n-grams can be
biased when the training set is small and may not accurately capture the attributes
of the observations. The temporal information inherent in follow-up studies, which
reflects changes over time, is also overlooked, even though it plays a crucial role in
generating clinically accurate and contextually coherent reports. In addition, our
framework is a pipeline, and the report generation performance highly relies on the
performance of observation planning. Thus, errors could accumulate through the
pipeline, especially for small datasets. Finally, our framework is designed for radiology
report generation targeting chest X-ray images. However, there are other types of
medical images (e.g., Fundus Fluorescein Angiography images) that our framework

needs to examine.
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Chapter 4

Observation-aware Radiology Report
(Generation: Supplementary

Knowledge Injection

4.1 Introduction

In Chapter [3| we discuss radiology report generation with a focus on observation
extraction and incorporation. Building upon this foundation, in this chapter, we
investigate observation-aware knowledge injection. Recent advances in foundation
models [131} 22, [66], which leverage large language models (LLMs) for enhanced
medical image analysis, have demonstrated remarkable potential in generating fluent

and cohesive clinical text, aiding radiologists in their diagnostic workflow.

Despite their ability to generate highly readable and clinically plausible report content,
LLMs still face persistent challenges in ensuring clinical accuracy. One major challenge
lies in the knowledge gap between the medical and general domains. Many studies
have attempted to bridge this disparity by augmenting models with retrieved domain-

specific knowledge [199, 10T, 89, 139, [160]. However, these approaches often overlook
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Chronological Order
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Figure 4.1: A motivating example. The report directly generated by the multimodal
LLM showcases its knowledge regarding several findings (Og) but can contain hal-
lucinations and overlook some other findings. To address this, we regard the part
that aligns with another expert model (O N Oy) as trustworthy and we incorporate
supplementary knowledge for the remaining part (O — Ogr N Oj) to enhance the report

generation.
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4.1. Introduction

the knowledge LLMs have already acquired. That is, much of the retrieved information
is often duplicate knowledge already encoded within the model’s parameters, leading
to redundant information retrieval. Moreover, the knowledge learned by LLMs [99] is
not always trustworthy, as hallucinations frequently occur [60]. For instance, in Figure
the LLM correctly identifies Cardiomegaly, making the retrieval of additional
knowledge about this observation unnecessary. Additionally, the generated Pleural
Effusion is highly credible, as it aligns with the expert model, whereas Edema remains
uncertain. Thus, balancing learned and retrieved knowledge in radiology report

generation is crucial to address these challenges.

In this chapter, we propose RADAR, a framework for RADiology report generation
that integrates both the internal knowledge of LLMs and external supplementARy
knowledge. Our framework primarily consists of two stages: preliminary findings
generation and supplementary findings augmentation. In the first stage, RADAR
generates an initial report from the input images. Subsequently, an expert model
processes the images for observation classification. The overlapping information
between the generated report and the classified observations is identified as high-
confidence internal knowledge. In the second stage, RADAR additionally retrieves
new knowledge to supplement the internal knowledge. Finally, both internal and
supplementary knowledge sources are aggregated to enhance the report generation

process. Our main contributions can be summarized as follows:

e We propose RADAR, a novel framework that enhances the clinical accuracy of
radiology report generation by effectively integrating both the internal knowledge

of LLMs and externally retrieved domain-specific knowledge.

e To optimize knowledge utilization, we introduce a knowledge extraction method
that identifies and retains non-overlapping information from the model’s learned

knowledge, reducing redundancy and bridging the knowledge gap.

e We conduct extensive experiments on three benchmark datasets: MIMIC-CXR,
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CHEXPERT-PLUS, and TU X-RAY, demonstrating the effectiveness of RADAR.

4.2 Preliminary

4.2.1 Problem Formulation

A multimodal LLM (MLLM) generally consists of a vision encoder, a vision connector
that transforms visual signals into the language space (e.g., MLP [104], Q-Former [84],
or Perceiver Resampler [192]), and an LLM, as illustrated in the left part of Figure
For radiology report generationﬂ the MLLM takes a radiograph X, its prior X,, (if
available), and the clinical context C' (e.g., Indication or Prior Findings) as input and
generates the report Y = {y1,...,yr}. The probability of the ¢-th token is computed
as follows:

p(yr) = MLLM(X, X, C, y<), (4.1)

where the MLLM is optimized using the negative log-likelihood loss:

L=-Y logp(y). (4.2)

4.2.2 Semi-Structured Report as Knowledge

In this chapter, the training set of MIMIC-CXR serves as the knowledge source for
radiology report generation. To effectively leverage the knowledge encoded in each
report, we convert it into semi-structured data. Specifically, given a report consisting
of N sentences, Y = {S,..., Sy}, we annotate each sentence using the 14-category
CheXpert observations [67] with the CheXbert model [157]. Each observation falls into
one of four classes: Positive, Negative, Uncertain, or Blank. To ensure conciseness, we

retain only sentences annotated with Positive observations. These selected sentences

'In this chapter, "report" typically refers to "findings," and we use these two terms interchangeably.
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collectively represent the knowledge extracted from the report, as illustrated in the
top-right part of Figure Note that we annotate and process Preliminary Findings
(§4.3.1) and Supplementary Findings (§4.3.2) in the same manner.

4.3 Method

4.3.1 Preliminary Findings Generation

We illustrate the Stage I process in the left part of Figure To assess the learned
knowledge of an LLM, we first feed the input (X, X,,, and C) into RADAR to generate
a report Y:
T
Y =argmax | [ MLLM(X, X, C, {),
Yey i1
where ) represents the set of possible reports. Note that exact maximization is

intractable and we employ an approximate decoding algorithm for generation. Next,
we convert the findings into semi-structured knowledge, as described in §4.2.2] and

denote the observations of Y as Og.

To extract credible knowledge from Y while filtering out untrustworthy information,
we train an expert model that predicts observations for the image. Unlike previous
works [57], [131], which consider only the image as input, we incorporate the clinical
context to enhance performance. Specifically, the expert model f(X) encodes X and
C using an image encoder Encoder, and a text encoder Encoder;, respectively, and

then processes their outputs through an MLP for observation classification:

h, = Encoder,(X), (4.3)

h; = Encoder,(C), (4.4)

p(0;) = o(MLP([h,; hy])), (4.5)

where [;] is the concatenation function, h, and h, are the pooled outputs of the

image and text encoders, respectively, and p(O;) represents the probability of the i-th
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4.3. Method

observation. We denote the observations derived from f(X) as Oy, and the credible
and high-confidence observations, O, are then obtained by intersecting O; and Og,
as follows:

Oy, =0;NOg.

Finally, we refine Y by removing sentences that do not correspond to O, yielding the

Preliminary Findings (PF).

To train the expert model, we collect observations from each report as image annota-
tions and optimize the expert model using binary cross-entropy loss. Following [131],
we address data imbalance by re-weighting the positive observations with a log-scale
weight, defined as a; = log (1 + %7“‘), where |Dipain| is the total number of training

samples and w; denotes the frequency of observation O;.

4.3.2 Supplementary Findings Augmentation

Supplementary Knowledge Retrieval. We follow the retrieval process of [199]
to search for domain knowledge. Specifically, the expert model described in §4.3.1]
produces probabilities for 14 observations, and we compute the similarity between

different samples using KL-divergence:

z = Normalize(f (X)), (4.6)
0] .

Sim(X, X;) =—» % log 21 , (4.7)
i=1 "

where Normalize(-) normalizes f(X) to 1, 2 represents the normalized scores for (X),
and Z; ; denotes the score of the j-th observation in the i-th sample from the database
(i.e., the training samples of the MIMIC-CXR dataset). We then rank the samples
based on their similarity scores, Sim(X, X;), and retrieve the top-K reports, denoted

as Y9 ={Y ... YZ)

Supplementary Knowledge Extraction. Since the retrieved information may
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overlap with the knowledge learned by LLMs, we extract only supplementary knowl-
edge based on two principles: (1) it should be concise and relevant, and (2) it should
complement, rather than duplicate, the preliminary findings. Thus, for each sup-
plementary report Y;° with its corresponding observations O, we retain only the

3

following observations:

Os=0—0,. (4.8)

Next, we convert Y;% into semi-structured knowledge and remove sentences that do
not correspond to O, referring to these findings as Supplementary Findings (SF).
Notably, all sentences corresponding to negative observations are removed, ensuring

that SF remains concise and clinically relevant.

4.3.3 Enhanced Radiology Report Generation

We integrate both PF and SF into the clinical context C' to form the augmented

context C4, from which the final report Y is generated as:

Y = argmax MLLM(X, X, C*). (4.9)

Yey
Since PF and SF contain information from various studies, summarizing high-level
information before generating the report is necessary. Thus, we include the observations
of Y as part of the training targets. Specifically, during training, Y is converted into

a structured format:

YO ={Oy,....0n,y1,...,y}, (4.10)

where {Oy, ..., Oy} represents the observations in Y, and {y,...,yr} corresponds to
the tokens of the report. We refer to this process as Observation Identification (OI).

During inference, we extract the final report from the generated output for evaluation.
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4.4. Experiments

4.4 Experiments

4.4.1 Datasets

We evaluate our model using three publicly available radiology report generation

datasets: MIMIC-CXR [74], CHEXPERT PLUS] [15], and IU X-RAY [28]:

e MIMIC-CXR contains 377,110 chest radiographs and 227,827 reports. We use
this dataset for fine-tuning, including only frontal images in our experiments.

The number of samples in the train/validation/test sets is 162,955/1,286/2,461.

e CHEXPERT PLUS comprises 223,462 unique radiology report and chest X-ray
pairs from 187,711 studies. We evaluate our model using only frontal images

from the validation set, which includes 62 samples.

e [U X-RAY is collected by Indiana University, and we use all frontal images for

evaluation, with 3,199 studies in total, similar to [9].

4.4.2 Evaluation Metrics

NLG Metrics. Following previous research [21], 89], BLEU-1/4 [130], ROUGE-L
[93], and METEOR |[8] are adopted for evaluating the languages of generated outputs.

Clinical Metrics. We evaluate the factual accuracy using several metrics. Specifically,
RG-F; and RGgggg) [69] evaluate the entity-level factuality and RadCliQo [203],
denoted as CliQ, aligns with the preference of radiologists. For observation evaluation,
UMacro-F; (1*Ma-F;) and *Micro-F; (**Mi-F;) evaluate the macro and micro F; of 14
observations (refers to Table [4.8)), respectively. In addition, °Macro-F; (°Ma-F;) and

®Micro-F; (Mi-F;) measure the performance of 5 common observations (Atelectasis,

2https://aimi.stanford.edu/datasets/chexpert-plus
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Cardiomegaly, Consolidation, Edema, and Pleural Effusion). Two lines of CheXpert

results are reported, i.e., Uncertain as Negative and Uncertain as Positive.

4.4.3 Baselines

On the MIMIC-CXR dataset, we compare our models with the state-of-the-art (SOTA)
MLLMs, including: RadFM [186], which is a radiology foundation model; XrayGPT
[163], which is a fine-tuned vision-language model for report generation; LLaVA-Med
[82], which is a general-purpose biomedical LLM; R2GenGPT [180], which employs
Llama 2 for report generation; R2-LLM [99], which enhances visual-textual alignment
via self-bootstrapping; RaDialog [131], which is a conversational assistant in radiology;
CheXagent [22], which is a VLM with various CXR iterpretation abilites; GPT-4V
[128], which is a general VLM and is able to interprate medical images; LLaVA-Rad
[16], which is a fine-tuned VLM for radiology report generation; Med-PaLM [156],
which is a medical LLM with strong performance on various medical tasks; MAIRA-1
[66], which employs a CXR image encoder and a Vicuna-7B LLM; MAIRA-2 [9],
which can generate descriptions for specific regions in radiographs; MedVerse [222],
which is a generalist model and supports multimodal inputs; and Libra [215], which
leverages temporal images for radiographs. Other SOTA specialists are: R2GEN [21],
a memory-driven Transformer model; R2ZGENCMN [20], which employs a cross-modal
memory network; M?TR [126], which generates radiology reports in a progressive
manner; KNOWMAT [199], which integrates domain knowledge to enhance performance;
CMM-RL [133], which leverages reinforcement learning to optimize report generation;
CMCA [158], which incorporates contrastive attention to better capture abnormalities;
KiUT [65], a knowledge-injected U-Transformer; DCL [89], which improves report
generation through contrastive learning; METrans [179], RGRG [162], REcAP [56],
which leverages historical patient records to inform report generation; Controllable
[25], which is a controllable radiology report generation framework and allows user to

select the regions for reporting; and PromptMRG [71], which generates medical reports
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guided by diagnosis-aware prompts. We also compare RADAR with LLaVA-Rad and
MAIRA-2 on the IU X-RAY dataset. On the CHEXPERT-PLUS dataset, we compare
RADAR with the baseline SWIN,o-BERT [I5] consisting of a Swin Transformer V2
[110] and a BERT decoder [30]. The SWIN,2-BERT model includes three variants,
each trained on a distinct dataset: the MIMIC-CXR dataset, the CHEXPERT PLUS

dataset, and a combined version of both.

Hyperparameters Stage 1 Stage 11
Vision Encoder (LoRA)

Trainable Module Perceiver Resampler (Full) LLM (LoRA)

LLM (LoRA)

Training Epoch 3 2

Learning Rate le—4

Optimizer AdamW

LR Scheduler Cosine

Warmup Ratio 0.03

LoRA Config r=064,a=128

Batch Size 32

Table 4.1: Detailed hyperparameters for training RADAR. LoRA is used to fine-tune

both the vision encoder and the LLM, while the Perceiver Resampler is fully fine-tuned.

