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Abstract

Background: Radiology reports are essential in medical imaging, providing critical insights
for diagnosis, treatment, and patient management by bridging the gap between radiologists
and clinicians. However, the manual generation of these reports is time-consuming and labor-
intensive, leading to inefficiencies and delays in clinical workflows, particularly as case
volumes increase. Although deep learning approaches have shown promise in automating
radiology report generation, existing methods, particularly those based on the encoder-
decoder framework, suffer from significant limitations. These include a lack of explainability
due to black-box features generated by encoder and limited adaptability to diverse clinical

settings.

Purpose: This study aims to develop a deep learning-based radiology report generation
framework that could generate high-quality and explainable radiology report for chest X-Ray

images.

Methods and Materials: In this study, we address these challenges by proposing a novel
deep learning framework for radiology report generation that enhances explainability,
accuracy, and adaptability. Our approach replaces traditional black-box features in computer
vision with transparent keyword lists, improving the interpretability of the feature extraction
process. To generate these keyword lists, we apply a multi-label classification technique,
which is further enhanced by an automatic keyword adaptation mechanism. This adaptation
dynamically configures the multi-label classification to better adapt specific clinical
environments, reducing the reliance on manually curated reference keyword lists and
improving model adaptability across diverse datasets. We also introduce a frequency-based

multi-label classification strategy to address the issue of keyword imbalance, ensuring that



rare but clinically significant terms are accurately identified. Finally, we leverage a pre-
trained text-to-text large language model (LLM) to generate human-like, clinically relevant
radiology reports from the extracted keyword lists, ensuring linguistic quality and clinical

coherence.

Results: We evaluate our method using two public datasets, IU-XRay and MIMIC-CXR,
demonstrating superior performance over state-of-the-art methods. Our framework not only
improves the accuracy and reliability of radiology report generation but also enhances the
explainability of the process, fostering greater trust and adoption of Al-driven solutions in
clinical practice. Comprehensive ablation studies confirm the robustness and effectiveness of
each component, highlighting the significant contributions of our framework to advancing

automated radiology reporting.

Conclusion: In this study, we developed a novel Deep-Learning based Radiology Report
Generation framework for generating high-quality and explainable radiology report for chest
X-Ray images using the multi-label classification and text-to-text large language model.
Through replacing the black-box semantic features into visible keyword lists, our framework
could solve the unexplanability of the current workflow and provide the clear and flexible
automatic pipeline for reducing the workload of radiologists and the further applications

related to Human-Al interactive communication.
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clusters are constructed based on this ranking for use in frequency-based multi-label
classification. If users provide a keyword candidate list, these user-specified keywords are
given the highest priority and processed through a separate branch. After validation to ensure
the keywords exist within the reports, the user-provided keywords are treated as an individual
cluster and integrated into the keyword clusters for multi-label classification. ...................... 49
Figure 18. Comparison of our proposed multi-label classification approach with general single-
label classification using classic classification networks. The figure illustrates the key
differences between the two methodologies, highlighting how our proposed method
accommodates multiple labels per input, enabling the identification of concurrent or
overlapping conditions. In contrast, single-label classification assigns only one label per input,
limiting its applicability in scenarios where multiple attributes or diagnoses need to be captured
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Figure 19. Diagram illustrating keyword list fusion in the frequency-based multi-label
classification process. To account for the information density in high-frequency clusters, the
threshold for these clusters is increased, reducing the likelihood of incorrect predictions for
high-frequency keywords. Conversely, for low-frequency clusters that may contain rare but
clinically important keywords, the threshold is slightly decreased to allow for the inclusion of

more keywords. For individual clusters, a standard classification threshold of 0.5 is applied.
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Figure 23. Methodology for calculating the keyword-based coverage ratio and text-based
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Figure 25. Pareto chart illustrating the keyword distribution in the MIMIC-CXR dataset. Blue
bars represent the frequency of each keyword in the training set, while the orange line indicates
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Figure 26. Visualization of results generated by the proposed framework compared to two state-
of-the-art methods using their official checkpoints on the U X-Ray dataset. In the reference
reports and our generated reports, keywords predicted by our multi-label classification are
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Figure 27. Visualization of results generated by the proposed framework compared to two state-
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Figure 28. Visualization of results generated by the proposed framework compared to two state-
of-the-art methods using their official checkpoints on the IU X-Ray dataset. In the reference
reports and our generated reports, keywords predicted by our multi-label classification are
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Figure 29. Visualization of results generated by the proposed framework compared to two state-
of-the-art methods using their official checkpoints on the MIMIC-CXR dataset. In the reference
reports and our generated reports, keywords predicted by our multi-label classification are
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Figure 30. Keyword list length distribution in the IU X-Ray and MIMIC-CXR datasets. This
figure presents the relationship between keyword list length and the frequency of
corresponding lengths observed in the two datasets. The results indicate that most keyword
lists fall within medium-length ranges, while extremely short and long keyword lists occur less
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Figure 31. Performance and keyword list length distribution in the IU X-Ray dataset. This
figure illustrates the relationship between keyword list length and the performance of the
proposed method on the IU X-Ray dataset. The results show a general decline in performance
across all evaluation metrics as the keyword list length increases. This trend suggests that
longer keyword lists correspond to more complex radiology reports, which pose greater
challenges for accurate generation. The analysis highlights the difficulty of handling lengthy
and detailed inputs, emphasizing an area for future improvement in radiology report generation
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Figure 32. Performance and keyword list length distribution in the MIMIC-CXR dataset. This

figure illustrates the relationship between keyword list length and the performance of the
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proposed method on the MIMIC-CXR dataset. The results show a general decline in
performance across all evaluation metrics as the keyword list length increases. This trend
suggests that longer keyword lists correspond to more complex radiology reports, which pose
greater challenges for accurate generation. The analysis highlights the difficulty of handling
lengthy and detailed inputs, emphasizing an area for future improvement in radiology report
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Figure 36. Visualization of results generated by the proposed framework compared to
commercial large language models (LLMs) on the IU X-Ray dataset. The figure provides a
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1. Literature Review

1.1 Chest X-Ray and Radiology Report

1.1.1 Chest X-Ray

Chest X-ray (CXR), also known as a chest radiograph (see Figure 1), is a widely used non-
invasive imaging technique for evaluating conditions of the thoracic cavity, including the

lungs, heart, ribs, and surrounding tissues. Like other imaging modalities such as computed
tomography (CT) and magnetic resonance imaging (MRI), CXR employs ionizing radiation
to generate images. However, CXR is particularly valued for its speed, simplicity, and cost-

effectiveness, making it the most frequently performed radiological examination globally.

The standard imaging process typically includes two primary views: the posteroanterior (PA)
view, capturing the chest from back to front, and the lateral view, taken from the side
(illustrated in Figure 2). These complementary perspectives enable a more comprehensive
evaluation. For example, while the PA view is effective for assessing the lung fields, cardiac
silhouette, and bony structures, the lateral view adds depth perception and helps localize
lesions, effusions, or other abnormalities that may not be fully visible from a single angle

[108].

CXR is widely used for diagnosing and monitoring both acute and chronic thoracic
conditions. Pulmonary applications include pneumonia, pneumothorax, tuberculosis, chronic
obstructive pulmonary disease (COPD), and lung cancer. It is also essential for identifying
cardiac issues such as cardiomegaly and congestive heart failure, as well as skeletal
problems like rib fractures and spinal deformities. Moreover, CXRs assist in evaluating

pleural conditions (e.g., pleural effusion, hemothorax) and diaphragmatic abnormalities. The

1



modality also plays an important role in occupational health screening, especially for lung
diseases caused by exposure to asbestos or silica [109]. During the COVID-19 pandemic,

CXRs proved vital for detecting lung infections and monitoring disease progression [110].

The global scale of CXR utilization is substantial. According to the World Health
Organization (WHO) and the United Nations Scientific Committee on the Effects of Atomic
Radiation (UNSCEAR) [111], more than 4.2 billion diagnostic radiology examinations are
conducted worldwide each year, including 40 million nuclear medicine procedures and 8.5
million radiotherapy treatments. In Hong Kong, the Hospital Authority Statistical Report
(2023) recorded 4,203,136 radiology attendances between 2022 and 2023, highlighting the
substantial demand for radiological services within a single healthcare system. This immense
volume of diagnostic imaging underscores the critical role of radiology in modern medicine,

enabling timely diagnosis, treatment planning, and monitoring of various health conditions.

However, this demand has outpaced the supply of qualified radiologists. As of 2024, only
472 radiologists were registered as fellows in the Hong Kong College of Radiologists—a
figure insufficient to meet growing diagnostic needs. This shortage contributes to delayed
report turnaround times and may impact patient care. Additionally, the repetitive nature of
interpreting large volumes of CXRs—many of which are routine or normal—can lead to

radiologist fatigue and increase the risk of oversight or diagnostic error.

To mitigate these issues, artificial intelligence (Al)-powered solutions have emerged as
promising tools in medical imaging workflows. By leveraging machine learning, Al systems
can analyze CXRs rapidly and accurately, helping to detect conditions such as pneumonia,
lung nodules, or pleural effusions. [112] These models can prioritize urgent cases for human
review, reduce diagnostic workloads, and improve consistency by minimizing inter-reader

variability. As these technologies mature, their integration into clinical practice holds the
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potential to enhance productivity, lower turnaround times, and support better patient

outcomes.

In conclusion, chest X-ray remains a fundamental tool in diagnostic radiology due to its
speed, accessibility, and clinical utility. While increasing demand has placed strain on
radiological services, the rise of Al-based solutions offers a scalable pathway to improve
efficiency and maintain diagnostic quality, reinforcing the central role of CXR in modern
healthcare.

e | s

—=
£

o
&

m B3 ;_i,

7
/'
X-Ray in Department of Diagnostic & Interventional Radiology, Hong Kong X-Ray in Imaging & Interventional
Sanatorium & Hospital Limited Radiology Centre of CUHK Hospital

Figure 1. Sample chest X-ray imaging device used in Hong Kong. The figure illustrates a
typical chest X-ray setup, including the imaging equipment and positioning framework
commonly used in clinical practice.



posteroanterior (PA) View Lateral View
Figure 2. Sample chest X-ray images in posteroanterior (PA) and lateral views. The figure
presents two standard radiographic projections used in chest imaging. The PA view provides a

frontal perspective, while the lateral view offers a complementary side profile, aiding in
comprehensive assessment of thoracic structures.

1.1.2 Radiology Report

A radiology report is a structured clinical document that conveys and interprets findings
from medical imaging examinations, serving as a critical communication tool in diagnostic
radiology. These reports are widely utilized across imaging modalities such as chest X-ray
(CXR), computed tomography (CT), and magnetic resonance imaging (MRI), as illustrated
in Figure 3. Radiology reports are generally classified into two types: free-text and
structured reports. Free-text reports are composed in a narrative form and allow greater
flexibility in expression; however, they often follow an implicit structure that can be parsed
and converted into a standardized format. Structured reports, in contrast, follow predefined
templates aligned with radiological guidelines and practices, offering enhanced clarity,
consistency, and suitability for automated processing. Due to these advantages, most
publicly available radiology report datasets adopt structured formats, which form the focus

of this study, except in cases where free-text reports are explicitly addressed.[113] [114]



In the context of chest radiography, structured reports typically consist of five main sections:
Indication, Technique, Comparison, Findings, and Impression. The Indication section
outlines the clinical motivation for the examination, incorporating patient demographics,
symptoms, and relevant history to contextualize image interpretation. Technique describes
the imaging protocols used, such as the posteroanterior (PA) and lateral views for CXRs,
ensuring reproducibility and documentation of procedural details. Comparison refers to prior
imaging, if available, enabling longitudinal assessment of disease progression or treatment
response. Findings provide an objective description of observed anatomical structures and
abnormalities, including signs like lung opacities, pleural effusions, or cardiac enlargement.
Finally, the Impression synthesizes these findings into a concise diagnostic summary, often
including differential diagnoses, follow-up recommendations, and clinical interpretations
relevant to decision-making. [115, 116] This structured format ensures effective
communication among healthcare providers, supporting coordinated and informed clinical

care.

Despite the benefits of structured reporting, the manual creation of radiology reports remains
time-consuming and labor-intensive, particularly under increasing imaging workloads. In
many healthcare settings, the demand for radiological interpretations outpaces the
availability of trained radiologists, leading to reporting delays and potential bottlenecks in
patient management. To address these inefficiencies, artificial intelligence (Al) and deep
learning techniques have driven the development of automatic radiology report generation
systems. These Al-driven approaches aim to alleviate radiologists’ workloads by
automatically analyzing medical images and generating preliminary drafts of reports. Given
that the Indication, Technique, and Comparison sections require specific clinical knowledge
and contextual input from physicians, current Al models primarily target the Findings and

Impression sections. By automating these diagnostic components, Al-based systems can



enhance reporting efficiency, ensure greater consistency, and reduce human error. As these
technologies continue to evolve, they offer promising support for radiologists in managing
rising case volumes and improving the speed and quality of diagnostic reporting, ultimately

contributing to better patient outcomes.
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Figure 3. The Different imaging modalities of chest radiographs and their corresponding
radiology report types. From left to right, the figure presents examples of Chest X-ray, MR,
and CT scans, each associated with distinct reporting styles tailored to their imaging
characteristics and diagnostic requirements.



1.1.3 The Conflict Between Low Efficiency of Manual Radiology Report

Writing and the Increasing Demand for Timely Radiological Diagnosis

Radiology reports are essential for communicating diagnostic findings between radiologists
and referring clinicians. However, the increasing demand for timely imaging interpretations
has created a growing conflict between the limited efficiency of manual report writing and the
operational needs of modern healthcare systems. Manual report drafting remains time-

consuming and labor-intensive, contributing to workflow bottlenecks and delays in patient care.

Studies [117] estimate that composing a single radiology report manually takes between 1
minute 30 seconds and 2 minutes 30 seconds (Which is shown in Figure 4). While this may
seem manageable per case, the cumulative time becomes substantial in high-volume
environments. For example, according to data from the Hong Kong Hospital Authority Annual
Report (2023), Canadian Medical Imaging Inventory [118], and the UK Royal College of
Radiologists [119], radiologists face significant caseloads, especially in the well-welfare
countries. In Hong Kong, approximately 1,000 radiologists interpret over 4 million cases
annually (Figure 5). In Canada, around 2,000 radiologists are responsible for more than 20
million X-ray studies per year. The UK reports a similar burden, with about 4,000 radiologists
managing 22 million X-ray examinations annually. These figures underscore a global shortage

of radiologists relative to the rapidly growing diagnostic workload.

This imbalance exacerbates the inefficiencies of manual reporting, resulting in diagnostic
delays, increased occupational stress, and prolonged patient waiting times. In response, recent
advances in deep learning have enabled the development of automated radiology report
generation systems. These systems can generate preliminary report drafts in approximately 0.5

seconds per case—dramatically faster than manual methods. By automating the most time-



consuming aspects of reporting, these systems allow radiologists to focus on validating and

refining drafts rather than composing reports from scratch.

Unlike the traditional manual workflow, automated pipelines streamline the reporting process
and significantly reduce turnaround times. As highlighted in [120], faster report delivery is

directly associated with improved clinical decision-making and better patient management.

In summary, the adoption of deep learning—based report generation technologies offers a
scalable and efficient solution to bridge the gap between diagnostic demand and radiologist

capacity, enhancing healthcare delivery and relieving the pressure on radiology services.

Examination Time RVU First Third Sample -
mm : ss quartile quartile size
XR Abdomen 01:51 1.13 01:03 03:20 4464
XR Abdomen + chest 02:28 1.51 01:21 04:22 4420
XR Ankle 01:33 0.95 00:53 02:58 1392
XR Ankle + foot 02:27 1.50 01:35 04:05 209
XR Bone Age 05:32 3.39 03:30 08:22 91
XR Chest 01:38 1.00 00:52 03:09 48 888
XR Chest +facial bones 02:31 1.54 01:41 06:05 21
XR Chest, bed 02:14 1.37 01:17 03:56 13166
XR Clavicle 01:38 1.00 00:44 02:44 96
XR Elbow 01:38 1.00 00:53 02:57 716
XR ERCP (reporting images) 01:30 0.92 00:32 02:37 265 '
XR Facial bones 01:57 1.19 01:08 03:36 724
XR Facial bones + mandible 02:58 1.82 01:33 04:41 139
XR Femur 01:46 1.08 00:56 03.07 1122
vD Cingarfthumh D124 noe an-A7 02:29 2103 -

Figure 4. The general time of manual radiology report writing in X-Ray. From [117]. It
shows that for chest X-Ray, the average time for manual writing of radiology report for each
case is 1 min 30s to 2 min 30s.
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Total no. of members as of November 2024 1038

Figure 5. The disparity between patient demand for radiology diagnosis and the availability of
expert radiologists. The figure highlights the significant gap in access to radiological expertise,
based on data from the 2023 Hospital Authority report and the Hong Kong College of
Radiologists. This shortage contributes to increased workload, longer diagnosis times, and
potential delays in patient care.
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1.2  Deep-Learning based Radiology Report Generation

1.2.1 From Traditional Al to Deep Learning in radiology: The Expanding Scale

of Al Models.