4.4.4 Implementation Details

Training and Inference. We implement RADAR using BLIP-3 [192] as the backbone,
which comprises a SigLIP [210] vision encoder, a Perceiver Resampler, and a Phi-3-
miniz gp [1] language model. The expert model consists of a Swin Transformer V

[L10] and a BioClinical BERT] [3]. Top-2 reports are selected as knowledge. The

3The model card is "Salesforce/xgen-mm-phi3-mini-instruct-interleave-r-v1.5."
4The model card is "microsoft/swinv2-large-patch4-window12to16-192t0256-22ktolk-ft."
5The model card is "emilyalsentzer/Bio_Clinical BERT."
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Dataset: MIMIC-CXR (Training and Evaluation)

NLG Metrics Clinical Metrics (CheXpert: Uncertain as Negative / Positive)
Model B-1 B-4 MTR R-L |RG-F; RGgy CliQo (}) “Ma-F, °*Ma-F, “Mi-F, SMi-F,
RadFM - 0128 - 0182 - - - - - - -
XrayGPT 0.128 0.004 0.079 0.111 - - - - - - —
R2GenGPT 0.411 0.134 0160 0.297 - - - 0.389 - - -
R2-LLM 0.402 0.128 0.175 0.291 - - - - - - -
RaDialog 0.346  0.095 0.140 0.271 - - - 0.394 - - -
LLaVA-Med 0.354 0.149 0.353 0.276 | 0.191  0.238 3.30 0.269 0.363 0.427  0.439
CheXagent 0.169 0.047 — 0215 - 0.205 - 0.247 0.345 0.393 0412
GPT-4V 0.164 0178 — 0132 - 0.132 - 0.204 0.196 0.355  0.258
Med-PaLM 0.323 0115 — 0275 | 0.267 - - 0.398 0.516 0.536  0.579
LLaVA-Rad 0.381 0154 —  0.306 - 0.294 - 0.395 0.477 0.573  0.574
MAIRA-1 0.392 0.142 0.333 0.289 | 0.243  0.296 3.10 0356 0477 0:557 0560
0.423 0.517 0.553 0.588
MAIRA-2 0.465 0.234 0.420 0.384 | 0.346 0.396 2.64 0.416 0.504 0.581 0.591
MedVerse - 0.178 - - 0.280 - 2.71 — - - —
MA4CXR 0.339  0.103  — - 0.218  0.285 - 0.400 0.495 0.606  0.618
Libra 0.513 0245 0.489 0.367 | 0.329  0.376 2.70 0.404 0.538 0.559  0.601
RADAR (Ours) | 0.509 0.262 0.450 0.397 | 0.346  0.393 2.61 0460 0567 0627  0.653
0.497 0.602 0.627  0.674

Table 4.2: Evaluation results of our model and baseline methods on the MIMIC-CXR dataset. Baseline results are cited
from their respective literature. The best results are shown in bold, while underlined values indicate the second-best

results. | denotes that lower values are better. Results of CheXpert treat Uncertain labels as Positive when compared

with MAIRA-1.
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Dataset: IU X-RAY (FEvaluation Only)

NLG Metrics Clinical Metrics
Model

B-4 R-L RG-F; CliQo () “"Ma-F, “Mi-F,
LLaVA-Rad - 0.253 - — - 0.535
MAIRA-2 0.117 0.274 0.271 2.68 0.319 0.525
RADAR (Ours) | 0.116  0.276 0.237 2.78 0.325 0.546
BACKBONE 0.112  0.275 0.236 2.79 0.269 0.514

Table 4.3: Experimental results on the IU X-RAY dataset, with results for the models
LLaVA-Rad and MAIRA-2 cited from [9].

hyperparameters used for training RADAR are provided in Table During inference,
we employ beam search with a beam width of 5 for report generation and set the length
penalty to 2.0. As proposed by [192], BLIP-3 samples vision tokens using a Perceiver
Resampler with learned queries and supports images of any resolution, resulting in
significant performance gains across multiple tasks. In this chapter, we use only the
base resolution (384 x 384) with 128 learned query tokens to ensure a fair comparison
with other baselines. For training, in Stage I, we fine-tune all three components (i.e.,
the vision encoder, the Perceiver Resampler, and the LLM) in BLIP-3 since the model
is not specifically designed for medical tasks. In Stage II, we further fine-tune only

the LoRA of the LLM to enhance performance.

Data Preprocessing. Following previous research [66, 9, 215], we incorporate
Indication, History, Comparison, Technique, and Prior Findings as clinical context for
the MIMIC-CXR and CHEXPERT PLUS datasets, when available. Since the IU X-RAY
dataset does not include follow-up studies, we extract only Indication, Comparison,
and Technique as clinical context. For a better illustration, we provide the prompt

template in Table
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Dataset: CHEXPERT PLUS (FEvaluation Only)

NLG Metrics Clinical Metrics
Model Train
B-4 R-L RGﬁ(ER) 146B)Ma-F, UGB)Mi-F,
M* 0.034  0.191 | 0.136 (0.198) 0.268 (0.383) 0.410 (0.423)
SWIN,»-BERT | C 0.057  0.228 | 0.183 (0.250) 0.331 (0.401) 0.508 (0.432)
M&C | 0.056  0.234 | 0.201 (0.277) 0.366 (0.495) 0.560 (0.532)
0.362 (0.417) 0.541 (0 524)
RADAR (Ours) | M 0.076  0.203 | 0.143 (0.216)
0.401 (0.540) (0.608)
0.282 (0.437) 0.477 (0.466)
BACKBONE M 0.073  0.203 | 0.143 (0.206)
0.317 (0.502) 0.492 (0.552)

Table 4.4: Evaluation on the CHEXPERT PLUS dataset. The results for SWIN,»,-BERT
are cited from [15], and we primarily compare RADAR with its x variant. The "Train"
column indicates the training datasets, where M and C denote the MIMIC-CXR and

CHEXPERT PLUS datasets, respectively.

4.5 Results and Analyses

4.5.1 Quantitative Analysis

Comparison with MLLMs. As shown in Table RADAR achieves SOTA
performance compared to other MLLM baselines. In terms of lexical metrics, RADAR
outperforms the best baselines (i.e., Libra and MAIRA-2) with absolute improvements
of 1.7% in BLEU-4 and 1.3% in ROUGE-L, while maintaining competitive performance
of 0.509 in BLEU-1 and 0.450 in METEOR. Regarding entity-level clinical metrics,
our model achieves the best performance on RG-F; and RadCliQ, attaining scores of
0.346 and 2.61, respectively. Additionally, RADAR surpasses the top three baselines,
achieving improvements across multiple observation-level clinical metrics, with *Macro-
F, increasing to 0.460, *Macro-F; to 0.567, *Micro-F; to 0.627, and 5Micro-F; to
0.653, respectively. Notably, the smallest gain over the second-best model is 2.1%,
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Dataset: MIMIC-CXR (Compared with SOTA Specialists)

Model NLG Metrics CE (Macro) Metrics
B-1 B2 B3 B4 MTR RL | P R F,

R2GEN 0.353 0.218 0.145 0.103 0.142 0.270 | 0.333 0273  0.276
R2GENCMN | 0.353 0218 0.148 0.106 0.142 0278 | 0.344 0275  0.278
M2TR 0.378 0.232 0.154 0.107 0.145 0.272 | 0.240 0428  0.308
KNOWMAT 0.363 0.228 0.156 0.115  —  0.284 | 0458 0.348  0.371
CMM-RL 0.381  0.232 0.155 0.109 0.151 0.287 | 0.342 0.294  0.292
CMCA 0.360 0.227 0.156 0.117 0.148 0.287 | 0.444 0297  0.356
KiUT 0.393 0.243 0.159 0.113 0.160 0.285 | 0.371 0.318  0.321
DCL - - — 0109 0150 0.284 | 0471 0.352  0.373
METrans 0.386 0.250 0.169 0.124 0.152 0.291 | 0.364 0.309  0.311
RCGRG 0373 0249 0175 0.126 0.168 0.264 | 0.380 0.319  0.305
ORGAN 0407 0256 0172 0123 0.162 0.293 | 0416 0418  0.385
RECAP 0429 0267 0177 0125 0.168 0.288 | 0.389 0.443  0.393
Controllable | 0.486 0.366 0.295 0.246 0.216 0.423 | 0.597 0.516  0.553
PromptMRG | 0.398  — — 0112 0157 0268 | 0396 0.393  0.381
ICON 0429 0266 0.178 0.126 0.170 0.287 | 0.445 0505  0.464
RADAR (Ours) | 0.509 0.390 0.315 0.262 0.450 0.397 0-481 0.474 0.460

0.523  0.500  0.497

Table 4.5: Experimental results of our model and SOTA specialists on the MIMIC-

CXR dataset. Results denotes Uncertain as Positive.
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underscoring RADAR’s effectiveness. Furthermore, we provide an additional set of
CheXpert results using the Uncertain as Posilive policy and compare RADAR with
MAIRA-1. We observe that the improvements under this setting follow a similar trend
to those obtained with the Uncertain as Negative policy. These results collectively
demonstrate the effectiveness of RADAR in generating coherent and clinically accurate

radiology reports.

Comparison with SOTA Specialists. The results of other specialists on the
MIMIC-CXR dataset are shown in Table [4.5. These specialists are mainly based on
Transformers and demonstrate strong performance. We find that models incorporating
clinical context (e.g., Indication) as input generally achieve better performance than
those that do not, as the clinical context can provide the rationale for the study,
including relevant clinical history and other pertinent information. For example, the
Controllable model significantly outperforms other baselines across both lexical and
clinical metrics, achieving a B-4 score of 0.246 and a “*Macro-F; of 0.553. This trend
also holds for MLLMs (e.g., MAIRA-1/2 and Libra), as shown in Table [4.2] Moreover,
benefiting from the strong contextual comprehension and language generation capabil-
ities of LLMs, RADAR further improves linguistic quality, which requires models to
integrate diverse information sources. However, when evaluating under the Uncertain
as Positive CheXpert setting, we observe that the *Macro-F; score of our model still
lags behind that of the Controllable baseline (0.497 vs. 0.553). This discrepancy may
stem from differences in learning objectives, as this baseline treats Uncertain cases as

Positive.

Model Generalization. Following prior research [9], we further evaluate RADAR on
the CHEXPERT PLUS and IU X-RAY datasets to assess its generalization capability,
with the results presented in Table[4.3] On the IU X-RAY dataset, RADAR outperforms
MAIRA-2 in the CheXpert metrics, achieving a '*Macro-F; score of 0.325 and a *Micro-
F1 score of 0.546. However, a performance gap remains in RG-F; and RadCliQq, which

may be attributed to differences in training data, as MAIRA-2 is trained with the
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additional USMix dataset. Meanwhile, RADAR demonstrates comparable performance
to the baselines in terms of lexical metrics. When compared to another baseline,
namely LLaVA-Rad, our model outperforms it on two of the provided metrics (R-L and
UMicro-F;). On the CHEXPERT PLUS dataset, our model significantly outperforms
SWIN,2-BERT trained on the MIMIC-CXR dataset, across both lexical and clinical
metrics. Furthermore, RADAR surpasses the baseline that is trained on CHEXPERT
PLUS alone as well as the one trained on a combination of both datasets. These results
demonstrate the strong generalization ability of RADAR across different datasets.
Additionally, RADAR significantly outperforms the BACKBONE, underscoring the

effectiveness of the integrated knowledge.

Analysis of PF, SF, and OI. We analyze the impact of PF, SF, and OI on the
performance of RADAR, with results summarized in Table @ RADAR,/, ¥, which
first identifies observations before report generation without incorporating knowledge,
significantly improves the CheXpert metrics, particularly “*Macro-F; and *Macro-
Fy, as observation information captures high-level abstractions of reports and aligns
closely with the objectives of these metrics. This highlights the crucial role of OI
in enhancing clinical accuracy, independent of other components. When PF and
SF are introduced individually with OI, introducing PF alone helps preserve the
knowledge embedded in the LLM, resulting in comparable performance across both
lexical and clinical metrics. In contrast, introducing SF alone substantially improves
14/5Macro-F1, but negatively impacts RGgr and RadCliQy. Moreover, combining both
PF and SF leverages the strengths of each, leading to further improvements in the
clinical metrics while maintaining comparable performance across the other metrics.
We notice that BACKBONE tends to retain easily acquired knowledge (i.e., PF) and
that selectively supplementing it with external information (i.e., SF) is crucial for

bridging the remaining knowledge gaps.

Analysis of RADAR versus RAG. To evaluate the effectiveness of knowledge

integration in RADAR, we conduct experiments comparing our model against three
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Modules Lexical Metrics Clinical Metrics (CheXpert: Uncertain as Negative)
Model PF SF OI| B-1 B-4 MTR R-L | RG-F, RGgz CliQ, (}) "“Ma-F, °Ma-F; Mi-F; °’Mi-F,;
RADAR v/ v/ 10509 0262 0450 0.397| 0.346  0.393 2.61 0.460 0.567 0.627 0.653
BACKBONE X X X | 0497 0.259 0444 0.396 | 0.343  0.387 2.67 0.402 0.495 0.565 0.581
RADARy/o 7 X X /0506 0.260 0448 0.396 | 0.343  0.391 2.63 0.442 0.545 0.624 0.651
RADARy/osr | v X/ 10508 0.262 0451 0.398 | 0.346  0.394 2.62 0.447 0.543 0.626 0.650
RADARypr | X vV v/ 10508 0261 0450 0.396 | 0.344  0.389 2.63 0.456 0.559 0.623 0.652

Table 4.6: Ablation results of RADAR with different modules. Per-observation results of BACKBONE, Variant (a), Variant

(b), and RADAR are provided in Appendix, Table [4.8]

Modules NLG Metrics Clinical Metrics (CheXpert: Uncertain as Negative)
Model Vision Resampler LLM | B-1 B-4 MTR R-L | RG-F; RGgr CliQ () "“Ma-F, Ma-F; “Mi-F;, ‘Mi-F,;
BACKBONE 4 v v 10497 0259 0.444 0.396 | 0.343  0.387 2.67 0.402 0.495 0.565 0.581
BACKBONE-V1 X v X 0.430 0.183 0.359 0.318 | 0.245  0.296 3.15 0.284 0.415 0.476 0.508
BACKBONE-V?2 X v v 10483 0246 0.428 0.381| 0.321  0.368 2.78 0.361 0.465 0.532 0.550

Table 4.7: Ablation results of fine-tuning different modules of BACKBONE.
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Observation P R ¥

Atelectasis 0.518 0.645 0.574
Cardiomegaly 0.656 0.783 0.713
Consolidation 0.370 0.174 0.237
Edema 0.518 0.610 0.560
Pleural Effusion 0.695 0.800 0.744
®Macro Average 0.551 0.602 0.567
®Micro Average 0.607 0.707 0.653
Enlarged Cardiomediastinum | 0.277 0.204 0.235
Lung Opacity 0.644 0.496 0.561
Lung Lesion 0.492 0.207 0.291
Pneumonia 0.283 0.232 0.255
Pneumothorax 0.407 0.636 0.496
Pleural Other 0.333 0.173 0.228
Fracture 0.421 0.244 0.309
Support Devices 0.823 0.866 0.844
No Finding 0.302 0.569 0.395
“Macro Average 0.481 0.474 0.460
“Micro Average 0.614 0.640 0.627

Table 4.8: Experimental results of RADAR for each observation on the MIMIC-CXR

dataset.

baselines: (1) BACKBONE PLuUS, (2) BACKBONE+RAG, and (3) BACKBONE+PF+SF.
The results are presented in Figure Note that these baselines do not include the
OI. Since RADAR undergoes two-stage training (i.e., two additional epochs), we apply
the same extended training to BACKBONE, referring to this variant as BACKBONE
Prus. In addition, we introduce a standard RAG baseline (BACKBONE+RAG),
which utilizes the same retrieved findings as RADAR. Building upon this baseline,
BACKBONE+PF+SF further includes PF as context. Our findings reveal that while all

four models achieve comparable performance on lexical metrics (e.g., 50%/26% B-1/4),
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05 BACKBONE PLUS +6.63% 1
BACKBONE+RAG 46.81%
B BACKBONEA+FPLSF m
oo EE RADAR (Ours)
+7.79%
0.55
[}
=
<
> 0.50
2
5
[}
b= +6.24%
0.45
0.40
0.35

RG-F, RGgr UMa-F, "Ma-F, UMi-Fy SMi-Fy

Figure 4.3: Comparisons among BACKBONE+RAG, BACKBONE+FP+SF, and RADAR

on six clinical metrics.

they differ in clinical metrics. Specifically, BACKBONE+RAG and BACKBONE PLUS
show similar performance, and BACKBONE+FP+SF outperforms these two baselines
on CheXpert metrics and exhibits similar performance on RadGraph metrics. This
demonstrates that incorporating credible knowledge can effectively enhance report
generation even without OI. Moreover, RADAR demonstrates a relative improvement
of over 6% across four key CheXpert metrics. This suggests that structured integration

of internal and external knowledge contributes to its enhanced clinical accuracy.