The development of artificial intelligence (Al) in radiology report generation has closely
followed the evolution of Al models, particularly in terms of scale and complexity. From early
machine learning approaches to modern deep learning frameworks, progress has been driven
by increasing computational power and data availability, leading to progressively larger and

more capable Al models.

Early Al applications in radiology reporting relied on traditional machine learning techniques,
using small-scale models such as Support Vector Machines (SVMs) and Logistic Regression
[121]. These models processed manually extracted handcrafted features, with relatively few
parameters, as their performance depended more on feature engineering than on model size.
Given the computational limitations at the time, their primary function was to classify findings

as normal or abnormal rather than generating detailed radiology reports.

A significant breakthrough came with the introduction of deep learning, particularly
Convolutional Neural Networks (CNNSs), which enabled automatic feature extraction from
medical images. Unlike traditional models that relied on predefined features, CNNs learned
hierarchical representations directly from data. Early architectures such as AlexNet [61] and
VGG [62] contained millions of parameters—substantially larger than machine learning
models—but were still limited by available GPU power and dataset sizes. Simultaneously,
Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks were
introduced for text generation, making them well-suited for generating short paragraphs to
describe images. However, due to their sequential nature, RNNs and LSTMs were
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computationally expensive and difficult to scale. The largest models of this era contained tens

of millions of parameters but struggled to generate long-form, coherent radiology reports.

With increasing computational resources, Al models began integrating both image and text
processing within a unified framework. Encoder-decoder architectures emerged as the
dominant paradigm for radiology report generation, where CNNs extracted image features and
RNNs or LSTMs converted them into descriptive text. During this phase, model scale
increased significantly, reaching hundreds of millions of parameters. The introduction of
attention mechanisms[122] and sequence-to-sequence (Seq2Seq) [123] models further
improved performance by selectively focusing on relevant image features when generating text.
Large-scale datasets such as IU X-Ray [124] and MIMIC-CXR [125] became available,
allowing models to learn from diverse clinical cases. Despite these advancements, training such
models from scratch remained computationally intensive, requiring dedicated high-

performance computing resources.

In recent years, Al model scale has grown exponentially with the rise of large-scale pretrained
models. Unlike earlier deep learning approaches that required training from scratch on specific
medical datasets, these models are first trained on massive, diverse datasets and then fine-tuned
for specialized tasks. Multimodal models like CLIP[92], which align images with textual
descriptions, and large language models such as GPT [126] have transformed radiology report
generation. These models contain billions of parameters—orders of magnitude larger than
previous architectures—allowing them to generate highly coherent, context-aware reports.
However, their computational demands are substantial, often requiring multiple GPUs or large-
scale distributed computing. While these models offer significant performance improvements,
their reliance on vast computational resources and large-scale datasets presents challenges for

real-world medical applications.
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The evolution of Al in radiology has been characterized by a continuous increase in model
scale, from small-scale machine learning classifiers to billion-parameter deep learning models.
While larger models generally offer superior performance and robustness, they also require
significant resources, raising concerns about accessibility and deployment in clinical settings.
Moving forward, balancing model scale with efficiency and practicality will be essential for

ensuring the widespread adoption of Al-driven radiology applications.

1.2.2 Vision-Language Deep Learning Application

As the demand for automated language processing increases in various fields constrained by
limited manpower and time, it has become essential to develop algorithms capable of
efficiently processing both simple, large-scale language data and complex contextual
information. With advances in deep learning and growing computational power, language
models such as BERT [127] and Transformer [122] have been introduced for natural
language processing (NLP) tasks, revolutionizing automated language analysis. These
models enable both text comprehension and generation and have been successfully applied to
tasks such as text classification, generation, summarization, and various downstream
applications. By leveraging large-scale datasets and complex architectures, they reduce

workload and improve performance across a wide range of NLP tasks.

More recently, the application of transformer structures in computer vision has highlighted
structural similarities between models used for visual and language processing. This synergy
has led to the emergence of vision-language integration as a promising research area, where
text can support image understanding and images can provide high-level contextual
information for language tasks. Vision-language applications in natural image domains
include image captioning, visual recognition, and text-to-image generation, as illustrated in
Figure 6(a).
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In medical imaging, vision-language applications offer even greater potential due to the
critical role of image interpretation in diagnostics. The integration of medical images with
corresponding textual data enables automated generation of descriptive content and supports
the identification of key diagnostic features. This is particularly relevant in the context of the
global radiologist shortage, where such technologies can enhance diagnostic efficiency and

accessibility.

Building upon developments in the natural image domain, similar vision-language methods
have been increasingly adopted in medical imaging for tasks such as image-text classification
([128], [129], [130]), visual question answering (VQA) ([131], [132]), and medical object
detection guided by text ([133], [132]). In these applications, images often serve as the
primary input, while associated text provides valuable context. The use of paired image-text
datasets is essential for capturing the complex and interdependent relationships between
visual and textual components. Prior studies have demonstrated the feasibility of using
vision-language learning frameworks for multimodal classification, retrieval, and question

answering in medical scenarios.

A major advancement in this area is the Contrastive Language-Image Pre-Training (CLIP)
framework proposed by OpenAl ([92]), as shown in Figure 6(b). CLIP enables training on
large-scale image-text pairs, eliminating the need to train models from scratch for each new
task and providing a robust zero-shot prediction capability. This framework has been widely
adopted in the medical domain for both fine-tuning and zero-shot inference across a variety
of tasks ([134], [135], [136]). These include disease classification ([137], [138], [139]).,
medical visual question answering ([140], [141], [142]), and representation learning. Models
like MedCLIP [130] and PubMedCLIP [140] follow a similar architecture to CLIP but are

pretrained specifically on medical text and image pairs, addressing domain-specific
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challenges in healthcare applications. Leveraging CLIP as a pre-trained model has led to

numerous applications in the medical domain.

Despite their potential, general vision-language models such as CLIP encounter limitations
when applied to dynamic medical contexts. Models trained on fixed datasets may have
difficulty generalizing across varied clinical environments, particularly when faced with
unfamiliar diseases or rare diagnostic patterns not represented in the training data. Although
CLIP’s large-scale training provides strong generalization in natural image tasks, it may
underperform in clinical applications where variability in medical language, image modality,
and reporting styles introduces additional complexity. In tasks such as radiology report
generation, inconsistencies in clinical language and diverse writing conventions further
challenge the robustness of pretrained models. These limitations underscore the need for
continued development to improve adaptability and ensure reliable performance of vision-

language models across high-variability medical scenarios.
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Figure 6. Overview of representative tasks in vision-language (VL) problems and the CLIP
model pipeline. (a) Illustration of VL tasks, including image-text transformation (orange),
video-text transformation (green), and the use of text as auxiliary information in vision tasks
(pink) [143]. (b) The CLIP model pipeline, representing a general framework for leveraging
language text as auxiliary information to enhance pretraining in vision-related tasks [92].
Additionally, various CLIP-based models, such as MedCLIP[130] and PubmedCLIP[140],
have been introduced in medical vision-language applications, differing primarily in their
training language datasets.
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1.2.3 Current Radiology Report Generation Work: Dataset and Algorithms

Radiology reports are essential for interpreting medical images such as X-rays, CT scans, and
MRIs ([144]), providing critical information for diagnosis, treatment planning, and follow-up
care. Traditionally, radiologists manually write these reports, analyzing medical images and
documenting their findings. However, with the increasing demand for radiology services,
manual writing of reports has become inefficient and often leads to delays in report turnaround,

subsequently impacting timely patient diagnosis and treatment([145]).

To address these challenges, deep learning-based radiology report generation has emerged as
a promising solution, automating the writing process by extracting visual findings from medical

images and translating them into textual descriptions. ([146])

In the early stages of radiology report generation research, foundational datasets and
benchmarks such as 1U X-Ray ([124]) and MIMIC-CXR ([125]) were introduced, offering
chest X-ray images paired with free-text radiology reports. The IU X-Ray dataset consists of
7,470 image-report pairs, while the larger MIMIC-CXR dataset includes 377,110 images
linked to 227,835 radiographic studies, alongside additional information such as EEG records.
These datasets have been instrumental in validating novel approaches to radiology report

generation, driving significant advancements in the field.

In this study, we review current radiology report generation methods applied to these two
public datasets. Tables 1 and 2 summarize the dataset characteristics and corresponding
performance metrics reported in the original studies for 1IU X-Ray and MIMIC-CXR,

respectively.

The seminal study by [1] introduced a deep learning framework for radiology report generation

based on an encoder-decoder architecture. In this model, the feature extractor captures detailed
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visual information from medical images, while the text decoder generates radiology reports
that mimic human-written descriptions. This encoder-decoder framework, which is shown in
Figure 7 as the general pipeline, has since established itself as the standard approach in the

field, paving the way for numerous follow-up studies and innovations.

Recent efforts in research have aimed to improve both the image encoder and text decoder to
make radiology report generation more accurate and meaningful. For the encoders, more
advanced network designs have been developed to capture finer visual details ([8], [20], [22]).
Attention mechanisms have also been introduced to better align the encoded features with the
content of the reports ([4], [12]). For the development of decoder, more sophisticated designs
([15], [44]) are being used to generate text that captures the detailed and specific language used

in radiology reports.

Efforts such as utilizing knowledge graph (RadGraph([147]), [35]; [9]) have further enriched
this field by extracting clinical entities and their relationships to build knowledge graphs,
enabling more structured and interpretable report generation. These approaches mimic human

reasoning and improve coherence and clinical relevance.

Despite these advancements, the traditional encoder-decoder pipeline has significant
limitations. The quality of generated reports heavily depends on the features extracted by the
encoder, which lack control. This dependency limits the model's adaptability to new clinical
settings, reducing its utility across diverse environments. Additionally, the text decoder relies
solely on the information provided by extracted features to generate text. This method lacks a

broader linguistic understanding, hindering the generation of coherent, high-quality reports.

To overcome these issues, recent work has incorporated large language models (LLMs) such
as Llama2 ([48]) and ChatGPT ([148]). These models, pretrained on vast language corpora,

enhance fluency and readability when integrated with vision-language mapping. However,
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many of these approaches still depend on unexplainable features or rigid templates, posing

challenges in terms of interpretability and generalization.

Image Encoder Text Decoder Radiology Report

High-Level Semantic
Feature

Input Chest X-Ray Image

Figure 7. General pipeline for radiology report generation. The process begins with an input
chest X-ray image, which is processed by an image encoder to extract high-level semantic
features that are not directly interpretable by humanss. A text decoder then utilizes these
features to generate a corresponding radiology report in a structured paragraph format.
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Table 1. Comparison of state-of-the-art radiology report generation methods on the 1U X-Ray
dataset. The table highlights the image encoder, text decoder, and performance metrics for each
method. Notably, for methods incorporating a language model during text decoding, the
language model is listed under the "Text Decoder” column. The reference list of the state-of-
the-art radiology report generation methods is shown in the next table.

Work Year  Model [Encoder) Model [Decoder)  Bleu-l Blew? Blew-3 Blewd ROUGEL METEOR CIDEr
Jing et al (2017) 2017 CNN LSTM 0517 0386 0306 0247 0447 0.217 0327
Xue, Xu, Long, Xue, Antani, Thama and Huang (2018) 2018 CNN LSTM D464 0388 0270 0185 0366 0274 J
Harzig, Chen, Chen and Lienhart (2019) 2019 CNN({Reshet-152) LSTM 0373 0246 0175 0126 0315 0163 0.350
ie et al. (2019) 2019 CNN LSTM DA3 0337 D236 0181 0347 J 0374
Yuan, Liso, Luo and Lua (2019) 2019 CNN{ResMet-152) LSTM 0529 0372 0315 0255 0453 0343 J
Li. Liang, Hu and Xing (2019) 2019 CNN Transformer DAE2 032 D226 0162 0339 J 0.280
Jing, Wang and King (2019) 2019 CNN LSTM DAG4 0301 0210 0154 0362 / 0.275
Chen et al_ {2020b) 2000 Transformer Transformer 0470 0304 D218 0165 0371 0.187 J
Zhang et al. (2020k) 2020 CNN (DenseNet-121) LSTM D44l 0201 0203 047 0367 / 0304
Wang, Zhou, Wang and Li {2021} 2001 CNN LSTM D487 0346 D270 0208 0.359 J 0.452
Alfarghaly, Khaled, Elkorany, Helal and Fahmy (2021) 2021 CheXnet (DenseNet121-CHN) GPT2 0387 0245 0166 0111 0.289 0.164 0.257
Liu et al. {2021b) 2021 CNN{ResNet-50) LSTM D492 0314 D22 0160 0381 0.103 J
Liu, Wa, Ge, Fan and Zou (2021a) 2001 Transformer Transformer D483 0315 0224 0266 0.376 0.190 0351
Yang, Wu, Ge, Zhou and Xiso (2021b) 2021 CNN Transformer D496 0327 0238 0178 0.381 / 0382
Nocralahzadeh et al. (2021} 2001 CNN Transformer pAgE 0317 0232 0173 0.3%0 0192 J
VYang, Wu, Ge, W, Zhou and Xiao {2021a) 2021 CNN Transformer D497 0318 D230 0174 0.399 / 0407
Zhou, Huang, Zhou, Fu and Shao (2021) 2021 CNN Transformer D536 0391 D314 0252 0448 0225 0339
Li. Li, Hu and Tao (2022) 2022 CNN+Transformer Transformer D467 0334 D261 0215 0415 0201 /
You et al. {2022a) 2022 Transformer Transformer pAg4 0313 0226 0173 0379 0.204 i
Wang, Ning, Lu, Wei, Zheng and lian Chen {2022b) 2022 CNN Transformer 0505 0340 0247 0188  0.382 0208 3
Sirshar, Paracha, Akram, Alghamdi, Zaidi and Fatima (2022) 2022 CNN LSTM 0580 0342 0263 0155 [ J i
Van, Cheung, Chiu, Tong, Cheung and See (2022b) 2022 CNN Transformer / i D28 D.341 ! 1380
Wang, Han, Wang. Li and Zhou (2022d) 2022 Transformer Transformer D496 0318 D241 0175 0377 i 0449
Yu and Zhang (2022) 2002 CNN{ResMet-152) Transformer 0457 0305 0216 0171 0.391 3 0426
Chen, Shen, Song and Wan (2022) 2022 CNN Transformer D475 0308 0222 0170 0.375 0101 J
Wang, Bhalerao and He {2022a) 2002 CNN{ResMet-101) Transformer 0525 0357 0262 01890 0411 0220 0350
Nicoison, Dowling and Koopman (2022) 2022 Tramsformer Transformer D473 0303 0224 0175 0375 0199 0,693
Delbeouck, Chambon, Bliithgen, Tsai, Almusa and Langlotz (2022} 2022 CNN BERT ! i i 0121 0.306 J J
You, Li, Okumura and Suzuki {2022k) 2022 CNN (Reshlet) Transformer D479 0319 D202 0174 0377 0103 3
W, Li, Wang and Qian (2022) 022 CHNN LSTM D458 0324 0238 0180  0.366 0.206 0287
Yan, Pei, Zhao, Shan and Tian (2022a) 2022 CNN Transformer D4E2 0313 0232 0181 0381 0.203 0735
Wang, Tang, Lin, Shih, Ding and Peng (2022¢) 2022 Graph Comvolution Metwark, CNN  Transformer 0450 0301 0213 0158 0.384 J 0.340
Qin and Sang (2022) 2002 CNN Transformer DA% 032 D236 0181 0384 0.201 J
Tanwani, Barral and Freedman (2022) 2022 CNN (ResMeXe-101) BERT, Transformes 0.580 0440 0320 0270 J 3
Wang, Wang, Liu, Gao, Zhang and Wang (2023a) 2022 CNN (Reshlet-101) Transformer 0505 0345 0243 0176 0.396 0205 i
Kong, Huang, Kuang, Zhu and W (2022) 2022 Tramsformer Transformer D4g4 0333 0238 0175 0415 0.207 i
Li, Lin, Chen, Lin, Liang and Chang (20233} 2023 Teamsformer Transformer i i i 0163 0.383 0103 0586
VYang, Yu, Zhang, Han, Jiang and Huang (2021c) 2023 CNN LSTM 0478 0344 D248 0180 0.398 J 0439
Kale et al. (20233) 2003 CNN{ResMet-152) BART D423 0256 0194 0165 D444 0150 J
Huang, Zhang and Zhang (2023) 2023 CNN[ResMet-101) Transformer 0525 0360 0251 0165 0,409 0.242 i
Wang, Liv, Wang and Zhou (2023b) 2023 Teamsformer Transformer D483 0322 0228 0172 0380 0102 0435
Heu, Xu, Cheng, Li and Liu (2023) 2003 CNN Transformer 0510 036 0255 0205 0,399 0.200 J
Wang et al. {2023¢) 2003 Swin Transformer LLAMA2 D488 0316 0228 0173 0377 0.211 0.438
Kale, Jadhav et al. [2023) 2003 CNN Transformer DAGZ 0322 0285 0170 0567 0.455 0473
Li, Yang, Cheng, Zhu, Li and Zou (2023b) 2023 VAE Transformer D530 0365 D263 0200 0.405 0218 0501
Mohsan, Akram, Rasoel, Alghamdi, Bagai and Abbas (2022) 2023 Tramsformer Transformer 0532 0344 0233 0156 0387 0218 0.500
Chen, Liu, Wang, Li, Zhu and Lin {2023) 2023 Transformer Transformer D505 0334 D245 0160  0.3%4 0.210 0502
ZThang, Jiang. Zhang, Huang, Fan, Yu and Han (2023a) 2024 CNN Transformer 0482 0310 0221 0165 0.377 0195 J
Liu, Tian, Chen, Song and Zhang (2024) 2024 MiniGPT-4 MiniGPT-4 D493 0323 D238 0184 0.3%0 0.208 J
Thou, Shi, Wei, Alabi, Yue and Vercauteren (2024) 2024 GPT4, CLIP BLIP-2 / i f 0208 0.387 0.216 3
Vi, Fu, Liu, Zhang and Hua [2024a) 2024 CNN (Reshet 101) Transformer 0500 0348 D256 0184 0402 0218 i
Partes, Albiol and Paredes (2024) 2024 Swin Transformer BERT i i f 0148 0341 J i
Vi, Fu, Yu, Lis, Zhang and Hua (2024b) 2024 CNN (Reshet-101) Transformer 0530 0380 0278 0210 0416 0223 J
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Work Year  Full Paper