Analysis of Fine-tuning Different Modules in BACKBONE. To assess the
contributions of different components in the base model (i.e., BLIP-3), we conduct
an ablation study on the impact of fine-tuning the vision encoder, the Perceiver
Resampler, and the LLM. The experimental results are presented in Table By

comparing BACKBONE and BACKBONE-V 2, we find that fine-tuning the vision encoder
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to incorporate domain-specific knowledge is crucial for achieving high clinical accuracy,
even though both configurations exhibit strong language coverage in lexical metrics. In
particular, *Macro-F; and ®*Macro-F; increase from 0.361 to 0.402 and from 0.465 to
0.495, respectively. In addition, there is a notable 3% improvement in both *Micro-F;
and *Micro-F;. Furthermore, fine-tuning the LLM (i.e., Phi-3) leads to substantial
improvements in both lexical and clinical metrics, as demonstrated by the comparison
between V1 and V2, where an improvement of nearly 5% across all metrics is observed.
Notably, RADAR employs a lightweight LLM with 3.8B parameters as the language
decoder and still outperforms many larger models (e.g., LLaVA-Med and MAIRA-1,
both using 7B LLMs). This underscores both the effectiveness of the backbone and

the importance of domain-specific adaptation for achieving optimal performance.

4.5.2 Qualitative Analysis

Case Study. We conduct a case study to illustrate the advantages of incorporating
both internal knowledge and retrieved information, as shown in Figure [4.4. In Case
A, RADAR initially generates a report that includes the finding Atelectasis. However,
expert assessment indicates the image shows no abnormal findings. As a result, the
intersection between the preliminary report and the expert model’s outputs is 0,
and by removing this incorrect observation, RADAR ultimately produces an accurate
report. This example highlights the model’s ability to refine its predictions when
guided by expert constraints, effectively eliminating unnecessary or incorrect findings.
Another more complex case is presented on the right side (Case B) of this Figure.
Specifically, RADAR initially identifies findings related to Edema and Cardiomegaly,
which the expert model also notes. However, the observation of Atelectasis is omitted
from the preliminary findings, while indicated by the supplementary findings. By
incorporating retrieved evidence such as "... linear atelectasis ..." and "Mild areas of
atelectasis ...", RADAR successfully corrects the omission and generates a complete and

accurate report that includes all the relevant observations. This case demonstrates the
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Case A

Preliminary Findings: O [Atelectasis]

Heart size is normal. ...... FAteleetasisHMitd
is4 i -No

focal consolidation, pleural effusion or

pneumothorax is present. ......

Expert Observations: O = ()

Agreement: O, = ()

Overall Findings: O = )

The cardiac, mediastinal and hilar contours

are normal. Lungs are clear. ......

Reference: O = ()

Cardiac, mediastinal and hilar contours are

normal. ......

Preliminary Findings: Or [Edema, Cardiomegaly]

[Edema] ..... there is still evidence of mild-to-moderate pulmonary
edema. [Cardiomegaly] Moderate cardiomegaly persists.
Supplementary Findings:

[Atelectasis] There are areas of left mid-to-lower lung linear
atelectasis/scarring.

[Atelectasis] Mild areas of atelectasis at the left lung bases.

Expert Observations: O; [Cardiomegaly, Atelectasis, Edemal]
Agreement: O, [Edema, Cardiomegaly]

Overall Findings: O

...... [Edema] Moderate pulmonary edema with [Cardiomegaly]
moderate cardiomegaly and [Atelectasis] bilateral areas of atelectasis.
Reference:

[Edema] There are still signs indicative of mild pulmonary

edema. [Atelectasis] In addition, there is a small right medial basal
atelectasis. [Cardiomegaly] Moderate cardiomegaly. ......

Figure 4.4: Two cases generated by RADAR, where false positive observation appears in the PF of case A, and false negative

observation shows in the PF of case B.

Case B
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Indication: History of
chest pain x20 minutes,
please evaluate for
pneumonia or other acute
process.

Prior
Current

Preliminary Findings: O [Cardiomegaly]

[Cardiomegaly] Mild cardiomegaly has been stable compared to exams
dated back to atleast .

Supplementary Findings:

[Edema] There is mild-to-moderate interstitial edema.

[Lung Opacity] ...... , there is an ill-defined somewhat rounded opacity ......
[Fracture] Left lateral rib fractures are again noted.

Expert Observations: O; [Edema, Fracture, Cardiomegaly]
Agreement: O, [Cardiomegaly]

Overall Findings:

[Cardiomegaly] Mild cardiomegaly is stable compared to exams dated back
to atleast .

Reference:

[Cardiomegaly] There is stable mild cardiomegaly.

[Lung Opacity] There appears to be a subtle increase in opacification in the
retrocardiac region, ......

Figure 4.5: Error case generated by RADAR, where spans and spans indicate incorrect

and correct findings, respectively.

model’s capability to leverage external knowledge to recover missing findings, thereby

improving factual completeness.

Error Analysis. We conduct an error analysis to gain deeper insights on the report
generation process, as shown in Figure [£.5. RADAR initially generates a report
containing the observation Cardiomegaly, which is also present in the expert model’s
output. In this case, the observation reflects credible knowledge possessed by the LLM
and should be preserved. Subsequently, RADAR produces a false prediction of finding,

Edema, which aligns with the retrieved supplementary findings. This error may result
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from the model’s overreliance on external knowledge. Moreover, since Edema is
clinically associated with Cardiomegaly, it is possible that RADAR has learned only
superficial correlations between them. To address these issues, potential solutions
include refining the expert model and expanding the training dataset. Additionally,
another common error is the omission of finding [205], where the model misses a
case of Lung Opacity. Despite relevant information in the supplementary findings,
RADAR fails to leverage it. This could be mitigated with relevance-aware integration

to promote the utilization of such information.

4.6 Chapter Summary

In this chapter, we introduce RADAR, a novel approach designed to enhance radi-
ology report generation by leveraging both the internal knowledge of an LLM and
externally retrieved information. Our model first generates a report and subsequently
classifies the image based on observations, with their shared components regarded
as internal knowledge. It then retrieves supplementary information to further refine
and complement this knowledge. Extensive experiments on three public datasets
demonstrate that RADAR achieves SOTA performance in both language quality and
clinical accuracy, highlighting the effectiveness of integrating internal and external

knowledge for more accurate and coherent radiology report generation.

Our experiments are conducted using a single backbone architecture. While this choice
provides a controlled evaluation, the performance of alternative architectures remains
unexplored. Future work should investigate whether different model architectures
can achieve comparable or better results. In addition, our study focuses exclusively
on a single imaging modality (e.g., Chest X-ray). The model’s effectiveness in other
imaging modalities, such as CT scans or MRI, has not been evaluated. Extending our
approach to multiple imaging modalities would be an important direction for future

research to enhance its clinical utility and generalizability.
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Role Prompt
<|system|>
SYSTEM You are an assistant in radiology, responsible for analyzing medical imag-

ing studies and generating detailed, structured, and accurate radiology
reports.

<|end|>

<|user|>
<prior image> (If prior available)

<current image>

Indication: ......
History: ......
USER
Comparison: ......
Technique: ......
Prior Findings: ...... (If prior available)
Preliminary Findings: ...... (If available)
Supplementary Findings: ...... (If available)
Generate a comprehensive and detailed description of findings based on
this chest X-ray image. Include a thorough comparison with a prior chest
X-ray, emphasizing any significant changes, progression, or improvement.
(If prior available) Before this, systematically identify all observations.
<|end|>
<|assisitant|>
Identified Observations:
ASSISTANT |

Table 4.9: The prompt template for RADAR and its variants, consisting of three roles:

System, User, and Assistant.
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Chapter 5

Spatiotemporally Precise Radiology

Report Generation

5.1 Introduction

Aiming to generate clinically coherent and factually accurate free-text reports, many
research works [126] [125] [26] 10 [162] have made significant efforts in improving
the clinical factuality of generated reports. Despite their progress, these methods
still struggle to produce precise and accurate free-text reports. One significant
problem within these methods is that although they successfully captured the semantic
information of observations, their attributes still remain imprecise. They either ignored
historical records (i.e., temporal information) that are required for assessing patients’
current conditions or omitted the fine-grained attributes of observations (i.e., spatial
information) that are crucial in quantifying the severity of diseases, which are far from
adequate and often lead to imprecise reports. Incorporating both temporal and spatial
information are important for generating precise and accurate reports. For instance,
as illustrated in Figure the patient’s conditions can change from time to time, and

the observations become Better and Stable. Only if accessing the historical records,
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Precise
Attributes

Prior Visit

unchanged
normal

decreased

Progressions

unchanged
top-normal

decreased

Current Visit

Concise
Observations

(1) Enlarged Card. / POS

(2) Cardiomegaly / NEG

(3) Lung Lesion / POS

Better & Stable

(1) Enlarged Card. / POS

(2) Cardiomegaly / NEG

(3) Lung Lesion / POS

Figure 5.1: An example of a follow-up visit record with its prior visit record. Part

of their observations are listed with their precise attributes. Enlarged Card. denotes

Enlarged Cardiomediastinum.

85



Chapter 5. Spatiotemporally Precise Radiology Report Generation

the overall conditions could be estimated. In addition, different attributes reflect the
severity of an observation, such as normal and top-normal for Cardiomegaly. In order
to produce precise and accurate free-text reports, we must consider both kinds of
information and apply stronger reasoning to strengthen the generation process with

precise attribute modeling.

In this chapter, we propose RECAP, which captures both temporal and spatial infor-
mation for radiology REport Generation via DynamiC DiseAse Progression Reasoning.
Specifically, RECAP first predicts observations and progressions given two consecu-
tive radiographs. It then combines them with the historical records and the current
radiograph for report generation. To achieve precise attribute modeling, we con-
struct a disease progression graph, which contains the prior and current observations,
the progressions, and the precise attributes. We then devise a dynamic progres-
sion reasoning (PrR) mechanism that aggregates information in the graph to select

observation-relevant attributes.

Our contributions can be summarized as follows:

e We propose RECAP, which can capture both spatial and temporal information

for generating precise and accurate free-text reports.

e To achieve precise attribute modeling, we construct a disease progression graph
containing both observations and fine-grained attributes that quantify the severity
of diseases. Then, we devise a dynamic disease progression reasoning (PrR)

mechanism to select observation/progression-relevant attributes.

o We conduct extensive experiments on two publicly available benchmarks, and
experimental results demonstrate the effectiveness of our model in generating

precise and accurate radiology reports.
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5.2 Preliminary

5.2.1 Problem Formulation

Given a radiograph-report pair D¢ = {X¢, Y}, with its record of last visit being either
DP = {XP Y?} or DP = () if the historical record is missing, the task of radiology
report generation aims to maximize p(Y¢|X¢, D?). Note that there are two kinds of
records (i.e., first-visit and follow-up-visit). If it is the first visit of a patient, the
historical record does not exist. To learn the spatiotemporal information, observations
O (i.e., spatial information) [67] and progressions P (i.e., temporal information)
[187] are introduced. Then, the report generation process is divided into two stages
in our framework, i.e., observation and progression prediction (i.e., Stage 1) and
spatiotemporal-aware report generation (i.e., Stage 2). Specifically, the probability of
observations and progressions are denoted as p(O|X€) and p(P|X¢, X?), respectively,
and then the generation process is modeled as p(Y¢|X¢, D?, O, P).

5.2.2 Progression Graph Construction

Observation and Progression Extraction. For each report, we first label its
observations O = {01, ...,0p,} with CheXbert [157]. Similar to [57], each observation
is further labeled with its status (i.e., Positive, Negative, Uncertain, and Blank). We
convert Positive and Uncertain as POS, Negative as NEG, and remove Blank, as shown
in Figure [5.1. Then, we extract progression information P of a patient with Chest
ImaGenome [187] which provides progression labels (i.e., Better, Stable, or Worse)
between two regions of interest (ROIs) in X? and X¢, respectively. However, extracting
ROIs could be difficult, and adopting such ROI-level labels may not generalize well
across different datasets. Thus, we use image-level labels, which only indicate whether
there are any progressions between X? and X¢. As a result, a patient may have

different progressions (e.g., both Better and Worse). The statistics of observations
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MIMIC-ABN
#Observation
Positive Negative
No Finding 5002/32/22 66,784,/514 /784
Cardiomegaly 16,312/118/244 | 804/4/8

Pleural Effusion
Pneumothorax
Enlarged Card.
Consolidation
Lung Opacity
Fracture

Lung Lesion
Edema
Atelectasis
Support Devices
Pneumonia

Pleural Other

10,502,/80,186
1,452/24/4
5,202,/40,/90
4,104/36/96
22,598,/166/356
4,458/32/76
5,612/54/112
8,704,/76/168
19,132/134/220
9,886/58,/196
17,826,/138,/260
2,850/30/62

1,048/18/24
1,792/10/26
1,194/10/14
3,334/20/34
748/10/4
330/0/0
120/2/2
1,898/16/32
116/2/0
394/0/10
3,226/22/34
8/0/0

Table 5.1: Observation distribution in the train/valid/test split of the MIMIC-ABN
dataset, and the distribution of the MIMIC-CXR dataset is provided in Table 3.1]

and progressions can be found in Table [5.1) and Table

Spatial/ Temporal Entity (Attribute) Collection. To model spatial and temporal
information, we collect a set of entities to represent it. For temporal entities, we
adopt the entities provided by [10], denoted as ET. For spatial entities £, we adopt
the entities with a relation modify or located at in RadGraph [69], and we also
filter out stopwords and temporal entities from them. Attributes are included in
the entity set as provided by [69]. For simplicity, we use "attribute" and "entity"
interchangeably in this chapter. Part of the temporal and spatial entities are listed

here: healed, fractured, healing, nondisplaced, top, size, heart, normal, mediastinum,
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#Progression | MIMIC-ABN | MIMIC-CXR
Better 929/2/19 14,790/110/345
Worse 1,219/6/30 18,083/163/431
Stable 4,114/31/99 41,721/334/1,085
Total 6,440/48/137 64,498/535/1, 566
Ratio 9%/8.8%/17% 24%/25.1%/40.6%

Table 5.2: Progression distribution in train/valid/test split of the MIMIC-ABN and
MIMIC-CXR datasets.

widening, contour, widened, consolidative, collapse, underlying, developing, fibrosis,
thickening, biapical, blunting, indistinctness, asymmetrical, haziness, asymmetric,
layering, subpulmonic, thoracentesis, trace, small, adjacent, tiny, atypical, developing,
supervening, multifocal, correct, superimposed, patchy, and borderline. For temporal
entities, we use the same settings of [10], which are: bigger, change, cleared, constant,
decrease, decreased, decreasing, elevated, elevation, enlarged, enlargement, enlarging,
expanded, greater, growing, improved, improvement, improving, increase, increased,
increasing, larger, new, persistence, persistent, persisting, progression, progressive,
reduced, removal, resolution, resolved, resolving, smaller, stability, stable, stably,
unchanged, unfolded, worse, worsen, worsened, worsening and unaltered. We list top-5

attributes for each observation in Table (.3

Progression Graph Construction. Our progression graph G =< V, R > is con-
structed based purely on the training corpus in an unsupervised manner. Specificially,
V ={0, ET, ES} is the node-set, and R = {S, B,W, Rg, Ro} is the edge set, where
S, B, and W denote three progressions Stable, Better, and Worse, connecting an
observation with an temporal entity. In addition, R; and R, are additional relations
connecting current observations with spatial entities and prior/current observations,
respectively. To extract spatial/temporal triples automatically, we use the proven-

efficient statistical tool, i.e., pointwise mutual information (PMI) [24], where a higher
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Observation

Top-5 Attributes

Cardiomegaly
Pleural Effusion
Pneumothoraz
Enlarged Card.
Consolidation
Lung Opacity
Fracture

Lung Lesion
Edema
Atelectasis
Support Devices
Pneumonia

Pleural Other

cardiomegaly, borderline, moderately, severely, mildly
layering, subpulmonic, thoracentesis, trace, small
hydropneumothorax, apical, tiny, tension, component
mediastinum, widening, contour, widened, lymphadenopathy
consolidative, collapse, underlying, developing, consolidations
opacification, opacifications, patchy, heterogeneous, scarring
healed, fractured, healing, nondisplaced, posterolateral
nodular, nodule, mass, nodules, mm

indistinctness, asymmetrical, haziness, asymmetric, interstitial
atelectatic, atelectasis, collapsed, subsegmental, collapse
sidehole, carina, coiled, tunneled, duodenum

infectious, infection, atypical, supervening, developing

fibrosis, thickening, biapical, blunting, scarring

Table 5.3: Top-5 attributes for each observation.

PMI score implies two units with higher co-occurrence, similar to [57]:

(5.1)

Specifically, we set T to (0;,7;) where r; € R and set # to e} where e € {ET, E}.

Then, we rank these triples using PMI((0;,7;), ef) and select top-K of them as

candidates for each (o;,r;). Finally, we use observations as the query to retrieve

. . . rj R - .
relevant triples. We consider edges in the graph: e} = of) =5 of Imy e* | as shown in

the top-right of Figure [5.2] consistent with the progression direction.
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Chapter 5. Spatiotemporally Precise Radiology Report Generation

5.3 Method

5.3.1 Visual Representation Extraction

Given an image X¢ an image processor is first to split it into N patches, and
then a visual encoder (i.e., Vision Transformer [32]) is adopted to extract visual

representations X°¢:
X ={[CLS|% xS, ..., x5} = VIiT(X°), (5.2)

where [CLS]® € R" is the representation of the class token [CLS] prepended in
the patch sequence, ¢ € R” is the i-th visual representation. Similarly, the visual

representation of image X? is extracted using the same ViT model and represented as

X? = {[CLSP,a,... 2% ).

5.3.2 Observation and Progression Prediction

Observation Prediction. As observations can be measured from a single image
solely, we only use the pooler output [CLS|¢ of X¢ for observation prediction. Inspired
by [162], we divide it into two steps, i.e., detection and then classification. Specifically,
the detection probability pg(o;) of the i-th observation presented in a report and the

probability of this observation p.(o;) being classified as abnormal are modeled as:
pa(0;) = 0(Wy,[CLS]® + bg,), (5.3)

pe(0;) = o(W,,[CLS] + b,,), (5.4)

i

where o is the Sigmoid function, Wy, ,W,, € R" are the weight matrices and by, , b., € R
are the biases. Finally, the probability of the i-th observation is denoted as p(o;) =

pa(0;) - pe(0;). Note that for observation No Finding o, is presented in every sample,

i'e-a pd(On) =1 and p(on) = pc(on)'
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5.3. Method

Progression Prediction. Similar to observation prediction, the pooler outputs
[CLS]? of X? and [CLS|¢ of X¢ are adopted for progression prediction, and the

probability of the j-th progression p(p;) is modeled as:
(CLS] = [[CLS]; [CLS]". (5.5)

p(p;) = o(W;[CLS] + b)), (5.6)

where [;] is the concatenation operation, W; € R*" is the weight matrix, and b; € R
are the bias. As we found that learning sparse signals from image-level progression
labels is difficult and has side effects on the performance of observation prediction, we

detach [CLS] from the computational graph while training.

Training. We optimize these two prediction tasks by minimizing the binary cross-

entropy loss. Specifically, the loss of observation detection L, is denoted as:
1
Ld = 7@ Z[O[d . ldi . logpd(oi) + (1 — ldl) . log(l — pd(Oi)>]a (57)

where oy is the weight to tackle the class imbalance issue, [, denotes the label of
i-th observation d;. Similarly, the loss of observation classification £. and progression
prediction £, can be calculated using the above equation. Note that £, and £, are

unweighted loss. Finally, the overall loss of Stage 1 is:

Lo =Lyg+ L.+ ,Cp. (5.8)

5.3.3 SpatioTemporal-aware Radiology Report Generation

Observation-aware Visual Encoding. To learn the observation-aware visual
representations, we jointly encode X¢ and its observations O¢ using a Transformer
encoder [168]. Additionally, a special token [FiV] for first-visit records or [FoV] for

follow-up-visit records is appended to distinguish them, represented as [F*V]:

h¢ = [h%; h¢] = Encoder, ([ X ¢; [FxV]; 0)), (5.9)
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where h§,hS € R are the visual hidden representations and observation hidden

representations of the current radiograph and observations.

Progression-aware Information Encoding. We use another encoder to encode
the progression information (i.e., temporal information). Specifically, given X? and

Y?, the hidden states of the prior record are represented as:
h? = [h%;; hY,] = Encoder, ([ X?; Y?]), (5.10)

where k%, h}. € R" are the visual hidden representations and textual hidden represen-

tations of prior records, respectively.

Concise Report Decoding. Given h? and h®, a Transformer decoder is adopted for
report generation. Since not every sample has a prior record and follow-up records
may include new observations, controlling the progression information is necessary.
Thus, we include a soft gate a to fuse the observation-related and progression-related
information, as shown in Figure [5.2

¢

h; = Self-Attn(h{’, h¥,, h",),
ﬁg = Cross-Attn,(h;, h¢, h¢),
Decoder = ﬁf = Cross—Attnp(ilf, h?,h"), (5.11)

o = o(W,h$ +by),

h;=a-h? +(1—a)-h
py(y:) = Softmax(Wyh; + by), (5.12)

where Self-Attn is the self-attention module, Cross-Attn is the cross-attention module,
h;, fig, f;f ,h; € R" are self-attended hidden state, observation-related hidden state,
progression-related hidden state, and spatiotemporal-aware hidden state, respectively,

W, € R" Wy, € RV are weight matrices and b, € R, by, € RVl are the biases.

Disease Progression Encoding. As there are different relations between nodes, we

adopt an L-layer Relational Graph Convolutional Network (R-GCN) [145] to encode
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5.3. Method

the disease progression graph, similar to [70]:
7‘]‘€R

1
h!t! = ReLU - > Wikl +Wihl, |, (5.13)

v v eV

where ¢; is the number of neighbors connected to the i-th node, er],, W! e R are

learnable weight metrics, and h{w hﬁfl, hfjk € R" are the hidden representations.

Precise Report Decoding via Progression Reasoning. Inspired by [70] and
[120], we devise a dynamic disease progression reasoning (PrR) mechanism to select
observation-relevant attributes from the progression graph. The reasoning path of PrR
is of N ex, where r; belongs to either three kinds of progression or R,. Specifically,
given t-th hidden representation h;, the observation representation hé, and the entity

representation hgk of ey, the progression score ps,(ex) of node ey, is calculated as:

pser) = 137 Y. o(hiW, [hy;hL]), (5.14)
k1 (04,75)ENey,
ps,(er) =7 - psiler) + ¢(hthheLk)v (5.15)

where ¢ is the Tangent function, v is the scale factor, NV, is the neighbor collection
of e;, and W,, € R"*2h and W, € R"*" are weight matrices for learning relation r;
and self-connection, respectively. In the PrR mechanism, the relevant scores (i.e.,
psi(ey)) of their connected observations are also included in ps,(ex) since h; contains
observation information, and higher relevant scores of these connected observations
indicate a higher relevant score of e;. Then, the distribution over all entities in G is

denoted as:

pe(y) = Softmax(ps,(ex)). (5.16)

Finally, a soft gate g, = o(W h, + b,) is adopted to combine py(y;) and pe(y:) into
pye):

pYe) = g: - pv(ye) + (1 = g¢) - pa(ye), (5.17)

where W, € R" and b, € R are the weight matrix and bias, respectively.
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Training. The generation process is optimized using the negative log-likelihood loss,

given each token’s probability p(y;) and the probability of g;:

T
Ly =~ logp(y), (5.18)
t=1
T
Ly == llglogg + (1l )log(1 — go)); (5.19)
t=1

where [, indicates t-th token appears in GG. Finally, the loss of Stage 2 is:

Lss = Ly, + ALy, (5.20)
Hyperparameter | MIMIC-ABN | MIMIC-CXR
Training Epoch 10 )
Dropout Rate 0.1 0.1
Learning Rate le —4 le —4
Batch Size {64,128} {64,128}
Sample Weight (aq) {1,2,3} {1,2,3}

Table 5.4: Selected hyperparameters of Stage 1 training. The final hyperparameters

in boldface are tuned on the validation set and others are set empirically.

5.4 Experiments

5.4.1 Datasets

We use two datasets to evaluate both the baselines and our models: MIMIC-ABN]
[124] and MIMIC-CXR [74]. Since the IU X-RAY does not contain any temporal

information, we exclude it from this chapter.

https://github.com/zzxslp/WCL
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NLG Metrics CE Metrics

Dataset | Model
B-1 B2 B3 B4 MTR R-L P R F,
R2GEN 0.290 0.157 0.093 0.061 0.105 0.208 | 0.266 0.320 0.272
MIMIC | R2GENCMN | 0.264 0.140 0.085 0.056 0.098 0.212 | 0.290 0.319 0.280
-ABN | ORGAN 0.314 0.180 0.114 0.078 0.120 0.234 | 0.271 0.342 0.293
RECAP (Ours) | 0.321 0.182 0.116 0.080 0.120 0.223 | 0.300 0.363 0.305
R2GEN 0.353 0.218 0.145 0.103 0.142 0.270 | 0.333 0.273  0.276
R2GENCMN | 0.353 0.218 0.148 0.106 0.142 0.278 | 0.344 0.275 0.278
M?TR 0.378 0.232 0.154 0.107 0.145 0.272 | 0.240 0.428 0.308
KNnowMAT 0.363 0.228 0.156 0.115 - 0.284 | 0.458 0.348 0.371
CMM-RL 0.381 0.232 0.155 0.109 0.151 0.287 | 0.342 0.294 0.292
MIMIC CMCA 0.360 0.227 0.156 0.117 0.148 0.287 | 0.444 0.297 0.356
“OXR KiUT 0.393 0.243 0.159 0.113 0.160 0.285 | 0.371 0.318 0.321
DCL - — - 0.109 0.150 0.284 | 0471 0.352 0.373
METrans 0.386 0.250 0.169 0.124 0.152 0.291 | 0.364 0.309 0.311
ORGAN 0.407 0.256 0.172 0.123 0.162 0.293 | 0.416 0.418 0.385
REcAP (Ours) | 0.429 0.267 0.177 0.125 0.168 0.288 | 0.389 0.443 0.393

Table 5.5: Experimental Results of our model and baselines on the MIMIC-ABN
and MIMIC-CXR datasets, with the best scores shown in boldface and the second-
best scores underlined. The experimental results on the MIMIC-ABN dataset are

replicated based on their corresponding repositories.

e MIMIC-CXR consists of 377,110 chest X-ray images and 227,827 reports from
63,478 patients. We adopt the settings of [21].

e MIMIC-ABN is a modified version of MIMIC-CXR and only contains abnormal
sentences. The original train/validation/test split of [124] is 26,946,3,801 /7,804
samples, respectively. To collect patients’ historical information and avoid
information leakage, we recover the data-split used in MIMIC-CXR, according to
the subject_id? Finally, the data-split used in our experiments is 71,786,/546 /306

for train/validation/test sets, respectively.

Zsubject_id is the anonymized identifier of a patient.

97



Chapter 5. Spatiotemporally Precise Radiology Report Generation

Model Sections B-2 CE-F,
R2GEN Find. & Imp. | 0.212  0.148
IFCC Findings 0.217  0.270
CXR-RePaiR-Sel | Impressions | 0.050  0.274
BioViL-T Impressions | 0.159  0.348
BioViL-T Find. & Imp. | 0.213  0.359
ORGAN Findings 0.256  0.385
RECAP (Ours) Findings 0.265 0.393

Table 5.6: BLEU score and CheXbert score of our model and baselines on the MIMIC-
CXR dataset. Results of baselines are cited from [10] and [57].

5.4.2 Evaluation Metrics and Baselines

NLG Metrics. BLEU [130], METEOR [§], and ROUGE [93] are selected as the
natural language generation metrics (NLG Metrics), and we use the MS-COCO

evaluation tool to compute the results.

CE Metrics. For Clinical Efficacy (CE Metrics), CheXbert [157] is adopted to label
the generated reports compared with disease labels of the references. Macro-weighted
precision, recall, and F; score are employed as evaluation metrics. Besides, we use the
temporal entity matching scores (TEM), proposed by [10], to evaluate how well the

models generate progression-related information.

Baselines. For performance evaluation, we compare our model with the follow-
ing state-of-the-art (SOTA) baselines: R2GEN [21], a memory-driven Transformer
model; R2ZGENCMN [20], which employs a cross-modal memory network; KNOw-
MAT [199], which integrates domain knowledge to enhance performance; M2?TR [126],
which generates radiology reports progressively; CMM-RL [133], which leverages
reinforcement learning to optimize report generation; CMCA [158], which incorpo-

rates contrastive attention to better capture abnormalities; CXR-RePaiR-Sel/2 [35],
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Model B-4 R-LL. CE-F;, TEM
CXR-RePaiR-2 0.021 0.143 0.281  0.125
BioViL-NN 0.037 0.200 0.283  0.111
BioViL-T-NN 0.045 0.205 0.290 0.130
BioVil-AR 0.075 0.279  0.293  0.138

BioViL-T-AR 0.092 0.296 0.317 0.175
RECAP (Ours) 0.118 0.2v9  0.400 0.304
REcAP w/o OP | 0.093 0.260  0.256  0.203
RECAP w/0 Obs | 0.104 0.270  0.307  0.240
RECAP w/o Pro | 0.103 0.266  0.395  0.269
RECAP w/o PrR | 0.115 0.279 0.403  0.296

Table 5.7: Progression modeling performance of our model and baselines on the
MIMIC-CXR dataset. The *-NN models use nearest neighbor search for report

generation, and the *-AR models use autoregressive decoding, as indicated in [10].

which uses the CLIP model [134] for report generation; BioViL-T [10], which models
temporal information in CXR images; DCL [89], which improves report generation
through contrastive learning; METrans [179], a Transformer model with learnable
expert tokens; KiUT [65], a knowledge-injected U-Transformer; and ORGAN [57],

which incorporates observation-level information for report generation.

5.4.3 Implementation Details

We use the ViT [32], a vision transformer pretrained on ImageNet [29], as the visual
cncodc. The maximum decoding step is set to 64/104 for MIMIC-ABN and
MIMIC-CXR, respectively. « is set to 2 and K is set to 30 for both datasets.