Jing et al. (2017) 2017 On the Automatic Generation of Medical Imaging Reports

Xue et al. (2018) 2018 Multimodal Recurrent Model with Attention for Automated Radiology Report Generation

Harzig et al. {2019) 2019 Addressing Data Bias Problems for Chest X-ray Image Report Generation

Xie et al. (2019) 2019 Attention-Based Abnormal-Aware Fusion Network for Radiology Report Generation

Yuan et al. (2019) 2019 Auntomatic Radiology Report Generation based on Multi-view Image Fusion and Medical Coneept Enrichment
Li et al. {2019) 2019 Knowledge-driven Encode, Retrieve, Paraphrase for Medical Image Report Generation

Jing et al. (2019) 2019 Show. Describe and Conclude: On Exploiting the Structure Information of Chest Xeray Reports

Chen et al. (2020) 2020 Generating Radiology Reports via Memory-driven Transformer

Zhang et al. (2020) 2020 When Radiology Report Generation Meets Knowledge Graph

Wang et al. (2021) 2021 A Self-boosting Framework for Automated Radiographic Report Generation

Alfarghaly et al. (2021) 2021 Auntomated radiology report generation using conditioned transformers

Lin et al. (2021h) 2021 Contrastive Attention for Automatic Chest X-ray Report Generation

Liu et al. (2021a) 2021 Exploring and Distilling Posterior and Prior Knowledge for Radiology Report Generation

Yang et al. (2021h) 2021 Knowledge matters: Chest radiology report generation with general and specific knowledge
Nooralahzadeh et al. (2021} 2021 Progressive Transformer-Based Generation of Radiology Reports

Yang et al. (2021a) 2021 Radiology Report Generation with a Learned Knowledge Base and Multi-modal Alignment

Zhon et al. (2021) 2021 Visual-textual Attentive Semantic Con 1wy for Medical Report Generation

Li et al. (2022) 2022 A Self-Guided Framework for Radiology Report Generation

You et al. (2022a) 2022 AlignTransformer: Hierarchical Alignment of Visual Regions and Disease Tags for Medical Report Generation
Wang et al. (2022h) 2022 An Inclusive Task-Aware Framework for Radiology Report Generation

Sirshar et al. (2022) 2022 Attention based automated radiology report generation using CNN and LSTM

Yan et al. (2022b) 2022 Attributed Abnormality Graph Embedding for Clinically Accurate X-Ray Report Generation

Wang et al. (2022d) 2022 Automated Radiographic Report Generation Purely on Transformer: A Multicriteria Supervised Approach
Yu and Zhang (2022) 2022 Clinically Coherent Radiology Report Generation with Imbalanced Chest X-rays

Chen et al. [2022) 2022 Cross-modal Memory Networks for Radiology Report Generation

Wang et al. (2022a) 2022 Cross-modal prototype driven network for radiology report generation

Nicolson et al. (2022) 2022 Improving Chest Xray Report Generation by Leveraging Warm Starting

Delbrouck et al. (2022) 2022 Improving the Factual Correctness of Radiology Report Generation with Semantic Rewards

You et al. (2022b) 2022 JPG - Jointly Learn to Align: Automated Disease Prediction and Radiology Report Generation

W et al. (2022) 2022 Multimodal contrastive learning for radiology report generation

Yan et al. {2022a) 2022 Prior Guided Transformer for Accurate Radiology Reports Generation

Wang et al. (2022c) 2022 Prior Knowledge Enhances Radiology Report Generation

(in and Song (2022) 2022 Reinforced Cross-modal Alignment for Radiology Report Generation

Tanwani et al. (2022) 2022 Repsnet: Combining vision with language for automated medical reports

Wang et al. (2023a) 2022 Self Adaptive Global-Local Feature Enhancement for Radiology Report Generation

Kong et al. (2022) 2022 TranS0): Transformer-Based Semantic Query for Medical Report Generation

Liet al. {2023a) 2025  Dynamic Graph Enhanced Contrastive Learning for Chest X-Ray Report Generation

Yang et al. (2021c) 2025 Joint Embedding of Deep Visual and Semantic Features for Medical Image Report Generation

Kale et al. {2023a) 2025 KGVL-BART: Knowledge Graph Augmented Visual Language BART for Radiology Report Generation
Huang et al. {2023) 2025 KiUT: Knowledge-injected U-Transformer for Radiology Report Generation

Wang et al. (2023h) 2025 METransformer: Radiology Report Generation by Transformer with Multiple Learnable Expert Tokens
Hou et al. (2023) 2025 ORGAN: Observation-Guided Radiology Report Generation via Tree Reasoning

Wang et al. (2023c) 2025 R2GenGPT: Radiclogy Report Generation with Frozen LLMs

Kale et al. (2023b) 2025 Replace and Report: NLP Assisted Radiology Report Generation

Li et al. (2023b) 2023 Unify, Align and Hefine: Multi-Level Semantic Alignment for Radiology Report Generation

Mohsan et al. (2022) 2023 Vision Transformer and Language Model Based Radiology Report Generation

Chen et al. (2023) 2023 Visual-Linguistic Cansal Intervention for Radiclogy Report Generation

Zhang et al. (2023) 2024 Semi-supervised Medical Report Generation via Graph-gnided Hybrid Feature Consistency

Liu et al. (2024) 2024 Bootstrapping Large Language Models for Radiology Report Generation

Zhon et al. (2024) 2024 Large Model driven Radiology Report Generation with Clinical Quality Reinforcement Learning

Yi et al. (2024a) 2024 TSGET: Two-Stage Global Enhanced Transformer for Automatic Radiology Report Generation

Parres et al. {2024} 2024 Improving Radiology Report Generation Quality and Diversity through Reinforcement Learning and Text Augmentation
Yiet al. (2024h) 2024 LHR-RFL: Linear Hybrid-Reward-Based Reinforeed Focal Learning for Automatic Radiology Report Generation
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Table 2. Comparison of state-of-the-art radiology report generation methods on the MIMIC-
CXR dataset. The table presents the image encoder, text decoder, and associated performance
metrics for each method. Methods that incorporate a language model for text decoding are
explicitly listed with the language model under the "Text Decoder"” column. The reference list
of the state-of-the-art radiology report generation methods is shown in the next table.

Wiork Year  Model [Encoder) Model [Decoder] EBlew-1 Bleu-2  Blew-3  Blew-4 ROUGE-L METEOR CIDEr
Chen et al. {2020k) 2020 Transformer Transformer 0.353 0218 0.145 0.103 0277 0.142 !

Liu et al. {2021k} 2021 CNMN([ResMet-50] LSTM 0.350 0219 0152 0.109 0.283 0151 !

Liu et al. [2021a) 2021 Transformer Transformer 0.360 0224 0.149 0.106 0.284 0.149 0.237
ang et al. (2021b) 2021 CNMN Transformer 0.363 0228  0.156 0115 0.284 ! 0.203
Mooralahzadeh et al. {2021) 2021  CNN Transformer 0.378 0232 0.154 0.107 p.272 0.145 !
Yang et al. (2021a) 2021 CNM Transformer 0.386 0237 0.157 0111 02374 ! 0.111
Hou, Kaissis, Summers and Kainz (2021) 2021 CNM Transformer 0.232 i ! N 0240 0.101 0.493
Zhou et al. (2021) 2021 CNN Transformer 0.372 0.241 0.168 0123 0.335 0.190 1121
‘¥an, He, Lu, Du, Chang, Gentili, McAuley and Hsu {2021) 2021 Transformer BERT 0.373 / ! 0107 0274 .14 !
Wang et al. {2022e) 2022 Teansformer Transformer 0.413 0266 0186 0136 0204 0.170 0.420
You et al. (2022a) 2022 Transformer Transformer 0.378 0235 0.156 0.112 0283 0.158 !
Wang et al. {2022b) 2022 CNN Transformer 0.395 0.253 0.170 0.121 0.284 0.147 !
Yan et al. (2022b) 2022 CNMN Transformer ! i 0.145 0.225 ! 0.160
Wang et al. {2022d) 2022 Transformer Transformer 0.351 0223 0.157 0.118 0.287 I 0.281
Yu and Zhang (2022) 2022 CNM(ResMet-152)  Transformer 0.347 0.235  0.149 0106 0.280 ! 0.552
Chen et al. {2022} 2022 CNMN Transformer 0.353 0218  0.1438 0.106 0.278 0.142

Wang et al. {2022a) 2022 CNM(Reshet-101) Transformer 0.344 0215 0.146 0.105% 0.27% 0.138 !
Mishino, Miura, Taniguchi, Ohkuma, Suzuki, Kide and Tomiyama (2022) 2022 CNN LETM ! Il ! 0.16& 0122 ! !
Micolson et al. {2022} 2022 Transformer Transformer 0.392  0.247 0171 0126 0.236 0.154 0.389
Delbrouck et al. (2022) 2022 CNM BERT / / / 0116 0.250 / /

Wu et al. (2022) 2022 CNN LSTM 0.34 0212 0.145 0.103 0.270 0.139 0.109
Serra et al. (2022] 2022 CNM(ResMet-101)  Transformer 0.363 0.245  0.178 0.136 0.313 0161 !
an et al. [2022a) 2022 CNMN Transformer 0.356 0222 0151 0111 0.280 0.140 0.154
Qin and Song (2022) 2022 CNN Transformer 0.381 0.232 0.155 0.100 0.287 0.151 !
Wang et al. {2023a) 2022 CNM (ResMet-101)  Transformer 0.363 0.235 0.164 0.11% 0.301 0.136 !
Kong et al. (2022) 2022 Transformer Transformer 0,423 0261 0171 0116 0236 0.168 /!

Li et al. (2023a) 2023 Transformer Transfosmer /! I ! 0,100 0.234 0.150 0.281
Tanida, Miller, Kaissis and Rueckert (2023) 2023 CNN Transfor mer 0.373 0.249 0.175 0.126 0264 0.168 0.435
Yang et al. (2021c) 2023 CNN LSTM 0.362 0.251 0.188 0.143 0.326 ! 0373
Huang et al. {2023) 2023 CNM{ResMet-101) Transformer 0.393 0243 0.159 0.113% 0.285 0.L60 !
Wang et al. {2023b) 2023 Transformer Transformer 0.386 0250 0.169 0.124 0.291 0.152 0.362
Hou et al. {2023) 2023 CNN Transformer 0.407 0.256 0172 0.123 0.293 0.162 !
Wang et al. {2023c) 2023 Swin-Transformer LLAMAZ 0411 0.267 0.185 0.134 0.297 0.160 0.260
Kale et al. (2023b) 2023 CNN Transformer 0.253 0183  0.169 0.163 0.348 0.268 0.331
Li et al. (2023b) 2023 VAE Transformer 0.363 0229  0.158 0.107 0.289 0.157 0.246
Chen et al. {2023} 2023 Transformer Transformer 0400 0245 0165 0110 023 0.150 0.190
Zhang et al. (2023a) 2024 CNM Transformer 0.362 0229 0.157 0.113 0.284 0.153 !

Liu et al. (2024) 2024  MiniGPT-4 MiniGPT-4 0.402 0.262  0.180 0128 0.291 0.175 !
Zhou et al. (2024) 3024 GPT4, CLIP BLIP-2 / / ! 0122 0296 0.165 i

i et al. (2024a) 2024 CNM {ResMet 101)  Transformer 0.3%98 0243  0.169 0.121 0.281 0.140 !
Parres et al. (2024) 2024 Swin Transformer BERT ! ! ! 0.116 0.265 ! !
Zhang, Yang, Yu, Fan, Jiang, Huang and Han (2024) 2024 Transformer Transformer 0.391  0.258 0.182 01396 0232 0.175 0.526
¥i et al. (2024b) 2024 CNM {ResMet-101)  Transformer 0.400 0253 0171 0120 0.206 0.154 !
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Work
Chen et al. (2020)

Full Paper

Generating Radiology Reports via Memory-driven Transformer

Liu et al. (2021b) 2021 Contrastive Attention for Automatic Chest X-ray Report Generation

Liu et al. (2021a) 2021 Exploring and Distilling Posterior and Prior Knowledge for Radiology Report Generation

Yang et al. (2021b) 2021 Knowledge matters: Chest radiology report generation with general and specific knowledge

Nooralahzadeh et al. (2021) 2021 Progressive Transformer-Based Generation of Radiology Reports

Yang et al. (2021a) 2021 Radiology Report Generation with a Learned Knowledge Base and Multi-modal Alignment

Hou et al. (2021) 2021 RATCHET: Medical Transformer for Chest X-ray Diagnosis and Reporting

Zhou et al. (2021) 2021 Visual-textual Attentive Semantic Consistency for Medical Report Generation

Yan et al. (2021) 2021 Weakly Supervised Contrastive Learning for Chest X-Ray Report Generation

Wang et al. (2022d) 2021 A Medical Semantic-4 ted Transformer for iographic Report Generation

You et al. (2022) 2022  AlignTransformer: Hierarchical Alignment of Visual Regions and Disease Tags for Medical Report Generation
Wang et al. (20 2022  An Inclusive Task-Aware Framework for Radiology Report Generation

Yan et al. (20 2022  Attributed Abnormality Graph Embedding for Clinically Accurate X-Ray Report Generation

Wang et al. (2022c) 2022 Automated Radiographic Report Generation Purely on Transformer: A Multicriteria Supervised Approach
Yu and Zhang (2022) 2022  Clinically Coherent Radiology Report Generation with Imbalanced Chest X-rays

Chen et al. (2022) 2022 Cross-modal Memory Networks for Radiology Report Generation

Wang et al. (2022a) 2022 Cross-modal prototype driven network for radiology report generation

Nishino et al. (2022) 2022  Factual Accuracy is not Enough: Planning Consistent Description Order for Radiology Report Generation
Nicolson et al. (2022) 2022 Improving Chest Xray Report Generation by Leveraging Warm Starting

Delbrouck et al. (2022) 2022 Improving the Factual Correctness of Radiology Report Generation with Semantic Rewards

Wu et al. (2022) 2022 Multimodal contrastive learning for radiology report generation

Serra et al. (2022) 2022 Multimodal Generation of Radiology Reports using Knowledge-Grounded Extraction of Entities and Relations
Yan et al. (2022a) 2022 Prior Guided Transformer for Accurate Radiology Reports Generation

Qin and Song (2022) 2022 Reinforced Cross-modal Alignment for Radiology Report Generation

Wang et al. (2023a) 2022  Self Adaptive Global-Local Feature Enhancement for Radiology Report Generation

Kong et al. (2022) 2022 TranSQ: Transformer-Based Semantic Query for Medical Report Generation

Li et al. (2023a) 2023 Dynamic Graph Enhanced Contrastive Learning for Chest X-Ray Report Generation

Tanida et al. (2023) 2023 Interactive and Explainable Region-guided Radiology Report Generation

Yang et al. (2021c) 2023  Joint Embedding of Deep Visual and Semantic Features for Medical Image Report Generation

Huang et al. (2023) 2023  KiUT: Knowledge-injected U-Transformer for Radiology Report Generation

Wang et al. (2023b) 2023 METransformer: Radiology Report Generation by Transformer with Multiple Learnable Expert Tokens

Hou et al. (2023 2023 ORGAN: Observation-Guided Radiology Report Generation via Tree Reasoning

Wang et al. (2023c) 2023 R2GenGPT: Radiology Report Generation with Frozen LLMs

Kale et al. (2023) 2023 Replace and Report: NLP Assisted Radiology Report Generation

Li et al. (2023b) 2023 Align and Refine: Multi-Level Semantic Alignment for Radiology Report Generation

Chen et al. (2023) 2023 Visual-Linguistic Causal Intervention for Radiology Report Generation

Zhang et al. (2023) 2024 Semi-supervised Medical Report Generation via Graph-guided Hybrid Feature Consistency

Liu et al. (2024) 2024 Bootstrapping Large Language Models for Radiology Report Generation

Zhou et al. (2024) 2024 Large Model driven Radiology Report Generation with Clinical Quality Reinforcement Learning

Yi et al. (2024a) 2024 TSGET: Two-Stage Global Enhanced Transformer for Automatic Radiology Report Generation

Parres et al. (2024) 2024 Improving Radiology Report Generation Quality and Diversity through Reinforcement Learning and Text Augmentation
Zhang et al. (2024) 2024  Attribute Prototype-guided Iterative Scene Graph for Explainable Radiology Report Generation

Yi et al. (2024b) 2024 LHR-RFL: Linear Hybrid-Reward-Based Reinforced Focal Learning for Automatic Radiology Report Generation

1.3 Automatic Keyword Adaption

1.3.1 Radiology Dictionary

A radiology dictionary serves as a reference tool that standardizes the terminology used in
radiological practice, promoting accuracy and consistency in both clinical communication
and keyword-based research applications. In radiology report drafting, radiologists often
consult such dictionaries to ensure the terms they use are appropriate, unambiguous, and

aligned with accepted medical language.

However, creating a universal radiology dictionary that comprehensively covers all imaging
modalities, anatomical regions, and clinical scenarios remains a significant challenge. Instead,
more practical approaches involve developing dictionaries tailored to specific imaging

modalities or disease areas. Over the years, several radiology dictionaries have been compiled
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for educational and reference use [149, 150]. While these resources offer value in teaching and
general understanding, they tend to be overly simplistic for use in automated radiology report
generation. One of their main limitations is that they are not derived directly from radiology

reports and may differ in terminology from the language commonly used in clinical practice.

To overcome these limitations, the Radiological Society of North America (RSNA) introduced
RadLex [151]—a comprehensive and structured radiology lexicon designed specifically for
enhancing radiology reporting and supporting automated systems (See Figure 8). RadlLex
provides a standardized vocabulary that encompasses anatomical structures, imaging
modalities, pathological conditions, and diagnostic findings, offering broad coverage for both
manual and Al-assisted reporting workflows. Its structured format helps unify radiological
language across systems and institutions, improving communication and interoperability. In its

most recent release (version 4.2), RadLex includes a total of 46,838 curated terms.

The adoption of RadLex facilitates more accurate and efficient automated report generation by
reducing the need for radiologists to manually define or select keywords. It supports Al-driven
systems by supplying a standardized language foundation that aligns closely with clinical
documentation practices, thus enhancing the quality and consistency of automatically

generated radiology reports.
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Figure 8. The RadLex Dictionary from RSNA. Various radiology dictionaries have been
developed to standardize terminology and improve consistency in radiology reporting. Among
them, the RadLex Dictionary from the Radiological Society of North America (RSNA) is
widely used, offering both online and offline versions for flexible access. Other dictionaries
have been introduced for educational and reference purposes, though they often lack direct
extraction from radiology reports, making RadLex a preferred resource for structured reporting
and automated processing.

1.3.2 Keyword Extraction from Text

Before exploring the role of keywords in radiology report generation, it is essential to review
the development of keyword extraction in the medical domain. Keyword extraction serves as
a crucial link between radiology reports and the complex, often unexplainable features
generated by Al models. By isolating clinically relevant terms, it enables these

representations to be transformed into more interpretable and visible outputs. (See Figure 9)

Keyword extraction refers to the process of identifying the most informative and
representative terms within a text. This helps language models concentrate on the most
critical content while simplifying the complexity of downstream processing tasks. As one of
the earliest techniques in natural language processing (NLP), keyword extraction has played
a foundational role in structuring and analyzing medical text. However, its application in

healthcare settings is particularly challenging due to the presence of domain-specific
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terminology, dense and variable sentence structures, and subtle clinical nuances that generic

models often fail to capture accurately.

To address these challenges, researchers have developed both rule-based and model-driven
approaches tailored to healthcare. For example, one method [152] constructs a medical
dictionary and matches terms within reports to extract key clinical information. Another
study [153] evaluated language models in extracting keywords from pathology reports
within electronic health records, introducing refined techniques to improve extraction
accuracy. These studies have demonstrated the feasibility of applying keyword extraction
techniques to medical text while emphasizing the importance of incorporating domain

knowledge into model design.

Extracting keywords from radiology reports, however, presents additional complexities.
Unlike pathology reports, radiology reports often lack well-defined ground truth for
keyword identification. Additionally, variations in writing styles across datasets introduce
domain shift, making it difficult for models trained on one dataset to generalize effectively
to another. As a result, designing robust keyword extraction systems for radiology remains
an ongoing challenge, requiring methods that can not only identify clinically meaningful

terms but also adapt effectively across diverse reporting environments.
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Figure 9. General pipeline for keyword extraction using a language model, illustrated with
KeyBERT [154]. The keyword extraction process begins with an input texts, from which
candidate keywords are identified using contextual embeddings generated by a pre-trained
language model. KeyBERT, as an example, leverages BERT-based embeddings to rank and
extract the most relevant keywords based on their semantic similarity to the input text.

1.4 Frequency-based Multi-Label Classification

1.4.1 Development of Classification in Deep Learning

Classification is a fundamental task in artificial intelligence (Al) and has significantly shaped
the development of deep learning. Early approaches relied on traditional machine learning
methods such as Logistic Regression and Support Vector Machines (SVMs). While effective
in certain contexts, these models were limited by their reliance on manual feature engineering
and their inability to directly handle raw image data, making them suboptimal for image

classification tasks.

The advent of deep learning transformed classification by enabling neural networks to learn
feature representations directly from data. A summary of classic classification networks is

provided in Table 3. A pivotal moment was the introduction of AlexNet [61], which marked
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a breakthrough in image classification by winning the ImageNet challenge. With 60 million
parameters, AlexNet utilized five convolutional layers with max-pooling and three fully
connected layers, concluding with a 1000-way softmax output. Dropout was employed in the
fully connected layers to mitigate overfitting. This architecture laid the groundwork for

subsequent convolutional neural networks (CNNS).

Following AlexNet, researchers sought to enhance network depth and connectivity. Key
innovations included the Inception architecture [63, 65, 66, 70], which introduced multi-scale
feature extraction within the same layer, and ResNet [64], which leveraged residual
connections to address the vanishing gradient problem in deeper networks. As architectures
advanced, attention mechanisms were integrated to improve feature discrimination. For
instance, the Squeeze-and-Excitation (SE) block [71] applied channel-wise attention, while
the Convolutional Block Attention Module (CBAM) [155] combined both spatial and

channel-wise attention to strengthen the model’s ability to focus on salient regions.

While convolution-based networks dominated image classification for years, more recently, a
paradigm shift occurred with the adoption of the Transformer architecture [122] in computer
vision. The Vision Transformer (ViT) [80] adapted Transformers by partitioning images into
fixed-size patches, enabling the self-attention mechanism to model long-range dependencies
and global image context. Unlike CNNs, which process information locally, ViTs treat the
entire image holistically, providing a more comprehensive representation. Today, CNNs and
Transformer-based models represent two major frameworks in image classification, each with

distinct advantages.

Despite their strong performance, traditional classification networks often rely on task-
specific training, limiting their adaptability to diverse tasks. To overcome this limitation,

researchers introduced models capable of general-purpose classification without task-specific
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training. A key milestone was CLIP [92], which combines vision and language understanding
using a transformer-based architecture. Trained on 400 million image-text pairs from the
internet, CLIP enables zero-shot transfer, allowing it to classify images without prior fine-
tuning on specific tasks. This approach mirrors the pretraining paradigm in NLP,
transforming classification from training models from scratch to fine-tuning pretrained
models with domain-relevant data. The zero-shot capability of CLIP has significantly
expanded the versatility and efficiency of classification networks, enabling applications

across diverse domains, including medical imaging.
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Table 3. Overview of classic and state-of-the-art classification networks. The networks are
systematically collected and reorganized from the source of MMPretrained Contributors (2023)
[156]. The table includes key architectures that have significantly influenced the field of image
classification, ranging from foundational models to advanced deep learning frameworks. Each
network is categorized based on its architectural characteristics, such as convolutional layers,
residual connections, or attention mechanisms, and their contributions to improving
classification accuracy and computational efficiency are highlighted. The table serves as a
comprehensive reference for understanding the evolution and performance of classification
networks in both general and domain-specific applications.

Author ct al Work Year  Network Structure CNN? Transformer?  Spotlight Mechanism?
Krizhewsky et al ImageNet Classibcation with Deep Convolutional Newral Networks 012 AleeNet NN Fionesr of Deep Learning based convolutional network.,
Mlzo proposed the ImageNet (lassifcation
Simonyan et al Very Deep Convolutional Nesworks for Large Scale Image Recognition 2014 VGG NN Fionesr of CNN, 11 19 weight layer
Sregedy et al Going deeger with convolutions 2014 Inception NN Inception Block, increased the depth and width of the network
while: keeping the computational budget constant
He et al Deep Residual Learning for Imags Recognition 2015 ResMer NN Fesidual Block
offe et al Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift 2015 Inception V2 NN Froposal of Batch Normalization
Sregedy et al Rethinking the Inception Architecture for Computer Vision 2015 Inception V3 NN factorized convolutions and aggressive regularization
Fie et al Aggregated Residual Transformations for Desp Meural Networks 2016 ResMeXe NN FesNeXe Block (Wider)
Zagoruyko et al Wide Residual Networks 206 Wide Reshet NN Wide Dropout
Huang et al Diensely Connected Convolutional Networks 2016 Densehet NN Dense Connertion
Sregedy ot al Inception vd, Inception HesMet and the Impact of Residuz| Connections on Leaming 2016 Inception ResNet NN combining the Inception architecturs with residual connections
Hu et al Squeeze and Excitation Nesworks 2017 SE Reshiet NN Squesze and Excitation Block
Zhang et al ShufflecNet: An Extremely Efficient Convolutional Newral Network for Mobile Devices 2017 ShudfieNet VI NN Channel Shuffie
Sandler et al MobileNetV'2: Inverted Residuals and Linear Bottlenccks 2018 MobileNetV2 NN Linear Battleneck and Inverted Residuak:
Ma et al Shufflchet V2: Practical Guidelines for Efficient TNN Architecture Design 2018 ShuffleNet V2 NN Channel Split for replace Channel Shuffle
Howard et al Searching for MobileNetVE 2019 MobileNetV3 NN SE channel
Gao et al Res2Net- A New Multi scale Backbone Architecture 019 Res2Net (NN FesINet block (Multi Scale)
Tan et al EfficientNet: Rethinking Model Scaling for Convolistional Neural Networks 2019 EffcientNet NN newral architecture search, Scale of Netwerk:
Wang «t al Deep High Resolution Representation Leaming for Visual Recognition 2019 HENet NN high to low in Parallel,
eechange the information across resolutions
Wang <t al CSPMct: A New Backbone that can Enhanc: Learning Capability of CNN 2019 CSPNet NN Crons Stage Partial, Partial Transition
Uosovitskiy ot al An Image is Worth 1616 Words: Transformers for lmage Recognition at Scale 2020 Vision Transformer Transformer Fionesr of Transformer in computer vision,
split image into patches
Fadosavevic et al  Designing Network Design Spaces 2020 Reget NN neural architecture search in Space
Touwvron et al Training data efficient image transformers and distillation through attention 000 Deil Transformer Student Teacher strategy, Distillation Taken
Liu et al Swin ierarchical Vision using Shifted Windows 2021 Swin Transformer Transformer Shift Windows, Swin Transformer Block
Ding et al RepVGG: Making VGG style ConvNets Great Again M1 RepVGG NN VGG Style, revise structure
Yisan et al Tokens to Token ViT: Traiming Vision Transformers from Scratch on ImageNet 2021 Tokens to Token ViT Transformer Token to token process
Peng et al Conformes: Local Features Coupling Global Representations for Visual Recognition 2021 Conformer NN, Transformer  Feature Coupling Unit
Chu et al Twins: Revisiting the Design of Spatial Attention in Vision Transformers 21 Twins Transformes spatial attention mechanism
Vi et al Metaf ormer is Actually What You Need for Vision 2021 Poolformer Transformer Fooling replace MLP in Attention
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1.4.2 Multi-Label Classification

Multi-label classification is a task where each instance may belong to multiple categories

simultaneously, making it particularly relevant in medical imaging, where a single

radiological image often presents multiple findings or pathologies. Different with the wider

range of application for multi-class application, multi-label classification would provide more

information and give more possible answers, which Figure 10 shows the main difference. In

natural image processing, multi-label classification has been extensively studied, with several



approaches emerging even before the rise of deep learning. Early methods framed multi-label
classification as a mathematical problem using classifier chains, where each label was treated
as an independent binary problem. This pioneering work demonstrated that by incorporating
label correlations, classifier chains could achieve more effective multi-label classification

compared to binary relevance approaches ([157]).

The introduction of deep learning—particularly Convolutional Neural Networks (CNNs)—
significantly advanced multi-label classification by enabling models to learn complex feature
representations directly from raw image data. A variety of strategies have since emerged to
improve model performance, including the development of specialized network architectures
([158]; [159]; [159]; [160]),, attention mechanisms ([161]; [162]; [163]), custom loss functions
([164]; [165]), and tailored training methodologies [166]. These innovations have enhanced
model accuracy, especially when dealing with complex and imbalanced datasets, which are

common in multi-label classification tasks.

In contrast to natural image datasets like MS-COCO, PASCAL VOC, and ImageNet, medical
imaging datasets are typically smaller and suffer from highly imbalanced label distributions.
This imbalance often causes models to favor frequently occurring labels—typically normal
findings—while underperforming on rarer, yet clinically significant, abnormalities. To address
this issue, researchers have adapted techniques from natural image classification, including
label co-occurrence modeling [167] (as illustrated in Figure 11), attention-based enhancements
[168], and custom loss functions [169], all designed to improve model sensitivity to

underrepresented classes.