We use AdamW [I113] as the optimizer, and the learning rate is set to 5e —5 and le —4

3The model card is "google/vit-base-patch16-224-in21k."
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Model RGr RGgr RGg
TNLL 0.230  0.202 0.153
ORGAN 0.303 0.275 0.199

RECAP (Ours) | 0.307 0.276 0.205

Table 5.8: Radgraph evaluation results on the MIMIC-CXR dataset. Results of Tyr1,

are cited from [26].

for the pretrained ViT and the rest of the parameters, respectively. The layer number
of the Transformer encoder and decoder are both set to 3, and the dimension of the
hidden state is set to 768, which is the same as the one of ViT. The layer number
L of the R-GCN is set to 3. The learning rate decreases from the initial learning
rate to 0 with a linear scheduler. The dropout rate is set to 0.1, the batch size is
set to 32, and A is set to 0.5. We select the best checkpoints based on the BLEU-4
score on the validation set. Our model has 160.05M trainable parameters, and the
implementations are based on HuggingFace’s Transformers [185]. We implement
our models on an NVIDIA-3090 GTX GPU with mixed precision. We adopt the
preprocessing setup used in [2I], and the minimum count of each token is set to 3/10
for MIMIC-ABN /MIMIC-CXR, respectively. Other tokens are replaced with a special
token [UNK]. Table [5.4 shows the hyperparameters used in Stage 1 training for two
datasets. Note that [y, is the weight for observation detection, and the weights of
observation classification and progression classification are both set to 1. In addition,
two data augmentation methods are used during training. Specifically, we first resize
an input image to 256 x 256, and then the image is randomly cropped to 224 x 224,
and finally, we flip the image horizontally with a probability of 0.5. We select the
best checkpoint based on the Macro-F; of abnormal observations at this stage. As the
variant w/o OP and the variant w/o Obs in Table [5.9] are not trained in Stage 1, they

are trained with more epochs (i.e., 10 epochs).
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NLG Metrics CE Metrics
Dataset | Model
B-1 B-2 B-3 B-4 MTR R-L P R F,
REcCAP 0.321 0.182 0.116 0.080 0.120 0.223 | 0.300 0.363 0.305
MIMIC RECAP w/o OP | 0.303 0.170 0.109 0.074 0.113 0.227 | 0.289 0.300 0.280
_ABN RECAP w/o Obs | 0.302 0.174 0.114 0.079 0.114 0.231 | 0.341 0.314 0.282
RECAP w/o Pro | 0.306 0.169 0.107 0.072 0.114 0.220 | 0.298 0.361 0.298
RECAP w/o PrR | 0.320 0.180 0.115 0.079 0.120 0.224 | 0.295 0.365 0.301
REcCAP 0.429 0.267 0.177 0.125 0.168 0.288 | 0.389 0.443 0.393
MIMIC RECAP w/o OP | 0.350 0.219 0.150 0.109 0.140 0.278 | 0.356 0.259 0.266
_OXR RECAP w/0 Obs | 0.356 0.224 0.153 0.113 0.144 0.283 | 0.464 0.281 0.296

RECAP w/o Pro | 0.402 0.245 0.161 0.112 0.157 0.278 | 0.379 0.433 0.386
RECAP w/o PrR | 0415 0.257 0.171 0.119 0.164 0.285 | 0.381 0.443 0.391

Table 5.9: Ablation results of our model and its variants. RECAP w/o OP is the
standard Transformer model, w/o Obs stands for without observation, and w/o Pro

stands for without progression.

5.5 Results and Analyses

5.5.1 Quantitative Analysis

Language Generation Results. The language generation results of two datasets are
listed on the left side of Table[5.5]and Table As we can see from Table 5.5, RECAP
achieves the best performance compared with other SoOTA models, with substantially im-
provements on both datasets. Specifically, as shown in Table on the MIMIC-ABN
dataset, our model improves the BLEU-1/2/3/4 scores from 0.314/0.180/0.114/0.078
to 0.321/0.182/0.116/0.080, while achieving comparable METEOR and ROUGE-L
performance. On the MIMIC-CXR. dataset, the improvements are more pronounced,
with BLEU-1/2 scores increasing from 0.407/0.256 to 0.429/0.267. We further com-
pare our model with baselines trained on different report sections (i.e., Findings or

Impression), and RECAP consistently outperforms all of them. Furthermore, it shows
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Dataset Better Worse Stable Macro
MIMIC-ABN | 0.286 0.468 0.934 0.563
MIMIC-CXR | 0.389 0.455 0.896 0.580

Table 5.10: Experimental results of progression prediction (F;) after Stage 1 training.

a comparable improvement of 5.2% over a temporally-aware baseline (e.g., BioViL-T),

as presented in Table [5.6

Clinical Efficacy Results. The clinical efficacy results are shown on the right side
of Table [5.5| and Table RECAP achieves SOTA performance on F; score, leading
to a 1.2% improvement over the best baseline (i.e., ORGAN) on the MIMIC-ABN
dataset. Similarly, on the MIMIC-CXR dataset, our model achieves a score of 0.393,
increasing by 0.8% compared with the second-best. Furthermore, compared with the
best temporally-aware baseline trained on the Findings section of MIMIC-CXR, as
shown in Table [5.6, RECAP outperforms BioViL-T by more than 3%, demonstrating
its effectiveness in generating clinically accurate radiology reports. In terms of entity-
level performance, RECAP achieves the best results among all baselines, as shown
in Table [5.8. Compared to ORGAN, our model raises RGg from 0.303 to 0.307 and
RGgg from 0.199 to 0.205, respectively. The improvements are even more pronounced
when compared to Tyrr,. These results demonstrate the effectiveness of RECAP in
spatiotemporal modeling for precise radiology report generation. Regarding per-
observation performance of RECAP, we present the experimental results in Table
Three observations achieve a score above 0.65, including Cardiomegaly, Pleural
Effusion, and Support Devices, all of which are common findings in the MIMIC-CXR
dataset. This highlights the importance of having sufficient training samples to achieve

strong performance on specific observations.

Temporal Modeling Results. Since the MIMIC-ABN dataset contains relatively
few follow-up visit records, we mainly focus on analyzing the MIMIC-CXR dataset, as

shown in Table [5.7] and Table RECAP achieves the best performance on BLEU-4.
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NLG Metrics CE Metrics
B-1 B-2 B-3 B-4 MTR R-L P R Fy

Dataset | Model

w. Historical Record DP

REcAP 0.327 0.183 0.117 0.081 0.124 0.227 | 0.274 0.372 0.297

RECAP w/o OP | 0.300 0.164 0.106 0.072 0.110 0.217 | 0.281 0.274 0.257
MIMIC

ABN RECAP w/0 Obs | 0.306 0.173 0.110 0.076 0.114 0.233 | 0.270 0.288 0.259

RECAP w/o Pro | 0.295 0.158 0.099 0.070 0.109 0.209 | 0.249 0.361 0.278
RECAP w/o PrR | 0.320 0.177 0.112 0.076 0.121 0.218 | 0.266 0.377 0.292
REcAP 0.423 0.260 0.170 0.118 0.169 0.279 | 0.387 0.457 0.400

RECAP w/o OP | 0.321 0.196 0.131 0.093 0.130 0.260 | 0.350 0.238 0.256
MIMIC

OXR RECAP w/o Obs | 0.347 0.213 0.144 0.104 0.141 0.270 | 0.465 0.293 0.307

RECAP w/o Pro | 0.396 0.236 0.151 0.103 0.153 0.266 | 0.383 0.447 0.395
RECAP w/o PrR | 0.420 0.257 0.168 0.115 0.166 0.279 | 0.386 0.459 0.403
w/o Historical Record D
RECAP 0.319 0.182 0.116 0.080 0.120 0.223 | 0.306 0.360 0.306

RECAP w/o OP | 0.303 0.171 0.109 0.074 0.110 0.217 | 0.299 0.302 0.283
MIMIC

ABN RECAP w/o Obs | 0.301 0.174 0.114 0.079 0.114 0.231 | 0.353 0.313 0.282

RECAP w/o Pro | 0.309 0.171 0.109 0.073 0.115 0.222 | 0.314 0.360 0.302
RECAP w/o PrR | 0.320 0.181 0.116 0.079 0.120 0.225 | 0.299 0.362 0.302

REcCAP 0.427 0.268 0.180 0.128 0.168 0.294 | 0.378 0.417 0.374

RECAP w/o OP | 0.371 0.236 0.164 0.121 0.130 0.260 | 0.357 0.259 0.268
MIMIC

OXR RECAP w/o Obs | 0.363 0.231 0.161 0.119 0.146 0.291 | 0.415 0.262 0.277

RECAP w/o Pro | 0.406 0.251 0.151 0.103 0.153 0.266 | 0.364 0.405 0.365
RECAP w/o PrR | 0.412 0.257 0.172 0.122 0.163 0.289 | 0.364 0.414 0.368

Table 5.11: Ablation results of our model and its variants on progression modeling.
RECAP w/o OP is the standard Transformer model, w/0 Obs stands for without

observation, and w/o Pro stands for without progression.
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In terms of clinical F;, RECAP w/0o PrR outperforms all baselines by a substantial
margin, achieving an improvement of over 8% compared to the best-performing
baseline, BioViL-T-AR. Additionally, our model yields a notable 12.9% increase in
the TEM score relative to this baseline. These results underscore the importance of
incorporating historical records to generate accurate follow-up reports. Furthermore,
the progression prediction results are presented in Table [5.10. We observe that the
model performs best on the Stable class, while its performance on the Better class

remains relatively poor.

Ablation Results. To evaluate the contributions of each module, we perform an
ablation analysis, and the ablation results are listed in Table We also list the
ablation results on progression modeling in Table There are four variants in the
ablation study:

e RECAP w/o OP: This is a standard Transformer model with spatiotemporal

information removed.

e RECAP w/0 Obs: This variant excludes observation information and considers

only progression information.

e RECAP w/o Pro: This variant removes progression information and includes

only observation information.

e RECAP w/0 PrR: This variant does not utilize the disease progression reasoning

mechanism.

As we can see from Table and Table without the spatiotemporal information
(i.e., RADAR w/0 OP), the performances of language generation drop significantly on
both datasets, which indicates the necessity of spatiotemporal modeling in free-text
report generation. In addition, compared with RADAR w/0 OP, the performance of
RECAP w/0 Obs improves substantially on the MIMIC-CXR dataset, with the TEM

score increasing from 0.203 to 0.240. This result demonstrates the importance of
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Chapter 5. Spatiotemporally Precise Radiology Report Generation

incorporating historical records when assessing the current condition of patients. In
terms of observation metrics, learning from the observation information boosts the
performance of RECAP drastically, with an improvement of 12%. Furthermore, the
performance of RECAP increases compared with variant w/o PrR. This indicates that

PrR can help generate precise and accurate reports.

In terms of ablation of first-visit and follow-up-visit samples, as shown in Table [5.11]
our model achieves better performance on samples with historical records compared
to those without in the MIMIC-CXR dataset, as historical information contains
rich semantic information. These results demonstrate that incorporating patients’
historical information can effectively enhance the quality of generated reports. RECAP
learns to integrate prior studies with the current CXR, enabling the generation of
more temporally grounded outputs, while preserving its ability to produce accurate
reports for first-visit cases. Additionally, we observe that RECAP maintains similar
performance across samples in the MIMIC-ABN dataset. This may be attributed to
the limited number of follow-up visit records available in this dataset, which potentially
constrains the model’s ability to fully leverage temporal information. Nevertheless,
each module within the model continues to contribute to its overall performance,

highlighting the robustness of the architecture even under data-sparse conditions.

5.5.2 Qualitative Analysis

Case Study. We conduct a detailed case study on how RECAP generates precise
and accurate attributes of a given radiograph in Figure [5.3. Specifically, RECAP
successfully generates six observations, including five negative observations and one
positive observation. Regarding attribute modeling, our model can generate the precise

description "the lungs are clear without focal consolidation", which also appears in the

reference, while RECAP w/0 OP can not generate relevant descriptions. Additionally,

RECAP can learn to compare with the historical records so as to precisely measure the
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Reference: there is no new consolidation.
right lower lobe pneumonia that was present
in prior exams has significantly improved.
esophageal stent is in unchanged position.
there is no pneumomediastinum or pneumoth-
orax. there is no pleural effusion . mediastinal
and cardiac contours are stable.

Ours: @ the heart size is normal. the hilar and
mediastinal contours are within normal limits.
there is no pneumothorax. again seen is a ®
small right pleural effusion. the visualized os-
seous structures are unremarkable. there has
been interval improvement of the 3 right basi-

@ Enlarged Card./NEG
@ Cardiomegaly/F.NEG
@ Lung Opacity/F.POS
@ Pneumothorax/NEG | it
® Effusion/F.POS ar opacity.

Figure 5.4: Error case generated by RECAP. The span and the spans denote false

negative observation and false positive observation, respectively.

observations. For example, our model produces "cardiac silhouette is top-normal to
mildly enlarged" for Cardiomegaly /POS, whereas RECAP w/0 OP fails to capture the
positive observations. This indicates that spatiotemporal information plays a vital

role in the generation process.

Error Analysis. We depict error analysis to provide more insights, as shown in Figure
@. There are two major errors, which are false-positive observations (i.e., Positive
Lung Opacity and Pleural Effusion) and false-negative observations (i.e., Negative
Cardiomegaly). Since RECAP relies on predicted observations for accurate and precise
report generation, these errors are mainly propagated from Stage 1. Specifically,
Cardiomegaly /NEG, Pleural Effusion/POS, and Lung Opacity /POS are rendered as
"the heart size is normal", "small right pleural effusion", and "right basilar opacity",
respectively. Thus, improving the performance of observation prediction could be
an important direction in enhancing the quality of generated reports. In addition,

although RECAP aims to model precise attributes of observations presented in the
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Chapter 5. Spatiotemporally Precise Radiology Report Generation

Observation P R F,

Enlarged Cardiomediastinum | 0.323 0.589 0.417
Cardiomegaly 0.585 0.836 0.689
Lung Opacity 0.489 0.499 0.494
Lung Lesion 0.265 0.044 0.075
Edema 0.562 0.587 0.574
Consolidation 0.285 0.233 0.256
Prneumonia 0.242 0.444 0.313
Atelectasis 0.426 0.800 0.556
Pneumothorax 0.265 0.167 0.205
Pleural Effusion 0.691 0.781 0.728
Pleural Other 0.184 0.050 0.078
Fracture 0.155 0.081 0.107
Support Devices 0.720 0.660 0.689
No Finding 0.265 0.429 0.327
Macro Average 0.389 0.443 0.393

Table 5.12: Per-observation performance results after Stage 2 training on the MIMIC-
CXR dataset.

radiograph, it still can not cover all the cases, especially those rare ones. This might

be alleviated by incorporating external knowledge.

5.6 Chapter Summary

In this chapter, we propose RECAP, which can capture both spatial and temporal
information for generating precise and accurate radiology reports. To achieve precise
attribute modeling in the generation process, we construct a disease progression graph

containing both observations and fined-grained attributes which quantify the severity of
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5.6. Chapter Summary

diseases and devise a dynamic disease progression reasoning (PrR) mechanism to select
observation-relevant attributes. Experimental results demonstrate the effectiveness
of our proposed model in terms of generating precise and accurate radiology reports.
This chapter addresses several limitations of ORGAN introduced in Chapter [3| While
ORGAN enhances clinical accuracy through the use of observation graphs, RECAP
incorporates temporal information to more effectively model disease progression.
Moreover, RECAP leverages a knowledge graph, rather than mined n-grams from
training reports, for explicit attribute modeling, thereby further improving the quality

of the generated outputs.