Despite these advancements, applying multi-label classification as a tool for radiology keyword
prediction poses unique challenges. In natural image settings, the label set is relatively fixed

and consistent, but in radiology, the keyword vocabulary is highly dynamic and context-
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dependent. Label distributions can vary significantly across clinical environments, imaging
modalities, and datasets, which violates the core assumption of stable label sets in traditional
multi-label frameworks. Therefore, while multi-label classification shows strong potential for
medical image analysis, its integration into radiology report generation requires further
refinement to accommodate the complex, evolving nature of clinical language and reporting

styles.

Mutliclass Classification vs multilabel classification o€
Multiclass Classification Multilabel Classification
¥
iy
e
Dog Cat | Horse | Mouse | [ Dog ] Cat Horse | MDLISQ‘
0.7 01 01 0a 0.8 0.8 0.2 01
Classes Classes
(pick one class) (pick all the labels present in the image)
/] Dog /] Dog
] cat /] cat
] Horse ] Horse
] Mouse ] Mouse

Figure 10. Illustration of the difference between multi-label classification and multi-class
classification (in single-label classification). Adapted from HuggingFace’s beginner tutorial
[170]. This figure highlights the key distinctions between the two classification paradigms. In
multi-class classification, each input is assigned a single label from a set of mutually exclusive
categories, whereas in multi-label classification, an input can be associated with multiple labels
simultaneously. The figure visually demonstrates these concepts using example scenarios,
emphasizing how multi-label classification accommodates overlapping or concurrent labels,
while multi-class classification enforces exclusivity. This distinction is critical for
understanding the appropriate application of each approach
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Figure 11. Example of multi-label classification applied to medical imaging. This sample,
captured from [167] demonstrates the process of performing multi-label classification on Chest
X-Ray images. The figure illustrates how multiple diagnostic labels, such as pneumothorax,
effusion, or cardiomegaly, can be assigned to a single image, reflecting the presence of
concurrent or overlapping conditions. This example highlights the utility of multi-label
classification in medical imaging, where complex and co-occurring pathologies often require
simultaneous identification for accurate diagnosis and treatment planning.
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1.5 Text-to-text Large Language Model

1.5.1 Brief Introduction of Language Model

In machine learning, a language model enables machines to read, write, and understand human
language, thereby simulating human-like communication abilities. Unlike humans, who
possess an innate capacity for language comprehension and generation [1], machines rely on
artificial intelligence (Al) and natural language processing (NLP) techniques to interpret and
produce linguistic data. Language models are specifically designed to estimate the generative
likelihood of word sequences and predict the probabilities of language tokens within a given

context. This capability plays a pivotal role in the advancement of Al and has drawn significant
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attention across a broad range of domains. The historical progression of language model

development is illustrated in Figure 12.

The foundational use of neural networks in language modeling began with Recurrent Neural
Networks (RNNSs) [2], which modeled the probability of word sequences while capturing
temporal dependencies. A major advancement followed with the introduction of distributed
word representations [3], allowing words to be embedded as vectors that encode semantic
relationships. Building on this, Word2Vec [4] enabled efficient learning of these word
embeddings from large corpora, further enhancing the model’s ability to capture contextual

and semantic patterns in language.

As deep learning evolved, Long Short-Term Memory (LSTM) networks emerged as a key
advancement, overcoming the limitations of traditional RNNs by addressing issues of long-
term dependencies. The introduction of Bidirectional LSTMs (biLSTMs) [171] further
enhanced language modeling by capturing context-aware word representations from both
preceding and succeeding words within a sequence. However, the true revolution in NLP
came with the development of the Transformer model [122], which replaced recurrent
structures with a self-attention mechanism. This architecture enabled the modeling of global
word dependencies in parallel, greatly improving both the efficiency and expressiveness of

language models.

Building upon the Transformer architecture, BERT (Bidirectional Encoder Representations
from Transformers) [127] introduced pre-training techniques that reduced training time and
allowed the model to predict general-purpose semantic features. By pre-training on large-
scale text corpora and fine-tuning for specific tasks, BERT set a new standard for NLP,

achieving state-of-the-art performance across various benchmarks. This paradigm of “pre-
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training” and “fine-tuning” became a cornerstone of modern NLP, enabling researchers to

adapt language models to diverse applications with minimal task-specific data.

As computational resources and available data continued to expand, language models scaled
into what are now referred to as Large Language Models (LLMSs). These models, trained on
massive datasets with billions of parameters, exhibit advanced capabilities in language
understanding and generation. Due to the increasing cost and complexity of training such
models from scratch, research has shifted toward leveraging and fine-tuning pre-trained LLMs.
This shift has accelerated progress in applications such as automated text generation, machine
translation, summarization, and conversational agents, solidifying LLMs as a core component

of contemporary Al systems.
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Figure 12. A brief timeline illustrating the development of language models. The figure
highlights key milestones in the evolution of language models, starting from traditional
statistical approaches to the emergence of deep learning-based models. It is noted that after the
development of RNNs (Recurrent Neural Networks) and LSTMs (Long Short-Term Memory
networks), language models transitioned to deep learning-based architectures. Following the
introduction of Transformers, language models began to scale significantly in size and
complexity, leading to the era of Large Language Models (LLMs). This timeline, adapted from
[172], showcases the progression of language models and their increasing capabilities in
natural language understanding and generation tasks.
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1.5.2 Large Language Model

As language models continue to evolve, a clear trend emerges: increasing model complexity
and larger datasets lead to stronger language understanding and generation capabilities,
enabling models to tackle increasingly complex real-world tasks. To support a broader range
of applications, both the structural sophistication of language models and the scale of their
training materials have grown significantly. This evolution has given rise to a new category

of models known as Large Language Models (LLMs).

Unlike earlier architectures such as pure Transformers or LSTMs, which were typically trained
on annotated datasets for task-specific purposes, LLMs are designed to generalize across a
wide range of applications without requiring extensive task-specific annotations. A key
characteristic of LLMs is their reliance on large-scale pretraining using vast collections of
unannotated text. Through self-supervised learning, LLMs uncover linguistic patterns and
contextual structures from heterogeneous datasets, allowing them to generate coherent,
context-aware outputs with minimal downstream fine-tuning. This approach addresses the
impracticality of anticipating and annotating every possible task, especially in open-ended or

dynamic domains.

The introduction of the Transformer architecture was instrumental in shaping this evolution,
shifting the paradigm toward pretraining and general-purpose language modeling. A pivotal
milestone in this direction was the development of OpenAl’s Generative Pre-trained
Transformer (GPT) [126], which introduced a two-stage training process: first, pretraining a
generative Transformer on diverse unlabeled text; second, fine-tuning the model for specific
tasks. This framework significantly reduced reliance on annotated data and facilitated broader

task transferability.
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Building on GPT’s success, subsequent iterations—GPT-2, GPT-3, and GPT-4—scaled model
size, training data diversity, and contextual reasoning capabilities, further extending the utility
of LLMs. Other models such as BART, T5, and LLaMA have introduced architectural
innovations and training strategies to improve general language tasks and enable zero-shot and
few-shot learning. Collectively, these models demonstrate the versatility of LLMs in tasks
including text summarization, translation, content generation, and question answering—often
with minimal or no additional task-specific supervision. A timeline of large language model

development is shown in Figure 13.

Despite their remarkable performance, LLMs also introduce notable challenges. Their broad
applicability raises ethical and social concerns related to misinformation, content bias, and data
privacy, necessitating transparent governance and responsible deployment. Moreover, in
specialized fields such as medicine, general-purpose LLMs often struggle to meet domain-
specific demands. Since they are predominantly trained on open-domain corpora, these models
may lack the precision and terminology required for clinical tasks. To enhance their reliability
in such contexts, domain adaptation strategies—such as fine-tuning on curated, field-specific
datasets—are essential. These adaptations ensure that LLMs meet the accuracy, safety, and
interpretability requirements of high-stakes applications like medical diagnostics and decision

support.
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Figure 13. A brief timeline depicting the development of large language models (LLMs). The
figure highlights the transformative impact of the Transformer architecture, introduced in 2017,
which marked the emergence of the LLM. Following the development of foundational models
such as GPT-1 and BERT, the technology underlying LLMs stabilized, enabling widespread
adoption and further advancements. Subsequent progress has focused on refining training
materials, optimizing training methods, and enhancing user interfaces (GUIs) to improve
accessibility and usability. This timeline, adapted from [173], illustrates the evolution of LLMs
and their growing influence on natural language processing and Al-driven applications.

38



2. Research Aims and Objectives

2.1 Research Gaps

Radiology report drafting, whether performed manually or through automation, has
distinct strengths and limitations. Manual drafting by radiologists remains the most
accurate approach, especially for abnormal cases, as it relies on expert interpretation and
nuanced clinical judgment. However, this process is time-consuming, particularly for
routine or normal cases, which constitute the majority of radiological imaging. This
inefficiency impacts diagnostic workflows and prolongs turnaround times, creating

bottlenecks in clinical operations.

To address these challenges, various deep learning-based methods for automatic
radiology report generation have been developed. These methods typically use an image
encoder to extract high-level features from medical images and a text decoder to
generate reports. While they reduce radiologists’ workload, several limitations hinder

their clinical adoption.

A primary limitation is the low quality of generated reports, which often lack the
precision and coherence required for reliable clinical use—especially in complex cases
or when subtle findings are present. Additionally, these methods lack explainability: the
high-level features extracted by image encoders are abstract and uninterpretable,
preventing radiologists from verifying whether the features capture essential clinical
information. As a result, radiologists can only assess the final report, and any errors
require manual revisions. While this may be manageable for normal cases with
repetitive text patterns, the increasing case volume reduces the efficiency gains of

automation. Moreover, the inability to trace the evidence behind generated reports often
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leads radiologists to prefer manual drafting for abnormal cases, limiting the practical

application of automated methods.

To address these challenges, this research proposes a novel deep learning-based
framework that replaces unexplainable high-level features with visible and interpretable
keywords. The framework uses multi-label classification to generate a list of relevant
keywords from medical images, which are then used by a text-to-text large language
model to generate radiology reports. To overcome the lack of ground-truth keyword
annotations, the framework introduces an automatic keyword adaptation mechanism that
derives relevant keywords from sample radiology reports. Additionally, a frequency-
based multi-label classification method is tailored to these adapted keyword settings. By
combining these innovations, the proposed framework aims to improve the quality,
accuracy, and interpretability of generated reports, reducing radiologists’ workload

while enhancing trust and efficiency in automated systems for clinical practice.

2.2 Research Aims

This research aims to overcome the limitations of existing radiology report generation
methods that rely on general encoder-decoder structures. To achieve this, a novel deep
learning framework is developed, emphasizing both explainability and report quality.
The framework integrates three key components: (1) an automatic keyword adaptation
mechanism, (2) frequency-based multi-label classification for generating keyword lists,
and (3) a text-to-text large language model for producing high-quality, interpretable
radiology reports. By combining these components, the framework ensures that
generated reports are accurate, transparent, and easily verifiable. Additionally, it
facilitates seamless collaboration with radiologists, enhancing the efficiency and

practicality of automated workflows in real-world clinical settings.
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2.3 Research Objectives

1. Design and develop a deep learning-based framework for the automatic generation
of chest X-ray radiology reports.

2. Implement automatic keyword adaptation and frequency-based multi-label
classification to address the lack of ground-truth keywords in radiology reports, and
integrate a text-to-text large language model to generate high-quality, explainable
reports from these keyword lists.

3. Evaluate the framework's performance by validating its keyword adaptation, multi-
label classification, and text-to-text large language model components, and compare

its report generation capabilities with state-of-the-art methods.

Compared to existing approaches, the proposed framework aims to deliver more
accurate and interpretable radiology reports. By replacing unexplainable high-level
features with visible, understandable keyword lists, radiologists can validate and adjust
keywords before report generation, improving flexibility and reducing the time required
for revisions and verification. Ultimately, this approach seeks to enhance diagnostic and
treatment workflows for lung-related diseases by reducing turnaround times and
supporting further applications such as Al-assisted patient communication and seamless

integration across hospital departments.
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3. Materials and Methods

3.1 Dataset Collection

3.1.1 11U X-Ray Dataset

The 1U X-Ray dataset [124], developed by Indiana University, is a widely used
benchmark for radiology report generation. It contains 7,566 chest X-ray images paired
with 3,852 radiology reports in its original version. Following the official dataset split
from [8], we divided the data into training, validation, and testing sets. We excluded
images without associated radiology reports and assumed that all images (in different
views) within a single case share the same report. After filtering and preprocessing, the
final dataset comprises 6,659 image-report pairs in the training set, 295 pairs in the
validation set, and 590 pairs in the testing set. The sample radiology report of U X-Ray

dataset is shown in Figure 14.
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RADIOLOGY REPORT
DATE: X000, 30000 0000 XXXX hours
Indication: Abdominal pain and distention.

Findings: Frontal and lateral views of the chest show an unchanged cardio mediastinal silhouette. There is
bibasilar interstitial opacity and left basal plate like opacity XXXX due to discoid atelectasis and/or XXXX scarring.
There are emphysematous changes, particularly within the right upper lobe. No XXXX focal airspace consolidation
or pleural effusion.

Impression: 1. COPD. Basilar probable pulmonary fibrosis and scarring. 2. No acute cardiac or pulmonary disease
process identified.

DICTATED BY : Drr. )OO 3000E 0004 )O0OC 000K ELECTRONICALLY SIGNED X0, 3COK X000 3000 HO0C XHXX
TRANSCRIBED 33X 8 XHHK XK RADRES XXXX

SIGNATURE XXX

Manual annotation

Opacity/lung/base/bilateral/interstitial
Pulmonary Atelectasis/base/left
Cicatrix/lung/base/left

Pulmonary Emphysema

Pulmonary Disease, Chronic Obstructive
Pulmeonary Fibrosis/base

. @

" & & @

MTI annotation

. Cicatrix

*  Pulmonary Fibrosis

*  Pulmonary Atelectasis

*  Llung

*  Pleural Effusion

*  Pulmonary Disease, Chronic Obstructive

Figure 14. Example of a radiology report from the U X-Ray dataset. The figure showcases a
typical radiology report, which includes a detailed textual description of findings derived from
medical imaging. The report is structured to provide clinical observations, interpretations, and
recommendations, highlighting key aspects such as anatomical structures, abnormalities, and
potential diagnoses. Please note that, although the original version of IU X-Ray dataset provide
the annotations in Manual/MT], these annotations are for the MeSH[174] codes supplemented
by Radiology Lexicon (RadLex) codes, which is not actually matched the keywords appeared
in Finding of radiology report. Therefore, we do not utilize it for radiology report generation.
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3.1.2 MIMIC-CXR Dataset

The MIMIC-CXR dataset [125] is the largest publicly available collection of chest
radiographs with free-text radiology reports. Its latest version, released on July 23, 2024,
includes 377,110 images corresponding to 227,835 radiographic studies. We followed
the official dataset split provided by PhysioNet and excluded images without
corresponding radiology reports. The final dataset consists of 270,790 image-report
pairs in the training set, 2,130 pairs in the validation set, and 3,858 pairs in the testing

set. The sample radiology report is shown in Figure 15.

EXAMINATION: CHEST (PA AND LAT)
INDICATION: _ year old woman with ?pleural effusion // ?pleural effusion

TECHNIQUE: Chest PA and lateral

COMPARISON:

FINDINGS:

Cardiac size cannot be evaluated. Large left pleural effusion is new. Small
right effusion is new. The upper lungs are clear. Right lower lobe opacities

are better seen in prior CT. There is no pneumothorax. There are mild
degenerative changes in the thoracic spine

IMPRESSION:

Large left pleural effusion

Figure 15. Example of a radiology report from the MIMIC-CXR dataset. The figure presents a
representative radiology report, which includes a comprehensive textual description of imaging
findings, clinical observations, and diagnostic interpretations.
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3.2 Radiology Report Generation Framework based on Automatic
Keyword Adaption, Frequency-based Multi-Label Classification and

Text-to-text Large Language Model

3.2.1 Overview of whole framework

Given a set of radiology X-ray images, denoted as Img_input, the objective is to
generate a detailed sequence W=w_1,w_2,...,w_n that describes both normal and
abnormal findings present in the images. Traditional deep learning models typically
generate radiology reports by directly predicting subsequences of text from the images.
However, such models often lack transparency and explainability. Recognizing that
radiology reports are structured around keywords, we propose a novel approach where
keywords are first extracted from the images and subsequently used to generate the final

report using a large language model (LLM).