Our proposed two-stage framework requires pre-defined observations and progressions
for training, which may not be available for other types of radiographs. Despite
incorporating temporal information, the images within each study (e.g., AP or lateral
views) are still treated as separate samples, which can lead to hallucinations about
non-existent inputs. In addition, the outputs of Stage 1 are the prerequisite inputs of
Stage 2, and thus, our framework may suffer from error propagation. Finally, although
prior information is important in generating precise and accurate free-text reports,
historical records are not always available, even in the two benchmark datasets. Our
framework will still generate misleading free-text reports, conditioning on non-existent
priors, as indicated in [138]. This might be mitigated through rule-based removal

operations.
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Chapter 6

Consistent Radiology Report

(zeneration

6.1 Introduction

In Chapters [3| and [4, we investigate observation-aware radiology report generation,
while in Chapter |5, we address clinical accuracy at both the observation and entity
levels. Additionally, recent studies [125 [162] have made noteworthy progress in

enhancing the clinical accuracy of generated reports.

However, constructing a credible report generation system goes beyond the overall
accuracy. There is another crucial quality for report generation systems that has been
largely overlooked in the existing literature of medical report generation, which is, inter-
report consistency [33]. To illustrate the disparity between accuracy and inter-report
consistency, we exemplify two semantically equivalent cases as shown in Figure [6.1,
where they share similar observations and reports. Specifically, System o demonstrates
the ability to maintain both inter-report consistency and factual accuracy for two
similar cases (i.e., "small bilateral pleural effusions” for positive Pleural Effusion),

whereas other systems (i.e., § and =) fail to meet these criteria. These systems
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6.1. Introduction

Two Semantically Equivalent Cases: Case A and Case B
Reference: There are small bilateral pleural effusions. (Pleural Effusion/POS)
< There are small bilateral pleural effusions.
@ & (Pleural Effusion/POS)
© 3]
*i (04 Consistent v/ Accurate v/
° W There are small bilateral pleural effusions.
§ (Pleural Effusion/POS)
i There is no pleural effusion.
5 = (Pleural Effusion/NEG)
*q-'(,',) IB Consistent v Inaccurate X
- 7y There is no pleural effusion.
g (Pleural Effusion/NEG)
< There is no pleural effusion.
§ = (Pleural Effusion/NEG)
4(];)3 y Inconsistent X
>~
° ) There are small bilateral pleural effusions.
§ (Pleural Effusion/POS)

Figure 6.1: Given two semantically equivalent cases (i.e., Case A and Case B), an
example to illustrate the difference between three radiology report generation systems:
a consistent and accurate system (i.e., System «) and a consistently inaccurate system

(i.e., System (3), and an inconsistent system (i.e., System 7).
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Chapter 6. Consistent Radiology Report Generation

might have overfitted to ordinary cases and could be vulnerable to noise or attack.
In terms of enhancing the system’s credibility, inter-report consistency might even
hold greater significance than the overall accuracy, since a system prone to providing
conflicting results would severely undermine users’ trust [132] [5]. Regrettably, existing
report generation systems struggle to maintain this important quality. They tend to
exhibit biases towards common patterns, primarily describing normal observations
and are susceptible to lesion variants and context noise |21} 133} 116 [75]. We argue
that this is largely due to their limited capability of capturing shared attributes
of similar patterns, which arises from the data scarcity of distributed lesions and
their semantically equivalent variants, rendering it challenging for neural models to

accurately locate and describe abnormalities.

In this chapter, we propose ICON, which aims to Improves inter-report CONsistency of
radiology report generation. Our proposed method involves first extracting lesions from
given input images, followed by examining the attributes of these lesions. Subsequently,
both the radiographs and their associated attributes are utilized as inputs for report
generation. To further enhance the inter-report consistency, we introduce a lesion-
aware mixup technique by learning from linearly combined lesions and synthesized
attributes that belong to the same observation. In summary, the contributions of this

paper are as follows:

e To the best of our knowledge, we are the first to introduce inter-report consistency
in radiology report generation. To this end, we devise two metrics (CON and

R-CON) to measure such consistency.

e We propose ICON, which improves both the consistency and accuracy in radiology
report generation by capturing abnormalities at the region level. ICON only

requires coarse-grained labels (i.e., image-level labels) for training to extract

lesiondl]

'In this context, the term "lesion" generally refers to a specific abnormality. It encompasses most
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e Extensive experiments are conducted on three publicly available datasets, and
the results demonstrate the effectiveness of ICON in terms of improving both

the consistency and accuracy of the generated reports.

6.2 Preliminaries

6.2.1 Problem Formulation

Given a set of radiographs X = {X7,..., X} in one study, along with its historical
records AP = {X7,... ,X"; |} (or X7 = () if no historical records are available), and
its report ), the task of radiology report generation (RRG) is to generate the report
Y based on X and XP. Our proposed method, denoted as ICON, decomposes the
RRG task into two stages: Lesion Extraction (Stage 1) and Report Generation (Stage
2). Specifically, given the input images X', ICON first extracts M region candidates
R ={Ri,..., Ry} and then classifies regions as lesions Z = {Zy, ..., Zjo|}, where O
denotes the observations. Subsequently, in Stage 2, ICON generates a report based on

the input images X, historical records X?, and the extracted lesions Z.

6.2.2 Observation and Attribute Annotation

Observations for Lesion Extraction. Lesion extraction requires report-level labels,
and we adopt CheXbert [157] for this purpose. Specifically, CheXbert annotates a
report with 14 observation categories O = {0y, ...,014}. Each observation is assigned
one of four statuses: Present, Absent, Uncertain, and Blank. During training and
evaluation, Present and Uncertain are merged into the Positive category, which

represents abnormal observations. Note that for the observation No Finding, only

observation categories, excluding Support Devices, Cardiomegaly, and Enlarged Cardiomediastinum.

For simplicity, we consider all corresponding regions as lesions.
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two statuses, Present or Absent, are applicable. Finally, observation information is

utilized for lesion extraction as described in §|6.3.2.

Attributes for Lesion-Attribute Alignment. After extracting observations, we
further extract entities that represent their characteristics. Specifically, we adopt the
attributes released by [56], which are entities (with a relation modify or located_ at)
extracted from RadGraph [69] using PMI [24]. Part of the attributes are listed in
Table [5.3] These attributes are then utilized for lesion-attribute alignment as will be
described in §6.3.3.

6.2.3 Inter-Report Consistency Metrics

To assess the inter-report consistency of a model, we introduce two metrics, CON
and R-CON, inspired by [33]. Semantically equivalent samples should have high
observation and entity similarity, and we identify these samples using the Overlap

Coefficient [155]:
|AN B

Overlap(A, B) = m

(6.1)

For a report ); and its relevant reports K; = {K;1,..., K; n}, when the observa-
tion similarity satisfies Overlap(Og,, Ok, ;) > 0.75 and the entity similarity satisfies
Overlap(Q;, K; ;) > 0.5, we regard them as semantically equivalent samples. We then
collect the corresponding outputs of IC; from a model, denoted as l@ = {[?i,l, e IA(Z N}
The similarity between two outputs @i and [?i,j is:

le; Nel

Overlap(Qi, K@j) = Wa
(AR}

(6.2)

where €; and €; are entities and attributes in @i and [?i,jv respectively. The inter-report

consistency is then defined as:

N
CON(Q\I‘, ﬁz) = % Z Overlap(@i, [?i,j)~ (63)
j=1

2The attributes are available at https://github.com/wjhou/Recap.
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Chapter 6. Consistent Radiology Report Generation

Since CON only considers inter-report consistency without accounting for reference

quality, we introduce R-CON, which considers both consistency and accuracy:
R—CON(Q\Z', I/C\l) =T CON(@i, I/C\l), (64)

where 7; = Overlap(@i, Q) is the similarity between the hypothesis and its reference.

6.3 Method

6.3.1 Visual Representation Extraction

Given an image X;, an image processor is first utilized to split X; into N patches.
Then, a visual encoder fy, e.g., Swin Transformer [111], is employed to extract visual

representations X; and the pooler output P, € R":
[B)Xl] = fG(Xl>7 (65)

where X; = {z;;,...,z;n} and x;; € R" is the i-th visual representation.

6.3.2 Lesion Extraction via Observation Classification

Observation Classification. A ZOOMER is a visual encoder parameterized by 6

and trained to classify a given input X into abnormal observations as mentioned in

§6.2.2:

p(0;) = ZOOMER(X). (6.6)

Specifically, ZOOMER first encodes images X = {X3,..., X} as outlined in §6.3.1]

and then takes the averaged pooler output for classification, following these steps:
[BHXZ] - fHZ(Xl)7 (67)

1
pP= ZZPZ, (6.8)
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p(o;) = o(W,P + b)), (6.9)

where W; € R" is the weight for the i-th observation, b; € R is its bias, and o is the

Sigmoid function.

Zooming In for Lesion Extraction. Upon completing training ZOOMER, we can
use it to extract lesions without the need for object detectors [140]. It is worth noting

that our method does not require fine-grained labels, such as bounding boxes [162].

For an image X, a sliding window with a 0.375 ratio of X; is applied to extract
M region candidates R; = {Ry1,...,Rim} from X;, as shown in the left side of
Figure These regions are then sequentially fed into ZOOMER for classification.
Specifically, there are two steps in extraction lesions: candidate generation and
candidate classification. Given an image with a resolution of 1024x1024, padding
if needed, we apply a sliding window of 384x384, with a step size of 128 to extract
candidates for classification. This operation results in 36 regions. Then, each region is
fed into the ZOOMER for classification, and only the top-1 region is selected for each
observation. Note that before extracting lesions, each input case is first assigned with
their observations by ZOOMER, and as a result, the number of lesions corresponds
to the number of observations. The probability of a region [;; being classified as an

abnormal observation o; is:
pl,j(oi) = ZOOMER(R[J). (610)

For each study, all images in X are iterated, and only the region with the highest
p1,;(0;) is chosen as a lesion Z; corresponding to the observation o;. Finally, the set of

lesions is denoted as Z = {Z1,..., Zjo|}.

Training ZOOMER. ZOOMER is optimized using the binary cross-entropy (BCE) loss.
To handle the class-imbalanced issue (refer to Table and Table for details), a

weight factor «; is applied for each abnormal observation, and the loss function Lg; is:

BCE(p(0),0) = |O|Z -0 - logp(0;) +(1 —0;) - log(1 —p(0;))],  (6.11)
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where o; € {0, 1} is the observation label, a; = 1 + log (‘D“Zﬁ) and |Dyain| and
J

w; are the number of samples and the number of j-th observations in the training set,

respectively.

6.3.3 Lesion Inspection

Inspecting Lesions with Attributes. Given that lesions of the same observation
can exhibit different characteristics, it is crucial to inspect each lesion and match
it with corresponding attributes ( to differentiate it from other variations.
Specifically, an INSPECTOR is a visual encoder parameterized by 6;, similar to
INSPECTOR(P?, P, Z;) takes prior and current visit chest X-rays as context, along

with a lesion region as input:
[PZj7Zj] = fGI(Zj)a (612)

pjlar) = c(MLP(P?, P, Py,)), (6.13)

where MLP is a two-layer perceptron with non-linear activation, and P*, P, Py, € R*
are pooler outputs of prior images, current images, and the lesion, respectively.
Concurrently, the lesion features Z = {Z, ..., Z|o|} are collected for report generation.
For image encoding, we use another visual encoder fy, to encode X into X and AP
into X*. By inspecting lesion-level features, [CON can capture fine-grained details

which are beneficial for generating consistent outputs.

Lesion-aware Mixup. To further improve the consistency of the generated outputs,
we adopt the mixup augmentation method [211] and devise a lesion-aware mixup
during the training phase. Specifically, for a lesion-attribute pair (Z;, A;), we retrieve
a similar pair (Zx, Ax) with the same observation from the training data based on
report similarity. These lesions are synthesized by a linear combination, as illustrated
in Figure 6.3

77 =M+ (1 = N Zy, (6.14)
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Case A
(1-2)-A+1-B

E ’ “ " Lesions A \
Retrieve . .
Synthesis Lesions +
" Atelectasis w. Same Observation
4 .
.g r. atelectasis — r ‘ e u
o ”. increased .. Q/% Lesions B
v N
4:'; Cardiomegaly C
o . .
A ‘caMimmgay Synthesis Attributes
<
+ | -
z | unchanged .. Atelectasis:
) {atelectasis}+{increased, ..}
8 Pleural Effusion Cardiomegaly:
5,' " moderate .. {cardiomegaly}+{unchanged, ..}
Sl e Pleural Effusion:
moderate .. {increased, moderate}+{adjacent, ..}

Figure 6.3: Overview of our proposed lesion-aware mixup augmentation.

where A is set to 0.75. Note that during training, Z7 is used for both INSPECTOR and

GENERATOR.

Training INSPECTOR. Similar to §6.3.2) we adopt a linearly combined BCE loss to

optimize INSPECTOR:

L1 = ABCE, + (1 — A\)BCE,, (6.15)

where BCE; and BCE,, take A; and A, as their respective labels. Notably, only the
attributes that are shared between Z; and Zj, are fully optimized. Consequently, our
lesion-aware mixup technique facilitates the improvement of output consistency for

two semantically equivalent lesions.

119



Chapter 6. Consistent Radiology Report Generation

NLG Metrics CE Metrics
Dataset | Model
B-1 B-2 B3 B4 MTR R-L P R F,

R2GEN 0.290 0.157 0.093 0.061 0.105 0.208 | 0.266 0.320 0.272
’ R2GENCMN | 0.264 0.140 0.085 0.056 0.098 0.212 | 0.290 0.319 0.280
MIMIC ORGAN 0.314 0.180 0.114 0.078 0.120 0.234 | 0.271 0.342 0.293
“ABN REcAP 0.321 0.182 0.116 0.080 0.120 0.223 | 0.300 0.363 0.305
ICON (Ours) | 0.337 0.195 0.126 0.086 0.129 0.236 | 0.332 0.430 0.360
R2GEN 0.353 0.218 0.145 0.103 0.142 0.270 | 0.333 0.273 0.276
R2GENCMN | 0.353 0.218 0.148 0.106 0.142 0.278 | 0.344 0.275 0.278
M2TR 0.378 0.232 0.154 0.107 0.145 0.272 | 0.240 0.428 0.308
KNOWMAT 0.363 0.228 0.156 0.115 - 0.284 | 0.458 0.348 0.371
CMM-RL 0.381 0.232 0.155 0.109 0.151 0.287 | 0.342 0.294 0.292
’ CMCA 0.360 0.227 0.156 0.117 0.148 0.287 | 0.444 0.297 0.356
MIMIC KiUT 0.393 0.243 0.159 0.113 0.160 0.285 | 0.371 0.318 0.321
“OXR DCL — — — 0.109 0.150 0.284 | 0471 0.352 0.373
METrans 0.386 0.250 0.169 0.124 0.152 0.291 | 0.364 0.309 0.311
RGRG 0373 0249 0.175 0.126 0.168 0.264 | 0.380 0.319 0.305
ORGAN 0.407 0.256 0.172 0.123 0.162 0.293 | 0.416 0.418 0.385
REcCAP 0.429 0.267 0.177 0.125 0.168 0.288 | 0.389 0.443 0.393
ICON (Ours) | 0.429 0.266 0.178 0.126 0.170 0.287 | 0.445 0.505 0.464

Table 6.1: Experimental results of our model and the baselines on the MIMIC-ABN
and MIMIC-CXR datasets, with the best scores shown in bold and the second-best

scores underlined.
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6.3.4 Radiology Report Generation

Lesion-Attribute Alignment. To bridge the modality gap between lesion rep-
resentations and attributes, we leverage a BART [79] encoder to extract attribute
representations. The attributes associated with each lesion are formulated as a prompt:
<s> 0, </s> A; </s>, as depicted in Figure . Then, a cross-attention module [168]
is inserted after every self-attention module. This module aligns the lesion represen-
tations with the attribute representations by querying visual representations using

attribute representations, similar to Q-Former [85]:
HY = Cross-Attn(H3, Z;, Z;), (6.16)

where HY, H? € R" are the aligned attribute representation and the self-attended
representation of A;, respectively. All prompts are encoded, and the attribute repre-

sentations of Z are denoted as H.