To extract the relevant keywords from the images, our method employs a multi-label
classification approach. However, several challenges arise with this method, including
the need to classify new medical scenarios and the absence of a pre-existing reference
keyword list for specific medical conditions. To address these challenges, we introduce
automatic keyword adaptation, which dynamically adjusts the multi-label classification
process based on provided radiology reports. This adaptation mechanism tailors the
keyword generation to particular medical contexts by leveraging the available reports,

ensuring flexibility and relevance for diverse clinical environments.

To further improve the effectiveness of our method, we address the issue of class
imbalance—a common problem in medical multi-label classification. We propose a

frequency-based classification strategy, in which keywords are grouped into categories
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based on their frequency of occurrence. These categories represent varying levels of
classification difficulty, from rare to common keywords. For each frequency group, we
train a separate neural network to generate the corresponding keyword list. These
separate lists are then combined through a process called keyword list fusion, resulting

in a comprehensive, balanced keyword list that captures both frequent and rare terms.

Finally, the generated keyword list is used as input to a pre-trained large language model
to generate the radiology report. The language model, fine-tuned on medical texts,
ensures the report is coherent, contextually relevant, and written in a human-like style.
By generating the report from a well-structured keyword list, our approach not only
improves the interpretability of the generated report but also ensures its accuracy and

clinical relevance.

This workflow, summarized in Figure 16, enables our method to adapt to various
medical scenarios with minimal reliance on predefined keyword lists, enhancing its

generalizability and robustness across different datasets and clinical conditions.
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Figure 16. Overview of the proposed radiology report generation pipeline integrating automatic
keyword adaptation and frequency-based multi-label classification. The process begins with
automatic keyword adaptation, which processes radiology reports from the training set to
extract keyword clusters. These clusters are then used to configure the frequency-based multi-
label classification. Subsequently, the frequency-based multi-label classification predicts
keyword lists for each cluster, which are combined through keyword list fusion to generate the
final keyword list. Finally, a large text to text language model generates the corresponding
radiology report using the fused keyword list.

3.2.2 Automatic Keyword Adaption

A key challenge in generating radiology reports from keywords is the absence of
ground-truth or reference keyword lists for each case. To address this, we simplify the
problem by assuming that radiology reports from specific medical contexts are available
as references. This assumption enables us to focus on extracting relevant keywords from

these reports without the need for prior knowledge or predefined keyword lists.
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In situations where no reference keyword list is available, we rely on keywords extracted
by the language model, which are further filtered using a radiology-specific dictionary.
By leveraging advancements in language models and keyword extraction techniques, we
can extract keywords directly from radiology reports using pre-trained models, such as
those trained on general and medical text corpora. This allows the identification of

relevant terms that reflect the information contained in the reports.

For keyword extraction, we utilize the KeyBERT model ([53], [154]) to generate an
initial set of keywords from the provided radiology reports. This process does not
include any filtering, as the model is designed to extract keywords without specific
domain constraints. However, it is important to note that these keywords may not always
meet the structural requirements of a radiology report, as the language model is not

explicitly trained for medical report generation.

To refine the extracted keywords and ensure they align with the needs of multi-label
classification, we perform a post-processing step using a radiology-specific dictionary,
which is RadLex ([54]) in our pipeline. This filtering step ensures that only relevant and
widely used radiology terms are retained, while preventing the omission of critical
keywords. After the keywords are extracted and filtered, they are ranked by frequency

and grouped into clusters for further multi-label classification.

Our proposed automatic keyword adaptation mechanism allows for flexibility across
various medical contexts, eliminating the need for predefined reference keyword lists.
This adaptability is key to ensuring that the model can generate meaningful and

contextually relevant reports, even when reference lists are absent or incomplete.

In cases where a reference keyword list is provided, we prioritize these user-provided

keywords to align with specific requirements. The provided list is cross-referenced with
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the radiology dictionary RadLex to verify the validity of the terms. If any keyword is
missing from the dictionary, the system alerts the user and offers the option to retain or
discard the term. This process helps maintain the robustness and accuracy of the model,

even in cases where the reference keyword list may contain errors or inconsistencies.

In practice, the most common scenario involves partial or incomplete reference keyword
lists, which may not cover all the necessary terms for generating high-quality radiology
reports. To address this, we adopt a parallel approach, merging the keywords generated
by the language model with the user-provided list. This combined keyword set ensures
that the generated reports are accurate, comprehensive, and relevant to the specific

clinical context.

A detailed block diagram of the proposed automatic keyword adaptation process is
shown in Figure 17. Through these strategies, our method ensures that the model can
effectively generate radiology reports across a wide range of medical scenarios, while
maintaining high quality and relevance. The visualization of the workflow for Automatic
Keyword Adaption process connected with Multi-Label Classification is shown in

Figure 20.

I ot eisted Orop the

keywords

MNa zcute cardiopulmenary disease. Lungs are clear
bilaterally. Cardiac ediastinal silhousttes ars - KeyBERT for
normal. Pulmonar ulature is normal. No = | primary keyword
preumethorax | effusien. Limbus vertebra L axtraction
noted within the partial visualized lumbar vertebral body;

(S
Dictionary If existed

Report

) - Retrive the It existed N oo | =N Keyword B -~ Ranking the fraquency from
wentebra, effusion, clear, vasculature, normal, = | keywords in all P IS T 7w | Clusterfor " T low to high for dividing cluster
pneumothorax, body, no, acute, lungs | provided reports T - Y7 Multi-Label
4 ) Classification

) Frequency Cluster
Indvidual Cluster from langhope model
I not exsted provided by users

in all reports

Provided Keyword Gandidate List

Drop the keywords or request the
users ta check if keywords are
corrent

Figure 17. Block diagram of the proposed automatic keyword adaptation process. Beginning
with the provided radiology reports, candidate keywords are extracted using the KeyBERT
tool. Subsequently, the extracted keywords are filtered using the RadLex Dictionary, retaining
only those present in the dictionary. The filtered keywords are ranked by frequency, and
keyword clusters are constructed based on this ranking for use in frequency-based multi-label
classification. If users provide a keyword candidate list, these user-specified keywords are
given the highest priority and processed through a separate branch. After validation to ensure
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the keywords exist within the reports, the user-provided keywords are treated as an individual
cluster and integrated into the keyword clusters for multi-label classification.

3.2.3 Frequency-based Multi-Label Classification

Medical imaging presents unique challenges for multi-label classification, particularly
due to the imbalance between common and rare conditions in radiology images.
Common findings are much more frequent than rare ones, which often leads to models
focusing predominantly on predicting common findings while neglecting less frequent,
yet clinically significant, conditions. This issue becomes even more pronounced in our
dynamic keyword adaptation process, where keywords are generated based on provided
radiology reports from specific medical contexts. To address this, we propose a
frequency-based multi-label classification approach that divides keywords into different

frequency groups to enhance classification accuracy and balance.

Frequency Categorization. In typical image classification tasks, such as natural image
recognition, label distribution is often balanced. However, in medical imaging, there is a
significant imbalance, with certain conditions appearing much more frequently than others.
This imbalance can lead to biased predictions, where rare conditions are overlooked simply

because they are less frequently observed.

To mitigate this, we categorize keywords into frequency groups based on how often they
appear in the dataset, which is shown in Figure 18. The frequency categorization is dynamic,
allowing it to adjust according to the current dataset or be manually set by the user. By
grouping keywords into different frequency categories, we can better tailor the classification

process to each cluster, improving the model’s ability to detect both common and rare
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conditions. This approach ensures that keywords related to rare conditions are given sufficient

attention, preventing their underrepresentation in the final reports.

Multi-Label Classification and Keyword List Fusion. Once the keywords are divided into
frequency groups, the multi-label classification process is applied within each group, which is
shown in Figure 20. While the frequency of the keywords determines the categorization, to
maintain consistency and performance, we initially use the same network structure across all
frequency groups. This uniform approach allows us to optimize the classification performance
without presupposing the ideal network settings for each specific medical scenario. However,
if users have specific classification performance requirements, they can adjust the network

settings for each group in our framework after the initial setup.

After the classification step, the outputs from each frequency group are combined into a
comprehensive keyword list through a process we call Keyword List Fusion, shown in Figure
19. This process integrates the classified keywords based on a common threshold (e.g., 0.5)
for each frequency group, while also incorporating keywords from the reference keyword list
and those generated by individual frequency clusters. The final fused list represents the most

relevant and contextually appropriate keywords for generating the radiology report.

By focusing on frequency-based classification, our approach effectively mitigates the impact
of class imbalance, ensuring that both common and rare keywords are accurately predicted.

This results in radiology reports that are both comprehensive and accurate.
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Figure 18. Comparison of our proposed multi-label classification approach with general single-
label classification using classic classification networks. The figure illustrates the key
differences between the two methodologies, highlighting how our proposed method
accommodates multiple labels per input, enabling the identification of concurrent or
overlapping conditions. In contrast, single-label classification assigns only one label per input,
limiting its applicability in scenarios where multiple attributes or diagnoses need to be captured
simultaneously.
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Figure 19. Diagram illustrating keyword list fusion in the frequency-based multi-label
classification process. To account for the information density in high-frequency clusters, the
threshold for these clusters is increased, reducing the likelihood of incorrect predictions for
high-frequency keywords. Conversely, for low-frequency clusters that may contain rare but
clinically important keywords, the threshold is slightly decreased to allow for the inclusion of
more keywords. For individual clusters, a standard classification threshold of 0.5 is applied.
The keywords from all clusters, after threshold-based filtering, are combined to form the final
keyword list, which is then used for radiology report generation.
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Figure 20. Full workflow of Automatic Keyword Adaption. It includes keyword filtering by

radiology dictionary and frequency, and then clustering for multi-label classification

3.2.4 Radiology Report Generation from keywords based on Large Language

Model

Following the extraction of the keyword list through frequency-based multi-label
classification, the next step is to leverage large pre-trained language models (LLMSs) to
generate high-quality radiology reports. The integration of LLMs provides a significant
advantage due to their ability to produce human-like, contextually accurate text. Unlike
traditional text decoders, which often lack domain-specific training, LLMs pre-trained on
medical corpora possess inherent capabilities for generating professional and contextually
appropriate medical narratives. Fine-tuning these models with domain-specific data further

enhances their adaptability to radiology-specific use cases.
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In our framework, we employ the Text-to-Text Transformer (T5) model [175], utilizing the
fine-tuning methodology demonstrated by Clinical-T5 [176], which is pre-trained on extensive
medical datasets. Using pre-trained checkpoints as the foundation, we fine-tune the model
with our dataset of extracted keywords and their corresponding radiology reports. This process
aligns the model's generative capabilities with the unique characteristics of radiology report

writing, ensuring both accuracy and fluency in the output.

The fine-tuned model transforms the extracted keywords into comprehensive radiology reports
that reflect the clinical context and maintain a coherent, professional tone, which is shown in
Figure 21. By focusing on the semantic alignment between the keywords and the generated
text, our approach ensures that the resulting reports adhere to clinical standards while

effectively communicating the relevant findings.

Furthermore, this framework diverges from traditional encoder-decoder architectures, where
a text decoder generates reports based on encoded features. Instead, our keyword-driven
approach simplifies the input space, leveraging the text-to-text LLM's ability to map concise,
structured inputs (keywords) to expansive, descriptive outputs. This paradigm shift enhances
the interpretability of the model and ensures that the generated reports maintain consistency

with the extracted keywords.

By combining the generative power of text-to-text LLMs with fine-tuning on domain-
specific data, our framework provides a robust and scalable solution for radiology report
generation. The resulting reports are not only clinically accurate but also exhibit the
fluency and readability expected in professional medical documentation, making this
approach well-suited for practical deployment in vision-language applications within

medical imaging.
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Figure 21. Diagram illustrating the workflow of radiology report generation based on multi-
label classification within our proposed framework. The figure outlines the step-by-step
process, beginning with the multi-label classification which contains relevant diagnostic labels.
These labels are then used to guide the generation of structured and coherent radiology reports
after adding prefixes to construct the command to the large language model. The diagram
highlights the integration of multi-label classification with natural language generation
techniques, demonstrating how our framework ensures accurate and contextually relevant
report generation. This approach leverages the strengths of multi-label classification to capture
complex and concurrent findings, enhancing the overall quality and utility of automated
radiology reporting.

3.2.5 Loss Function

Our method comprises three main components: automatic keyword adaption, frequency-based
multi-label classification, and radiology report generation. Each of these components plays a
critical role in the overall process, with unique strategies for optimization and loss functions.
Since the automatic keyword adaption component focuses on extracting and organizing
keywords without any training or fine-tuning steps, it does not require a loss function or
optimization process. Instead, it relies on heuristic methods and dictionary-based filtering to

ensure the quality and relevance of the keywords.

In contrast, the frequency-based multi-label classification component is designed to address
the challenges of class imbalance often encountered in medical imaging data. Inspired by
advancements in multi-label classification for natural images, we employ an asymmetric loss

function, which has been shown to effectively handle imbalanced datasets. This approach,

55



originally proposed by [164] , adapts the loss calculation for positive and negative samples
differently, providing a tailored solution to the skewed distribution of labels in medical

datasets. The asymmetric loss is defined as follows:
ASL(Ly) = (1 —p)? +log(p)
ASL(L-) = (pm)” —log(1 — pim)

where p is the predicted probability, pm is the shifted probability for negative samples, L+ is
the loss for positive samples, and L. is the loss for negative samples. The shifted probability

pm is defined as:
Pm = max(p —m,0)

Here, the probability margin m is a tunable hyperparameter that adjusts the threshold for
considering a sample as positive or negative. In practice, we apply dynamic optimization of
the margin m within the loss function, allowing the model to adapt to varying class
distributions without manual adjustments. This adaptive approach ensures that frequency-
based multi-label classification network in each frequency cluster optimally handles its

respective cluster, balancing sensitivity and specificity across different label frequencies.

For the radiology report generation process, we employ a standard cross-entropy loss function
to guide the learning process. The cross-entropy loss helps ensure that the generated text aligns
with the target distribution of clinical language, capturing key information accurately. The

cross-entropy loss for fine-tuning is defined as follows:

CE(L) = - Z P(x)logG(x)
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By integrating these tailored loss functions, our method ensures robust performance across all
stages, from initial keyword extraction to final report generation. This comprehensive
approach not only enhances the accuracy and relevance of the output but also supports the
development of a user-friendly, clinically applicable system that can assist radiologists in their

workflow.
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4.  Experiments and Results

4.1 Implementation Details

All experiments were conducted on two widely used public chest radiograph datasets: U X-
Ray [124] and MIMIC-CXR [124]. In addition to the image-text pairs, the RadLex radiology
lexicon [177] was incorporated to support the Automatic Keyword Adaptation component of
the framework. A summary of the basic dataset statistics and dictionary characteristics was

provided in Table 4.

The proposed framework employed a unified subnetwork architecture for frequency-based
multi-label classification, with ConvNeXt ([178]) selected as the backbone network due to its
advanced feature extraction capabilities. The process began with automatic keyword
adaptation and a detailed analysis of keyword distributions within the training datasets of 1U
X-Ray and MIMIC-CXR. To mimic real-world scenarios where test and validation sets
remained unseen during training, the keyword frequency analysis was limited to the training
sets, as illustrated in Table 4. To manage the distribution of keywords, a logarithmic split
strategy (log x) was applied based on the maximum frequency observed in each dataset. For
IU X-Ray, frequency clusters were divided into three ranges: [10,100], [100,1000], and
[1000,10,000]. Meanwhile, for MIMIC-CXR, five clusters were defined as [10,100],
[100,1000], [1000,10,000], [10,000,100,000], and [100,000+]. This approach ensured a
balanced representation of keywords across frequency ranges, thereby improving

classification performance.

For radiology report generation, the framework employed a modified version of the Text-to-

Text Transformer (T5) model [175], following the fine-tuning methodology described in [176].
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Pre-trained checkpoints were sourced from HuggingFace’s repository ([170]) to minimize
initialization and training costs. The model was fine-tuned using the extracted keywords and
corresponding radiology reports, which enabled it to generate domain-specific, contextually
accurate reports. This process adapted the model's language generation capabilities to align

with the stylistic and clinical requirements of radiology documentation.