Report Generation. Given the input images X', images of prior visits X?, the
lesions Z, and attribute H°, we utilize a BART decoder in conjunction with the
Fusion-in-Decoder (FiD; [68]) that simply concatenates multiple context sequences for

report generation. Then, the probability of the ¢-th step is expressed as:
h, = FiD([X; X?; Z; H"], h,), (6.17)

ply| X, &P, Z, V) = Softmax(W,h; + b), (6.18)

where h;, € R” is the ¢-th hidden representation, W, e RVI*h s the weight matrix,

b, € RVl is the bias vector, and V is the vocabulary.

Training GENERATOR. The generation process is optimized using the negative

log-likelihood loss, given each token’s probability p(y| X, XP, Z, V4):

T
Lo ==Y logp(ylX, X7, Z,V). (6.19)

t=1

The loss function of Stage 2 is: Lgo = L1+ Lg.
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6.4 Experiments

6.4.1 Datasets

Three public datasets are used to evaluate our models, i.e., [U X-rAY [28], MIMIC-
CXR [74], and MIMIC-ABN [124]. We follow previous research [21] to preprocess

these datasets.

e U X-RAY consists of 3,955 samples where each report corresponds to a frontal
and lateral CXR. We follow previous research [21] and split the dataset into

train/validation/test sets with a ratio of 7:1:2.

o MIMIC-CXR consists of 377,110 chest X-ray images and 227,827 reports from
63,478 patients. We adopt the standard train/validation/test splits.

e MIMIC-ABN is modified from the MIMIC-CXR dataset and its reports only
contain abnormal part. We adopt the data-split as used in [56], and the data-split
is 71,786/546,/806 for train/validation/test sets.

Unlike previous research [21] which only used one view for report generation on
the MIMIC-CXR and MIMIC-ABN datasets, we collect all views for each visit in

experiments.

6.4.2 Evaluation Metrics and Baselines

NLG Metrics. To assess the quality of generated reports, we adopt several NLG
metrics for evaluation. BLEU-1/2/3/4 (B-1/2/3/4) [130], METEOR (MTR) [§], and
ROUGE-L (R-L) [93] are selected as NLG Metrics, and we use the MS-COCO caption

evaluation tool to compute the results.

CE Metrics. Following previous research [21, 20], we adopt clinical efficacy (CE)

metrics to evaluate the observation-level factual accuracy, and CheXbert [157] is used
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Model B-4 R-LL CE-F;, TEM
CXR-RePaiR-2 | 0.021 0.143 0.281 0.125
BioViLL-NN 0.037 0.200 0.283 0.111
BioViL-T-NN 0.045 0.205 0.290  0.130
BioViL-AR 0.075 0.279 0.293 0.138
BioViL-T-AR | 0.092 0.296 0.317 0.175
REcCAP 0.118 0.279  0.400  0.304
ICON (Ours) | 0.120 0279 0.468 0.335

Table 6.2: Progression modeling results on the MIMIC-CXR, dataset. Results of
BioViL-* are cited from [10].

in this chapter. To measure the entity-level factual accuracy, we leverage a knowledge
graph built from radiology reports, i.e., RadGraph [69] to evaluate the performance,
following [26]. Specifically, we include three metrics: RGg, which focuses on entities;
RGggr, which evaluates both entities and their relations; and RGgg, which considers
entities along with detailed relations. In addition, we adopt the temporal entity

matching (TEM) score proposed by [10] for further evaluation.

Consistency Metrics. CON and R-CoN (§6.2.3) are utilized to measure the inter-
report consistency. Note that entities used in measuring consistency are adopted from
RadGraph [69]. A MAJORITY baseline which outputs the same report for all inputs,
is included in Table

Baselines. We compare our models with the following state-of-the-art (SoTA)
baselines: R2GEN [21], a memory-driven Transformer model; R2GENCMN [20],
which employs a cross-modal memory network; KNOWMAT [199], which integrates
domain knowledge to enhance performance; M>*TR [126], which generates radiology
reports in a progressive manner; CMM-RL [I33], which leverages reinforcement
learning to optimize report generation; CMCA [158], which incorporates contrastive

attention to better capture abnormalities; CXR-RePaiR-Sel/2 [35], which utilizes
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NLG Metrics RadGraph

B-4 R-L | RGy RGgr RGg
R2GEN | 0.120  0.298 - — —
M2TR | 0.121  0.288 — — _

Dataset Model

IU X-RAY
TNLL 0.114 — 0.230 0.202 0.153
ICoN 0.098 0.320 | 0.342 0.312 0.246
TNLL 0.105 0.253 | 0.230 0.202 0.153
ORGAN | 0.123 0.293 | 0.303 0.275 0.199
MIMIC-CXR

Recap | 0.125 0.288 | 0.307 0.276 0.205
ICoN 0.126  0.287 | 0.312 0.278 0.197

Table 6.3: Radgraph evaluation results on the IU X-RAY and MIMIC-CXR datasets.
Results of Typp, are cited from [26].

the CLIP model [134] for report generation; BioViL-T [10], which models temporal
information in CXRs; DCL [89], which improves report generation through contrastive
learning; METrans [179], a Transformer model enhanced with learnable expert tokens;
KiUT [65], a knowledge-injected U-Transformer; ORGAN [57], which incorporates
observation-level information into report generation; and RECAP [56], which leverages

historical patient records to inform report generation.

6.4.3 Implementation Detalils

The small’| and tinyY| versions of Swin Transformer V2 [L10] are used as the visual
backbone for ZOOMER and INSPECTOR, respectively. The GENERATOR is initialized
with the base version of BART [79] pretrained on biomedical corpug’| [207]. Other

parameters are randomly initialized. For Stage 2 training, the learning rate is be — 5

3The model card is "microsoft/swinv2-small-patchd-window8-256."
4The model card is "microsoft/swinv2-tiny-patch4-windows-256."
5The model card is "GanjinZero/biobart-v2-base."
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MIMIC-ABN | MIMIC-CXR
Model

CoN R-ConN | ConNn R-ConN
MAJORITY 1.000 — 1.000 —
R2GEN 0.280  0.072 | 0.137  0.042
R2GENCMN 0.302  0.091 0.155  0.049
ORGAN 0.338 0.127 0.345 0.126
RECAP 0.311 0.108 0.345 0.114
ICON (Ours) 0.316 0.140 | 0.351 0.163
ICON w/o0 ZOOM 0.183  0.073 | 0.175  0.066
ICON w/o INsPECT | 0.253  0.100 | 0.245  0.090
ICON w/o Mixup 0.286  0.119 | 0.334  0.156

Table 6.4: The CON score and the R-CON score. MAJORITY: outputs the same report

for all inputs.

with linear decay, the batch size is 32, and the models are trained for 20 and 5 epochs
on MIMIC-ABN and MIMIC-CXR with early stopping, respectively. Since the
number of samples in IU X-RAY is too small to train a multimodal model, we only
provide results produced by models trained on MIMIC-CXR as a reference, similar
to [26]. For Stage 1, all three datasets use the same hyper-parameters for training
Z0OOMER, with a learning rate of 1le — 4, batch size of 128, and dropout rate of 0.1,
and the number of training epochs is adjusted accordingly. We train ZOOMER for
5, 10, and 15 epochs on MIMIC-CXR, MIMIC-ABN, and IU X-RAY, respectively.
During training, several data augmentation methods are applied. The input resolution
of Swin Transformer is 256 x 256, and we first resize an image to 288 x 288, and then
randomly crop it to 256 x 256 with random horizontal flip. For Stage 2, no data
augmentation is applied, and we conduct experiments on MIMIC-ABN and IU X-RAY
using two NVIDIA-3090 GTX GPUs, and on MIMIC-CXR using four NVIDIA-V100
GPUs, both with half precision. Our model has 328.38M trainable parameters, and
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MIMIC-ABN MIMIC-CXR
Model

P R F P R F,
R2GEN 0.340 0.413 0.348 | 0.390 0.336 0.337
R2GENCMN 0.360 0.363 0.336 | 0.358 0.276 0.290
RGRG — — — 0.461 0475 0.447
ORGAN 0.418 0471 0.412 | 0.493 0.560 0.493
REcCAP 0.366 0.468 0.382 | 0.447 0.558 0.464
ICoN 0.512 0.428 0.436 | 0.513 0.597 0.522
ICON w/0 ZOOM 0.397 0.406 0.372 | 0.440 0.362 0.373
ICON w/o INSPECT | 0.430 0.479 0.424 | 0.506 0.553 0.500
ICON w/o Mix-up | 0.433 0.509 0.438 | 0.507 0.590 0.517

Table 6.5: Example-based CE results on the MIMIC-ABN and MIMIC-CXR, datasets.

the implementations are based on HuggingFace’s Transformers [185]. In terms of data
preprocessing, we adopt the same preprocessing setup used in [21], and the minimum
count of each token is set to 3/3/10 for IU X-rRAY/MIMIC-ABN/MIMIC-CXR,

respectively. Other tokens are replaced with a special token <unk>.

As stated in [10, [56], without historical information, it is unreasonable to generate
reports with comparisons between two consecutive visits and will lead to hallucinations
[138]. As a result, we include historical records as context information for report
generation. Since we collect all views of a study for report generation on the MIMIC-
ABN and MIMIC-CXR datasets, each generated output for a study with L images
is duplicated L times. This ensures that the number of samples in the evaluation is

consistent with previous research, enabling a fair comparison.
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Chapter 6. Consistent Radiology Report Generation

6.5 Results and Analyses

6.5.1 Quantitative Analysis

Inter-Report Consistency Analysis. Table provides CON and R-CON scores
of baselines, our model, and its ablated variants. ICON achieves the highest R-CON
scores on both datasets, increasing from 0.127 to 0.140 and from 0.126 to 0.163,
respectively, thereby demonstrating the best inter-report consistency. In terms of the
CON score, [CON demonstrates competitive performance on the MIMIC-ABN dataset
compared to the best baseline, ORGAN, and achieves the highest performance on the
MIMIC-CXR dataset (0.351). Furthermore, we observe that all three components
(ZOOMER, INSPECTOR, and MIXUP) contribute to improved inter-report consistency,

highlighting the effectiveness of these modules.

Language Generation and Temporal Modeling Results. The language genera-
tion results are presented in Table[6.1 and the temporal modeling results are listed
in Table [6.2. Among all models, ICON achieves SoTA performance on the NLG
and temporal metrics. As shown in Table [6.1, our model demonstrates significant
improvements on the MIMIC-ABN dataset and achieves competitive performance
on the MIMIC-CXR dataset. Specifically, ICON achieves BLEU-1/2/3/4 scores of
0.337/0.195/0.126/0.086, a METEOR score of 0.129, and a ROUGE-L score of 0.236
on the MIMIC-ABN dataset, while demonstrating performance comparable to RECAP,
with BLEU-1/2/3/4 scores of 0.429/0.266/0.178/0.126, a METEOR score of 0.170,
and a ROUGE-L score of 0.287. These results demonstrate that our model is capable
of producing highly readable and coherent radiology reports. Additionally, we provide
experimental results on the IU X-RAY dataset as a reference in Table Our model
achieves competitive performance in terms of ROUGE-L score, demonstrating a 2%
improvement over the R2GEN baseline, despite not being trained on the IU X-RAY

dataset. This result further highlights the strong generalization ability of ICON.
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6.5. Results and Analyses

Regarding temporal modeling, as shown in Table [6.2] I[CON demonstrates significant
improvements over other baselines in terms of BLEU and TEM scores, achieving 0.120
and 0.335, respectively. At the same time, it maintains competitive performance on
the ROUGE-L score at 0.296, indicating an enhanced ability to effectively leverage

historical records.

Clinical Efficacy Results. In the right section of Table we observe that ICON
achieves SoTA clinical efficacy, increasing the macro CE F score from 0.393 to 0.464
on the MIMIC-CXR dataset and rising by 5.5% on the MIMIC-ABN dataset. These
results indicate that our model is capable of generating accurate radiology reports when
provided with region-level information. When compared to the best baseline (RECAP),
ICON demonstrates significant improvements on several observations, including Lung
Opacity, Lung Lesion, Pneumonia, Pleural Effusion, and Fracture comparing the
per-observation results in Table [5.12 and Table [6.7. These improvements may be
attributed to a better vision model, specifically the Swin Transformer used in ICON
compared to the ViT used in RECAP, as well as to the fine-grained regional information
extracted by ZOOMER. Furthermore, Table [6.3 presents the RadGraph F; score on
both the IU X-rRAY and MIMIC-CXR datasets. Our model achieves competitive
performance compared to the non-RL-optimized baselines. Specifically, ICON attains
RGg and RGgg scores of 0.312 and 0.278 on the MIMIC-CXR dataset, respectively.
On the TU X-RAY dataset, our model achieves improvements of 0.112, 0.110, and
0.093 on the three RadGraph metrics, respectively. These results indicate that ICON
can generate radiology reports that are accurate at both the observation and entity
levels. We also provide example-based CE results in Table and the performance of
ZOOMER in Table for reference. As shown in Table our model achieves the
highest example-based CE scores compared to all baseline methods on both datasets.
Regarding the per-observation results, we find that ICON achieves strong performance
on rich-resource observations (e.g., Cardiomegaly and Support Devices). This is

consistent with the results presented in previous chapters. Furthermore, we observe
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T

PORTABLE

Case A

SEMI'ERECT
PORTABLE

Case B

Figure 6.4: A case study of ICON on two semantically equivalent cases

and lesions. Spans with the same color (Cardiomegaly, Pleural Ejfusion, Atlelectasis, and Edema) represent the same

Atelectasis

Cardiomegaly

Ateleetasis

Reference A: in comparison with the study of there is little overall change. contin-
ued enlargement of the cardiac silhouette with pulmonary vascular congestion and

bilateral pleural effusions with compressive atelectasis. central catheter remains in

place.

ICon w/0 Zoom: as compared to the previous radiograph the patient has received a
right-sided picc line. the course of the line is unremarkable the tip of the line projects
over the mid svc. there is no evidence of complications notably no pneumothorax.

otherwise the radiograph is unchanged.

ICon: in comparison with the study of there is little overall change. continued enlarge-

ment of the cardiac silhouette with pulmonary vascular congestion and mild to moder-

ate cardiomegaly. small bilateral pleural effusions with areas of compressive atelectasis.

the right picc line has been removed. nasogastric tube remains in place.

Reference B: in comparison with the study of there is again enlargement of the
cardiac silhouette with extensive bilateral pleural effusions and compressive atelectasis

combined with pulmonary vascular congestion.

ICon w/0 Zoom: as compared to the previous radiograph there is no relevant change.
moderate cardiomegaly with bilateral pleural effusions and subsequent areas of atelec-

tasis. moderate pulmonary edema. no newly appeared focal parenchymal opacity
suggesting pneumonia.

ICon: as compared to the previous radiograph there is unchanged evidence of moder-

ate cardiomegaly with pulmonary vascular congestion and moderate pulmonary edema.

unchanged moderate bilateral pleural effusions with areas of compressive atelectasis at

the lung bases. no new parenchymal opacities. no pneumothorax.

positive observation. Consistent and accurate outputs are highlighted with underline.

(i.e., Case A and Case B), given their radiographs
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a performance gap of 2.8% between image classification and report classification
results on the MIMIC-CXR dataset, suggesting that the predicted observations are
not fully realized in the generated reports. This discrepancy may be attributed to
the coarse-grained regional features extracted by ZOOMER, which is trained using
image-level labels. Additionally, ZOOMER, when trained on the IU X-RAY dataset,
exhibits weaker performance (0.225 F;) than when trained on the MIMIC-ABN (0.411
F;) and MIMIC-CXR (0.491 F;) datasets, as presented in Table [6.8. These results
suggest that the number of training samples plays a critical role in achieving better

performance on this task.

Ablation Results. The ablation results for MIMIC-ABN and MIMIC-CXR are
listed in Table[6.4]and Table[6.6, We study three variants to investigate the effectiveness

of ZOOMER, INSPECTOR, and MIXUP:

e ICON w/0o ZOOMER: This variant is a standard Transformer-based encoder-

decoder model where ZOOMER, INSPECTOR, and MIXUP are all removed.

e ICON w/0 INSPECTOR: This variant includes only ZOOMER, with both INSPEC-

TOR and MIXUP removed.

e ICON w/o MIxup: This variant includes both ZOOMER and INSPECTOR, with

only MIXUP removed.

We observe that the performance of ICON w/0 ZOOMER drops significantly on the
NLG and CE metrics across both datasets, with notable decreases in CE F; score of
5.4% and 18.6%, respectively. In contrast, the variant w/o INSPECTOR still achieves
competitive performance, with F; scores of 0.352 and 0.423 on the MIMIC-ABN
and MIMIC-CXR datasets, respectively. This suggests that ZOOMER effectively
extracts lesion-related features and provides relevant abnormality information that
benefits clinical accurate report generation. Secondly, we assess the role of INSPECTOR.

The variant w/o MIXUP yields further performance improvements, particularly on
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the MIMIC-CXR dataset, with an F; score increase of 3.9%. This highlights the
effectiveness of INSPECTOR in transforming concise lesion information into precise
diagnostic reports. Finally, the introduction of lesion-aware mixup (ICON) leads to
slight improvements in both NLG and CE metrics compared to ICON w/0 MIXUP.
These results underscore the overall effectiveness of ICON in accurate radiology report
generation. We observe similar trends in the example-based CE scores, as presented in
Table [6.5] Regarding consistency metrics, we find that both INSPECTOR and MIXUP
play significant roles in enhancing inter-report consistency, as shown in Table [6.4.
Specifically, we observe that INSPECTOR primarily contributes to improving the CON
score, while MIXUP leads to an increase in the R-CON score. Introducing INSPECTOR
raises CON from 0.183/0.175 to 0.253/0.245, and including MIXUP improves R-CON
from 0.119/0.156 to 0.140/0.163 on the two datasets, respectively. These results
demonstrate that the introduced modules collectively contribute to the improvement

of inter-report consistency.

6.5.2 Qualitative Analysis

Case Study. Figurel6.4]showcases the outputs of ICON on two semantically equivalent
cases, i.e., Case A and Case B, extracted from the test set of MIMIC-CXR. In both
instances, ICON successfully identifies abnormal observations (e.g., Cardiomegaly,
Pleural Effusion, Atelectasis, Edema). Then, by extracting and incorporating lesions
from the given radiograph, ICON generates consistent phrases including "pulmonary
vascular congestion", "bilateral pleural effusions", and "compressive atelectasis" for
these two cases. Conversely, the variant w/0 ZOOM fails to produce these descriptions
in Case A. This demonstrates that ZOOMER plays a crucial role in identifying lesions
and highlights the ability of the mixup augmentation to ensure the alignment of lesions

with their corresponding attributes.

Error Analysis. We conduct an error analysis to provide more insights, and Figure
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Observation Image Classification | Report Classification
P R F, P R F,
Enlarged Cardiomediastinum | 0.426 0.540  0.476 | 0.442 0.525 0.428
Cardiomegaly 0.635 0.838 0.722 | 0.630 0.822 0.714
Lung Opacity 0.535 0.725 0.616 | 0.542 0.563 0.552
Lung Lesion 0.318 0.187 0.235 | 0.321 0.177 0.228
Edema 0.471 0.851 0.607 | 0.464 0.784 0.583
Consolidation 0.283 0.227 0.251 | 0.275 0.162 0.204
Pneumonia 0.367 0.396  0.381 | 0.341 0.350 0.345
Atelectasis 0.541 0.660  0.595 | 0.539 0.620 0.577
Pneumothorax 0.392 0.481 0.432 | 0.400 0.444 0.421
Pleural Effusion 0.719 0.842 0.776 | 0.721 0.827 0.770
Pleural Other 0.289 0.440 0.349 | 0.295 0.315 0.304
Fracture 0.266 0.198  0.227 | 0.225 0.164 0.190
Support Devices 0.747 0.850  0.795 | 0.785 0.784 0.785
No Finding 0.366 0.459  0.407 | 0.263 0.535 0.352
Macro Average 0.454 0.550  0.491 | 0.445 0.505 0.464

Table 6.7: Experimental results of each observation on the MIMIC-CXR, dataset.
Image classification denotes the results of ZOOMER, and report classification refers to

the results of CheXbert.

Dataset P R F,

IU X-RAY 0.223 0.243 0.225
MIMIC-ABN | 0.379 0.472 0.411
MIMIC-CXR | 0.454 0.550 0.491

Table 6.8: Abnormal observation prediction results of ZOOMER at Stage 1. Results

on the IU X-RAY dataset are only provided for reference.
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Reference: pa and lateral views of the chest.
there are new opacities in the superior segment of
the left lower lobe and in the right lower lobe most
consistent with () multifocal pneumonia. no pleu-
ral effusion or pneumothorax. cardiomediastinal

and hilar contours are normal.

ICon: ...... the heart size remains unchanged
and is within normal limits. ...the pulmonary
vasculature is not congested. no signs of acute
or chronic parenchymal infiltrates are present and
the lateral and posterior pleural sinuses are free.

no pneumothorax in the apical area on frontal

view. when comparison is made with the next pre-
@ Pneumonia/False NEG ceding study there is a new area of ) increased
@ Lung Opacity/False POS opacity in the left.

Figure 6.5: An error case produced by ICON, with the its reference and extracted
regions provided. The span and span denote false negative and false positive observa-

tions, respectively.

presents an error case produced by ICON. Although ZOOMER successfully identifies
Pneumonia in the given radiographs, the GENERATOR fails to realize it into descriptions
like "multifocal pneumonia" (i.e., a false negative observation). We note that the region
associated with this observation may not be precisely identified, and the regional
information available in this lateral CXR may be insufficient for accurate report
generation. Additionally, ZOOMER outputs a false positive observation Lung Opacity,
leading to an inaccurate phrase "increased opacity". To mitigate these issues, a better

ZOOMER trained with larger datasets could be beneficial.
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6.6 Chapter Summary

In this chapter, we propose ICON, comprising three components to improve both
accuracy and inter-report consistency. ICON first extracts lesions and then matches
fine-grained attributes for report generation. A lesion-aware mixup method is devised
for attribute alignment. Experimental results on three datasets demonstrate the
effectiveness of ICON. In the future, we plan to explore incorporating large language
models (LLMs) into our framework, given their advanced capabilities in planning
and generation, to further enhance the performance of radiology report generation.
Leveraging the strengths of LLMs could provide more refined signals to enhance the
performance of ICON. It also addresses the limitation of non-existent inputs mentioned
in Chapter [5] because ICON collects all images from a study, as well as the prior-visit

study, as inputs.

Although ICON can improve the consistency of radiology report generation, it still
exhibits some limitations. Since our lesion extraction method is based on image
labels, training such a model requires annotations for images. However, obtaining
these annotations can be challenging in some medical settings. Recent advances in
foundation vision models [76] and open-set learning [209] could be a potential direction
to address this issue. Additionally, image labels are coarse-grained, so the overall
accuracy is likely to be lower than when using fine-grained labels (e.g., bounding
boxes). Moreover, since our framework consists of two stages, prediction errors can
propagate through the pipeline, making the final performance of our framework largely
dependent on Stage 1. Reinforcement learning [125] that takes factual improvement

as a reward could be a solution to optimize the framework in an end-to-end manner.
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Conclusions and Future Work

This thesis makes significant strides in enhancing radiology report generation by
extracting and incorporating clinical information and knowledge from various sources.
Our research addresses three primary research problems: (1) How to improve the
disease/observation accuracy of generated reports given CXR images, especially when
LLMs can produce highly readable and coherent clinical texts? (2) How to properly
model the attributes of diseases/observations that reflect both spatial characteristics
and temporal progression, given sequential CXRs? (3) How to regulate a radiology
report generation model to produce consistent reports at the attribute-level when
semantically equivalent radiological studies are provided as input? By exploring these
key aspects of radiology report generation, this work tackles fundamental challenges

in improving the accuracy and reliability of automatically generated reports.

Through our exploration, we demonstrated the effectiveness of the proposed approaches,
highlighting their ability to improve the accuracy, consistency, and clinical relevance
of generated radiology reports. Our findings indicate the great potential of this work
in advancing automated radiology report generation, paving the way for more reliable
Al-assisted diagnostic tools. By addressing key challenges in report generation, our

work serves as a foundation for future advancements in medical Al, bringing us closer to
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a healthcare system where automated tools seamlessly support clinicians in delivering

accurate and timely diagnoses.

7.1 Summary of Contributions

The following sections summarize the main contributions of this thesis.

7.1.1 Observation-aware Radiology Report Generation

e We propose an observation-guided radiology report generation framework (ORGAN)
that can maintain the clinical consistency between radiographs and generated
free-text reports. To achieve better surface realization for observations, we
construct a three-level observation graph containing observations, n-grams, and
tokens based on the training corpus. Then, we perform tree reasoning over the

graph to dynamically select observation-relevant information.

e To further enhance clinical accuracy leveraging LLMs, we propose RADAR, a
novel framework that effectively integrates both the internal knowledge of LLMs
and externally retrieved domain-specific knowledge. To optimize knowledge
utilization, we introduce a knowledge extraction method that identifies and re-
tains non-overlapping information from the model’s learned knowledge, reducing

redundancy and bridging the knowledge gap.

e We conduct extensive experiments on three benchmark datasets: MIMIC-CXR,
CHEXPERT-PLUS, and IU X-RAY, demonstrating the effectiveness of ORGAN

and RADAR in terms of language quality and clinical accuracy.
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7.1.2 Spatiotemporally Precise Radiology Report Generation

e We propose RECAP, which can capture both spatial and temporal information

for generating precise and accurate free-text reports.

e To achieve precise attribute modeling, we construct a disease progression graph
containing both observations and fine-grained attributes that quantify the severity
of diseases. Then, we devise a dynamic disease progression reasoning (PrR)

mechanism to select observation/progression-relevant attributes.

e We conduct extensive experiments on two publicly available benchmarks, and
experimental results demonstrate the effectiveness of our model in generating

precise and accurate radiology reports.

7.1.3 Consistent Radiology Report Generation

e To the best of our knowledge, we are the first to introduce inter-report consistency
in radiology report generation. To this end, we devise two metrics (CON and

R-CON) to measure such consistency.

e We propose ICON, which improves both the consistency and accuracy in radiology
report generation by capturing abnormalities at the region level. ICON only
requires coarse-grained labels (i.e., image labels) for training to extract lesions,
in contrast to previous methods that require fine-grained labels (i.e., bounding

boxes).

e Extensive experiments are conducted on three publicly available datasets, and
the results demonstrate the effectiveness of ICON in terms of improving both

the consistency and accuracy of the generated reports.
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7.2 Future Work

While this thesis has laid the foundation for enhanced radiology report generation,
several areas for future research remain open to further refinement and expansion of

our findings:

e Multimodal LLMs Adaptation: Radiology report generation is a medical
image captioning task and thus could be addressed with multimodal LLMs.
Given the complex input structures in radiographic studies, such as single images,
multiple images, and images accompanied by clinical context, multimodal LLMs
offer a flexible and effective way to handle heterogeneous inputs. These models
can convert inputs into sequences of representations via appropriate encoders,
enabling them to process inputs of varying types and lengths. Future research
could explore adapting LLMs for this task along two axes: input formulation
and training strategies. For input formulation, promising directions include
more principled integration of multimodal information (e.g., pretraining stronger
multimodal encoders or pruning redundant content). For training strategies,
LLMs could be adapted to improve performance by injecting domain knowledge

and introducing new capabilities (e.g., segmentation).

¢ Enhanced Image Understanding Capability: Incorporating high-level struc-
tured or semi-structured clinical information has the potential to significantly
improve radiology report generation by guiding models to accurately describe
findings in medical images. Future research could explore the integration of
advanced image understanding models, which may provide improved visual
representations or extract more accurate clinical information (e.g., diseases)
from images. By incorporating enhanced representations and clinical informa-
tion, models could generate more accurate and structured reports, ultimately

improving diagnostic accuracy and clinical decision-making.
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e Better Sequential Studies Modeling: Effectively capturing differences be-
tween sequential studies of the same patient is crucial for generating accurate
and precise radiology reports. Previous approaches have primarily relied on a
single prior study for context in progression modeling, potentially overlooking
important variations across multiple studies. Future research could focus on de-
veloping more advanced methods to analyze longer and more complex sequences
of structured studies, enabling models to better capture nuanced changes over

time and improve the consistency and clinical relevance of generated reports.

e Introducing Expert Intervention: While artificial intelligence holds great
promise for medical applications, directly deploying Al-driven diagnostic tools
carries risks, including potential misdiagnoses and ethical concerns. Future
research could explore the integration of expert intervention during report
generation and other stages of the diagnostic workflow. By incorporating real-
time feedback from experts, Al systems could dynamically adjust their outputs,
correct errors, and refine their interpretations. This interactive approach would
not only enhance the reliability and safety of automated radiology reporting but
also foster a collaborative Al-human diagnostic process, ultimately improving

patient outcomes.

e Customizing Reports for Patients: As medical report generation datasets
are mostly collected from clinical practice, the reports are typically written by
radiologists. Despite being rigorous, the terminologies used in these reports
are usually not patient-friendly and often require additional interpretation from
experts. This can pose challenges for patients trying to understand their CXRs.
Future work could explore converting radiology reports into plain language or
utilizing LLMs to explain the findings. By doing this, radiology reports become

more accessible and understandable to patients and other non-experts.

By exploring these future research directions, we can further advance the field of
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radiology report generation, enabling medical Al systems to integrate clinical infor-
mation more effectively. This will lead to more accurate, detailed, and context-aware

interpretations, ultimately enhancing diagnostic precision and improving patient care.
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