The training process was optimized for both tasks. For multi-label classification, the network
was trained for 120 epochs per frequency cluster with a batch size of 4. The Adam optimizer
was used with an initial learning rate of 0.0001. For the fine-tuning of the language model,
training was performed over 10 epochs with a batch size of 2, using the Adam optimizer and
an initial learning rate of 0.00005. All experiments were conducted on a workstation equipped
with an Intel Core i7-11700 CPU and an NVIDIA RTX 3080 GPU with 10 GB of memory,

ensuring efficient computational performance across tasks.
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Table 4. Dataset descriptions for the IU X-Ray and MIMIC-CXR datasets, including details of
keyword cluster information derived from the automatic keyword adaptation process.
Additionally, the table provides information on the radiology dictionary used in the
experiments and presents the proportion of keywords in the two experimental datasets relative

to the full version of the dictionary.

Setting

[Drescription

Applied Radiology Dictionary

Dvictionary Mame

RadlLex (Langlotz (2006))

Dvictionary Version 4.2
Dvictionary Source https:/ /radlex.org/
Total Mumber of Keywords 46,838
Dataset 1: IU X-Ray

Basic Information

Total Cases 3,851
Total Images 7,553
Total Pairs(1 Image/1 Report)

Train Set f,660
Test Set 50
Validation Set 205
Keyword Information

Mazximum Keyword Frequency 5502
Corresponding Highest Frequent Keyword "no"
Keyword Frequency Cluster Split Mumber 3
Corresponding Keyword Frequency Cluster  [10,100], [100,1000], [1000,10000]
Fatio of keyword compared with Dictionary  5.315%
Keyword Cluster Description

Mumber of Keywords in each cluster

Cluster [10,100] 160
Cluster [100,1000] 73
Cluster [1000,10000] 15

The highest frequency in each cluster

Cluster [10,100] a6
Cluster [100,1000] 967
Cluster [1000,10000] 5502
Dataset 2: MIMIC-CXR

Basic Information

Total Cases 227 835
Total Images 276,488
Total Pairs(1 Image/1 Report)

Train Set 270,507
Test Set 3,B58
Validation Set 2,123
Keyword Information

Mazximum Keyword Frequency 196051
Corresponding Highest Frequent Keyword "pneumothorax"
Keyword Frequency Cluster Split Mumber 5

Corresponding Keyword Frequency Cluster
Ratio of keyword compared with Dictionary

Keyword Cluster Description
Mumber of Keywords in each cluster
Cluster [10,100]

Cluster [100,1000]

Cluster [1000,10000]

Cluster [10000,100000]

Cluster [100000+]

The highest frequency in each cluster
Cluster [10,100]

Cluster [100,1000]

Cluster [1000,10000]

Cluster [10000,100000]

Cluster [100000+]

[10,100], [100,1004], [1000,10000]. [10000,100000], [100000+]
18.603%

420
247
133
54
5

o9

090
0841
06119
196051
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4.2 Evaluation Details and Metrics

The primary objective of this study is radiology report generation; therefore, the evaluation
focuses on assessing the quality of the generated reports. For the two datasets used in this
work—IU X-Ray and MIMIC-CXR—we benchmark our proposed framework against a wide
range of state-of-the-art (SOTA) models, as summarized in Tables 1 and 2 in the “Literature
Review” (Section 1.2.4). To ensure a fair comparison, we re-implement the models proposed
in [8] and [31] using their open-source code, applying the same dataset splits as in our work.
The results from these re-implementations are included in our evaluation. For other SOTA
models where re-implementation is not feasible, the reported values are taken directly from
their original publications. If a model does not provide results for one of the datasets, we only
report the metrics available in its original paper, avoiding secondary or indirect sources even

when they exist.

The evaluation metrics follow standard practices in the radiology report generation literature.
Language-based metrics include Bilingual Evaluation Understudy (BLEU) scores (BLEU-1,
BLEU-2, BLEU-3, BLEU-4) ([179]), Recall-Oriented Understudy for Gisting Evaluation
(ROUGE-L) ([180]), Consensus-based Image Description Evaluation (CIDEr) ([181]), and
Metric for Evaluation of Translation with Explicit ORdering (METEOR) ([182]), each
assessing different aspects of linguistic quality such as n-gram overlap, recall-oriented
summarization, consensus-based similarity, and semantic matching. Beyond language quality,
clinical accuracy is measured through CheXpert clinical evaluation metrics [183], which
calculates F1 score, precision, and recall over 14 clinical labels. In addition, RadGraph
evaluation scores [147]—Entity F1 and Relation F1—are reported to quantify how well the

generated reports capture structured clinical entities and their relationships.
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It is important to note that not all prior works report the complete set of metrics, resulting in
occasional blank entries in our evaluation tables. Finally, consistent with standard practice, all
comparisons are performed exclusively on the test sets of each dataset, ensuring comparability

and reliability of the benchmark results.

4.3 Samples of Extracting Keywords from Radiology Reports and Failure

Cases

In the context of radiology report generation using keyword-guided models, a critical initial
step involves defining and extracting representative keywords from the original reports. The
challenge lies in identifying whether these extracted keywords can accurately capture the
essential clinical information without prior expert input from radiologists. To address this, we
applied our proposed automatic keyword adaptation pipeline to extract keywords from the
radiology reports within the IU X-Ray and MIMIC-CXR datasets. Subsequently, we
conducted a manual verification of selected cases by manually annotating the keywords
based on the radiology dictionary RadLex to assess the completeness and clinical validity of

the extracted keywords, particularly focusing on whether important terms have been omitted.

To illustrate the effectiveness of the keyword extraction process, we present sample cases in
which manually annotated keywords are compared with those extracted automatically by our
framework. These examples, visualized in Figure 22, include annotations of commonly
occurring terms such as “normal” and “lung.” These frequent and generic terms are reliably
captured by the extraction pipeline, aided by the support of the keyword classification model
and cross-referencing with entries in the RadLex radiology dictionary. This demonstrates that

our method significantly reduces the burden of manually annotating such standard terms.
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However, the pipeline is not without limitations. Since our framework is not explicitly
designed as a clinical entity extraction model, it may fail to identify less frequent but
clinically significant terms. Furthermore, because the verification step involving the
radiology dictionary occurs after keyword extraction, it cannot contribute new terms to the
list—it only confirms whether the extracted terms are valid. Figure 23 presents representative
failure cases from both the IU X-Ray and MIMIC-CXR datasets. These examples highlight
missing keywords such as “cardiomediastinal,” which were not captured by the automated

process but are clinically important for diagnosis.

Overall, our findings indicate that while automatic keyword adaptation performs well for
general or high-frequency terms, incorporating a radiologist-guided post-processing step—
allowing human reviewers to supplement the keyword list before multi-label classification—
could improve both accuracy and clinical relevance. This hybrid approach would offer a

more robust and adaptable solution for real-world medical imaging workflows.

Sample Case in IlU X-Ray Dataset Sample Case in MIMIC-CXR Dataset

Lateral View PA View Lateral View
XML Format Provided Radiology Report in Free-text

withinf normal] 1imits [Tungs pre[cTear-] FINDINGS:
The[ cardiomediastinal Jnd [hilar contours]are within[normal]
Total KeyWOrd LISt Length=8 Manua/ Annotatlon ie. are ;'e:r ere i ,"0 pneumo’ cr: [ fracture prldi
Total Keyword List Length=10 Manual Annotation

1houette Jand| pulmonary vasculature pre

[Limits. lhe-m
Gcation.] Limited

e withiofToraat] asmtes {Torgs pre[Tear]

<A bel="FINDINGS">Cardiomediastinal silhovette and[pulmonary vascula
No fpneumothoraq orfpleural effusion cute Josseous findings.

Total Keyword List Length=7 FINDINGS :

Extraction by our framework
The cardiomediastinal and are within[normal Jlimits. The [lung
fields There is no,r dislocation. Limited

ssssss @ [abdomen | i unremarkabTe

Total Keyword List Length=9 Extraction
by our framework

Figure 22. Sample cases with corresponding radiology reports and estimated keyword counts
from the IU X-Ray and MIMIC CXR datasets. Representative cases were randomly selected
from each dataset, and their associated radiology reports were obtained from the official
sources. For each cases, Keywords were manually annotated and verified in the RadLex
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radiology dictionary in Line 1 and we also show the extraction result by our framework in
Line 2. The total keyword list length reflects the number of identified keywords in each case.

Failure Case in U X-Ray: Missing Keyword

i

PA View Lateral View

Radiology Report

g lungs are welllexpand 1f | lleffusi r
lpneumothoraxis séen. Thelcardiomediastinal Fontour|s[normal| No
qCUTE .\--um are i .

Predicted Keyword: expanded, clear, pneumothorax, contour, lungs, no, normal,
osseous, effusion

Possible missing Keyword: lesions, pleural effusion, cardiomediastinal

Failure Case in MIMIC-CXR: Missing Keyword

AU

PA View Lateral View

Radiology Report

Predicted Keyword: normal, clear, dislocation, fracture, abdomen, limited,
assessment, pneumothorax, unremarkable, lung, contour

Possible missing Keyword: cardiomediastinal, hilar

Figure 23. Sample failure cases from the 1U X-Ray and MIMIC-CXR datasets.
Representative examples were randomly selected from both datasets, with radiology reports
sourced from official repositories. Keywords were initially extracted using the Automatic
Keyword Adaptation process, and subsequently cross-checked with the RadLex radiology
dictionary to identify potentially missing or unrecognized clinical terms.

4.4  Keyword Distribution Analysis

Before evaluating radiology report generation performance, we first analyzed the
keywords produced by our automatic keyword adaptation mechanism on the IU X-Ray
and MIMIC-CXR training datasets. Keyword frequency distributions were visualized in
Figures 25 and 26, with statistical details—such as cluster splits and highest

frequencies—summarized in Table 4. To manage distribution imbalance, we applied a
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logarithmic split (logx) based on the maximum observed frequency in each dataset. This
approach, while used here to reduce the number of clusters, is not mandatory; frequency-
based clusters can be flexibly adjusted to specific needs. To simplify the network and

alleviate extreme class imbalance, keywords with frequencies below 10 were excluded.

The frequency distributions revealed that larger datasets exhibit more pronounced
imbalance. In the smaller U X-Ray dataset, the most frequent keyword, “no,” appeared
over 5,000 times, resulting in three clusters covering frequencies from 10 to 5,000. In
contrast, the MIMIC-CXR dataset showed a more extreme imbalance, with
“pneumothorax” occurring over 190,000 times. To accommodate this, MIMIC-CXR was

divided into five clusters ranging from 10 to over 100,000.

To validate the effectiveness of our automatic keyword adaptation approach, we compared the
reduced keyword set against the full RadLex[151] dictionary. Table 4 shows the significant
reduction achieved: the MIMIC-CXR dataset utilized only 18.6% of the RadLex terms, while
the smaller U X-Ray dataset used just 5.3%. This reduction minimizes computational
complexity while retaining the relevance of the keywords to the task. Additionally, we
evaluated the keyword coverage ratios within the test and validation sets using two strategies:

Keyword-Based and Text-Based. The process of calculating the ratios is shown in Figure 24.

Keyword coverage was then assessed in the test and validation sets using two strategies:
Keyword-Based and Text-Based. In the Keyword-Based Strategy, unique keywords

were extracted from sample reports by splitting text into individual words and removing
duplicates. These were matched against the adapted keyword set, and coverage ratio was
calculated as the percentage of matching keywords relative to the total unique keywords.

In the Text-Based Strategy, generated keywords were directly searched in the reports,
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with matching words or phrases highlighted; coverage ratio was calculated as the

proportion of the matched text length to the total report length.

Table 5 summarizes the results for both strategies, showing that the generated keywords

achieved coverage ratios exceeding 50% in the radiology reports, even though the test

and validation sets were unknown during the adaptation process. These findings

demonstrate that the automatic keyword adaptation method effectively aligns with

diverse clinical scenarios, ensuring high-quality and clinically meaningful outputs. The

robust coverage ratios confirm the adaptability and reliability of our approach, making it

a valuable tool for generating high-quality radiology reports in various medical contexts.

Sample Report

The heart is normal in size, The cardiomediastinal contours are stable. h
There are stable bilateral pleural effusions with partial night-sided
loculation. Biapical scarring and pleural thickening appears stable

There is again right-sided superice hilar retraction and mild rightward
deviation. No acute infiltrate is appreciated P,

Keyword-base Cover Ratio Calculation

The heart is normal in size. The cardiomediastinal contours are stable. There are

stable biateral plewral effussons with panial right-sided loculabion. Biapical scaming - Samnle Report
and pleural thickening appears stable. There is again right-sided superior hilar ple hep
retraction and mild rightward X000¢ deviation. Mo acute infiltrate is appreciated

Sp

t by Space

“appears’, ‘conlowrs’, ‘and’, night-sided’. ‘again’, Tthickening', 'deviation’, “scamng,
‘cargomediastnal, ', heart’, “are’, nfillrate’, "acute”. Toculation’. ‘There',
“superior’, ‘partial’, “hilar', rightward’, ‘retraction’, 'bilateral, ‘Biapical, The', 'No',
‘mormal’, “appreciated’, “effusions’, 'size’, ‘i, M000C, ‘with'_ 'plevral’, ‘mild’, 'stable’

Split words in report

“appears’, ‘contours’, 'and’, nght-sided_'ag
a seediastinal, ] heart'| "are’,
partial’, “hil ghtlvard'

[normal’ [appreciated’, “effusions’, ‘skee

Ratio= 15/32= 46.875%

Text-base Cover Ratio Calculation

The heart is normal in size. The cardiomediastinal contours are siable. There are

stable bilsteral plewral effusions with panial right-sided loculation. Biapical scarring Sample Report
and pleural thickening appears stable. There is again right-sided supenor hilar N
retraction and mild nghtward XX deviaten. No acute mfiltrate is appreciated

diomediastin:
o partial right
ning appears stable. There is again right-sided superior hilal
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ed loculation

Ralio= 123/284= 43.309%

Sample Keywords from Automatic Keyword Adaption

‘focal’, ‘effusion’, ‘nomal’, ‘preumothora, 'ne’, ‘acute’, ‘heart, ‘dear’, lungs', 'lung’, ‘chest’
‘airspace’, ‘contour’, 'consclidation”, 'unremarkable’, “sping’, ‘'mediastinum’, 'acrta’, ‘vasculature’
‘calcifications’. Tight’, 'enlarged”, "mimmar, ‘opacity’. ‘postanor, lateral lefl’, 'nb’

‘deformity’, ‘process’, ‘displaced', 'stable’, ‘large’, ‘comparison’, 'mild’, ‘emphysema’
‘hyperinfiated', interstitial’, ‘chronic’, 'patient’, 'upper’, ‘nodular’, 'basilar’

'suspicious’. “atelectasis’, ‘calcified” "antenor’, "appearance’
‘small’, “lobe’, ‘prominent’ “lower’, bilateral’, "edema’, torluous’, 'base’
‘granuloma’, ‘change’, 'vascular’, ‘subsegmental’, 'diaphragm’, 'midline’
‘bronchovascular, ‘trachea’, nfiltrate’, ‘scarming’. “low’,
‘thorax’, ‘soft’, ‘without, ‘scattered’, ‘bone’, ‘negative’, fracture’, fluid’, ‘abdomen’, ‘patchy’

‘intact’, 'present, 'nodule’, ‘unchanged', ‘inflated’, “expanded', ‘herniz', 'both’, ‘catheter’

'05580US, 'PNeumonia’, hemidiaphragnt’, “typical’, ‘shoulder’, infrathoracic’, ‘subcutaneous’
‘radiopaque’, ‘cortical’, before’, thickening’, “external’ ‘central’, *hilum’, ‘fusion’

‘unfolded’, "artifact’, ‘cavitary’, ‘lesion’, ‘ascending’, 'breast’, increased’, ‘probable’

‘kyphosis”, dilated’, previous’, ‘multiple’, "fat_ nibs”, ‘infecton”, ‘residual’, “aneurysm’

‘scoliosis’, "pe ', tuberculosis', hyp ', ‘volume', "hemithorax', ‘post’, “hypoinflated:
‘blunted’, ‘ectatic’, ‘atherosclerosis’, * !, fibrosis”, ' P ', ‘body', "abnormal’
‘enlargement’, old, ‘sarcoidosis’, intrapantoneal, ‘with, Inguld’, ‘'meddie’. “elevated ‘diameler
‘levoscoliosis’, 'diffuse’, 'sclerotic’, ‘engorged’, ‘eventration’, indeterminate’, ‘flattened’, ‘moderate’
‘descending’, 'inferior’, ‘clavicle', irregular’, ‘aerated’, "head’, 'surgery’, 'apical', ‘retraction’
‘superior, 'scar, 'dextroscoliosis’, "demineralization’, "symmetnc’, “stomach’. fissure’, ‘noncalcified
‘alignment, ‘bowel’, ‘colon’, "adacent’, ‘tissue’, ‘cavoalnal’, "perihilar’, ‘bullet’, ‘tube’, ‘quadrant’
‘cancer’, ‘atrium’, ‘wall, 'pelvis’, ‘decreased’, ‘injury’, 'severe’, 'mass’, ‘malignancy’, ‘healing’
‘proxamal’, “deslocation’, "humerus’, ‘glencid’, ‘distal, ‘diminished’, joml, ‘precperatve’, ‘medial’
‘knee’, ‘pneumomediastinum’, ‘apex’, ‘cholecystectomy’, 'congestion’, 'suggestive’, ‘marked’

‘widened'

‘osteophyle’, ‘advanced’, ‘healed’, ‘peripheral’, Tmproved’, 'collapse’, ‘prosthesis’, ‘rounded’
‘neoplasm’

‘meck’, mipple’, 'definite’, 'persistent, 'vertebra', ‘artery’, Tumen’, “tunneled’, ‘caliber’, 'shunt’
‘canna’, ‘obstruchon”, imited’, "prey eurm’, ', "stent’, ‘suspecied’, round’
‘pacemaker,

‘vein’, “parenchymsa’, ‘diagnosis', lymphadenopathy’, ‘motion’, “valve’, ‘procedure’, ‘pneumonitis’
‘replacement’
‘ireatment’, ‘artenes’

Figure 24. Methodology for calculating the keyword-based coverage ratio and text-based
coverage ratio of the generated keywords in comparison to the ground truth radiology reports.

66



Table 5. Coverage ratio of keywords generated through Automatic Keyword Adaptation in the
test and validation sets of the IU X-Ray and MIMIC-CXR datasets, evaluated using two
strategies. In the Keyword-Based Strategy, radiology reports are split into unique keywords by
removing duplicates, and the coverage ratio is calculated as the percentage of matched
keywords from the generated keyword set relative to the total unique keywords in the report.
In the Text-Based Strategy, the generated keyword set is searched directly within the report
text, with matching words or phrases highlighted. The coverage ratio is then computed as the
proportion of the total character length of matched words or phrases to the total character length
of the report.

Set Total Number of Images Keyword-Based Cover Ratio  Text-Based Cover Ratio
Dataset 1: IU X-Ray
Test Set 589 57.53% 54.61%
Validation Set 295 56.33% 53.54%
Dataset 2: MIMIC-CXR
Test Set 3,858 59.20% 56.26%
Validation Set 2,123 64.13% 63.50%
:

3000 /
I g \‘”“"I“ll\"[‘m""lllIII|||||||[II"\'"II

Figure 25. Pareto chart illustrating the keyword distribution in the IU X-Ray dataset. Blue bars
represent the frequency of each keyword in the training set, while the orange line indicates the
cumulative frequency ratio from the most frequent keyword to the current keyword compared
with the total frequency of keyword.
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Figure 26. Pareto chart illustrating the keyword distribution in the MIMIC-CXR dataset. Blue
bars represent the frequency of each keyword in the training set, while the orange line indicates
the cumulative frequency ratio from the most frequent keyword to the current keyword
compared with the total frequency of keyword.

4.5 Quantitative Analysis of Radiology Report Generation

We conducted a quantitative analysis of radiology report generation to compare the
performance of our proposed framework with state-of-the-art (SOTA) methods. The results

are summarized in Table 6 for the IU X-Ray test set and Table 7 for the MIMIC-CXR test set.

Our deep learning framework consistently outperforms SOTA approaches across all
evaluation metrics on both datasets. Specifically, on the IU X-Ray dataset, our method
achieves significant performance improvements compared to the best metrics reported by
other methods: a 23.9% increase in BLEU-1 (0.719 vs. 0.580), a 59.8% increase in BLEU-2
(0.625 vs. 0.391), a 76.2% increase in BLEU-3 (0.564 vs. 0.320), a 92.9% increase in BLEU-
4 (0.521 vs. 0.270), a 12.6% increase in ROUGE-L (0.639 vs. 0.567), a 12.5% increase in

METEOR (0.386 vs. 0.343), and an 83.8\% increase in CIDEr (1.274 vs. 0.693).
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Similarly, on the MIMIC-CXR dataset, our framework demonstrates substantial gains: a 32.1%
increase in BLEU-1 (0.559 vs. 0.423), a 63.6% increase in BLEU-2 (0.437 vs. 0.267), a 90.8%
increase in BLEU-3 (0.355 vs. 0.186), a 75.5% increase in BLEU-4 (0.295 vs. 0.168), a 49.8%
increase in ROUGE-L (0.469 vs. 0.313), a 5.9% increase in METEOR (0.284 vs. 0.268), and
a 78.0% increase in CIDEr (1.996 vs. 1.121). For the MIMIC-CXR dataset, we also apply the
Clinical Evaluation metrics which is shown in Table 8 and Table 9 and it gets the performance
increasing: a 47.57\% in Precision of ChexPert (0.7448 vs. 0.5047), a 11.46\% in Recall of
ChexPert (0.6610 vs. 0.593),a 39.24\% in F1 Score of ChexPert (0.7004 vs. 0.503), a 35.60\%
in entity F1 of RadGraph (0.5980 vs. 0.441) and a 8.47\% in relation F1 of RadGraph (0.3840

vs. 0.354).

Notably, the most significant improvements are observed in stricter metrics, such as BLEU-4
and CIDEr. These metrics emphasize precise and contextually relevant information in the
generated reports, highlighting the effectiveness of our keyword-based mechanism. The
results suggest that our framework excels in generating reports that are not only informative

but also linguistically fluent and clinically coherent.

The superior performance achieved by our framework is attributed to the integration of
Automatic Keyword Adaptation and Frequency-Based Multi-Label Classification, which
effectively enhance the alignment between extracted keywords and the content of the
generated reports. This synergy ensures that our method produces high-quality radiology

reports that surpass existing approaches in terms of both accuracy and interpretability.
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Table 6. Performance comparison between the proposed method and other state-of-the-art
radiology report generation methods on the U X-Ray dataset. For most methods, the results
are cited directly from their respective publications, presented under "Paper Report
Performance.” Additionally, two classic radiology report generation methods were re-trained,
with their results reported under "Re-Train Performance.” The performance of the proposed
method is reported as meanzstandard deviation, and results from re-training and the proposed
pipeline are presented with precision up to four decimal places. For "Paper Report
Performance,"” the decimal places are retained as reported in the original publications. A "/" in
the performance metrics indicates that the corresponding metric was not reported in the original

paper.

Waork Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr
Paper Report Performance

Jing et al. (2017) 0.517 0.386 0.306 0.247 0.447 0.217 0.327
Kue et al. (2018) 0.464 0.358 0.27 0.195 0.366 0.274 !
Harzig et al. (2019) 0.373 0.246 0.175 0.126 0.315 0.163 0.359
Xie et al. (2019) 0.443 0.337 0.236 0.181 0.347 / 0.374
Yuan et al. (2019) 0.529 0.372 0.315 0.255 0.453 0.343 !

Li et al. (2019) 0.482 0.325 0.226 0.162 0.339 / 0.28
Jing et al. (2019) 0.464 0.301 0.21 0.154 0.362 / 0.275
Chen et al. (2020b) 0.47 0.304 0.219 0.165 0.371 0.187 /
Zhang et al. (2020b) 0.441 0.291 0.203 0.147 0.367 / 0.304
Wang et al. (2021) 0.487 0.346 0.27 0.208 0.359 / 0.452
Alfarghaly et al. (2021) 0.387 0.245 0.166 0.111 0.289 0.164 0.257
Liu et al. (2021b) 0.492 0.314 0.222 0.169 0.381 0.193 /

Liu et al. (2021a) 0.483 0.315 0.224 0.168 0.376 0.19 0.351
Yang et al. (2021b) 0.496 0.327 0.238 0.173 0.381 / 0.382
Nooralahzadeh et al. (2021) 0.486 0.317 0.232 0.173 0.39 0.192 !
Yang et al. (2021a) 0.497 0.319 0.23 0.174 0.399 / 0.407
Zhou et al. (2021) 0.536 0.391 0.314 0.252 0.448 0.228 0.339
Li et al. (2022) 0.467 0.334 0.261 0.215 0.415 0.201 !
You et al. (2022a) 0.484 0.313 0.225 0.173 0.379 0.204 /
Wang et al. (2022b) 0.505 0.34 0.247 0.188 0.382 0.208 /
Sirshar et al. (2022) 0.58 0.342 0.263 0.155 / / /
Yan et al. (2022b) / / 0.256 / 0.341 / 0.38
Wang et al. (2022d) 0.496 0.319 0.241 0.175 0.377 / 0.449
Yu and Zhang (2022) 0.457 0.305 0.216 0.171 0.391 / 0.426
Chen et al. (2022) 0.475 0.309 0.222 0.17 0.375 0.191 !
Wang et al. (2022a) 0.525 0.357 0.262 0.199 0.411 022 0.359
Nicolson et al. (2022) 0.4732 0.3039 0.2242 0.1754 0.3758 0.1997 0.6935
Delbrouck et al. (2022) ! / ! 0.121 0.306 / f
You et al. (2022b) 0.479 0.319 0.222 0.174 0.377 0.193 !

Wu et al. (2022) 0.458 0.324 0.238 0.18 0.369 0.206 0.287
Yan et al. (2022a) 0.482 0.313 0.232 0.181 0.381 0.203 0.735
Wang et al. (2022c) 0.45 0.301 0.213 0.158 0.384 / 0.34
Qin and Song (2022) 0.494 0.321 0.235 0.181 0.334 0.201 !
Tanwani et al. (2022) 0.58 0.44 0.32 0.27 / / f
Wang et al. (2023a) 0.505 0.345 0.243 0.176 0.396 0.205 !
Kong et al. (2022) 0.484 0.333 0.238 0.175 0.415 0.207 !

Li et al. (2023a) / / / 0.163 0.383 0.193 0.586
Yang et al. (2021c) 0.478 0.344 0.245 0.18 0.398 / 0.439
Kale et al. (2023a) 0.423 0.256 0.194 0.165 0.444 0.15 !
Huang et al. (2023) 0.525 0.36 0.251 0.185 0.409 0.242 !
Wang et al. (2023b) 0.483 0.322 0.228 0.172 0.38 0.192 0.435
Hou et al. (2023) 0.51 0.346 0.255 0.195 0.399 0.20 !
Wang et al. (2023c) 0.488 0.316 0.228 0.173 0.377 0.211 0.438
Kale et al. (2023b) 0.402 0.322 0.285 0.17 0.567 0.455 0.473
Li et al. (2023b) 0.53 0.365 0.263 0.2 0.405 0.218 0.501
Mohsan et al. (2022) 0.532 0.344 0.233 0.158 0.387 0.218 0.5
Chen et al. (2023) 0.505 0.334 0.245 0.19 0.394 0.21 0.592
Zhang et al. (2023a) 0.482 0.31 0.221 0.165 0.377 0.195 !

Liu et al. (2024) 0.499 0.323 0.238 0.184 0.39 0.208 !
Zhou et al. (2024) / / / 0.208 0.387 0.216 /

Yi et al. (2024a) 0.5 0.349 0.256 0.194 0.402 0.218 !
Parres et al. (2024) ! / ! 0.149 0.341 f

Yi et al. (2024b) 0.539 0.380 0.278 0.210 0.416 0.223 !
Re-Train Performance

R2Gen (Chen et al. (2020b)) 0.4514 0.2988 0.2163 0.1631 0.3377 0.201 0.5988
Cvt2Distgen? (Nicolson et al. (2022))  0.4182 0.2758 0.2037 0.1594 0.3315 0.1923 0.6784
Our Performance 0.7190+£0.2101  0.6250+0.2713  0.5645+0.3057 0.5215+0.3376 0.6392+0.2554 0.3861+0.2218 3.2749+1.01006
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Table 7. Performance comparison between the proposed method and other state-of-the-art
radiology report generation methods on the MIMIC-CXR dataset. For most methods, the
results are cited directly from their respective publications, presented under "Paper Report
Performance.” Additionally, two classic radiology report generation methods were re-trained,
with their results reported under "Re-Train Performance.” The performance of the proposed
method is reported as meanzstandard deviation, and results from re-training and the proposed
pipeline are presented with precision up to four decimal places. For "Paper Report
Performance,"” the decimal places are retained as reported in the original publications. A "/" in
the performance metrics indicates that the corresponding metric was not reported in the original

paper.

Work Bleu-1 Bleu-2 Bleu-3 Eleu-4 ROUGE-L METEOR CIDEr
Paper Report Performance

Chen et al. (2020b) 0.353 0.218 0.145 0.103 0.277 0.142 /

Liu et al. (2021b) 0.35 0.219 0.152 0.109 0.283 0.151 /

Liu et al. (2021a) 0.36 0.224 0.149 0.106 0.284 0.149 0.237
Yang et al. (2021b) 0.363 0.228 0.156 0.115 0.284 / 0.203
MNooralahzadeh et al. (2021) 0.378 0.232 0.154 0.107 0.272 0.145 /
Yang et al. (2021a) 0.386 0.237 0.157 0.111 0.274 / 0.111
Hou et al. (2021) 0.232 / / / 0.24 0.101 0.493
Zhou et al. (2021) 0.372 0.241 0.168 0.123 0.335 0.19 1121
Yan et al. (2021) 0.373 / / 0.107 0.274 0.144 /
Wang et al. (2022¢) 0.413 0.266 0.186 0.136 0.298 0.17 0.429
You et al. (2022a) 0.378 0.235 0.156 0.112 0.283 0.158 /
Wang et al. (2022b) 0.395 0.253 0.17 0.121 0.284 0.147 /

Yan et al. (2022b) / / 0.145 / 0.225 / 0.16
Wang et al. (2022d) 0.351 0.223 0.157 0.118 0.287 / 0.281
Yu and Zhang (2022) 0.347 0.235 0.149 0.106 0.28 / 0.552
Chen et al. (2022) 0.353 0.218 0.148 0.106 0.278 0.142 /
Wang et al. (2022a) 0.344 0.215 0.146 0.105 0.279 0.138 /
Nishino et al. {2022) / / / 0.168 0.122 / /
Nicolson et al. (2022) 0.3028 0.2478 0.1713 0.1267 0.2863 0.1545 0.3892
Delbrouck et al. (2022) / / / 0.116 0.259 / /

Wu et al. (2022) 0.34 0.212 0.145 0.103 0.27 0.139 0.109
Serra et al. (2022) 0.363 0.245 0.178 0.136 0.313 0.161 /

Yan et al. (2022a) 0.356 0.222 0.151 0.111 0.28 0.14 0.154
Qin and Song (2022) 0.381 0.232 0.155 0.109 0.287 0.151 /
Wang et al. (2023a) 0.363 0.235 0.164 0.118 0.301 0.136 /
Kong et al. (2022) 0.423 0.261 0171 0.116 0.286 0.168 /

Li et al. (2023a) / / / 0.109 0.284 0.15 0.281
Tanida et al. (2023) 0.373 0.249 0.175 0.126 0.264 0.168 0.495
Yang et al. (2021c) 0.362 0.251 0.188 0.143 0.326 / 0.273
Huang et al. (2023) 0.303 0.243 0.159 0.113 0.285 0.16 /
Wang et al. (2023b) 0.386 0.25 0.169 0.124 0.201 0.152 0.362
Hou et al. (2023) 0.407 0.256 0.172 0.123 0.293 0.162 /
Wang et al. (2023c) 0.411 0.267 0.186 0.134 0.297 0.16 0.269
Kale et al. (2023b) 0.253 0.188 0.169 0.163 0.348 0.268 0.331
Li et al. (2023b) 0.363 0.229 0.158 0.107 0.289 0.157 0.246
Chen et al. (2023) 0.4 0.245 0.165 0.119 0.28 0.15 0.19
Zhang et al. (2023a) 0.362 0.229 0.157 0.113 0.284 0.153 /

Liu et al. (2024) 0.402 0.262 0.18 0.128 0.201 0.175 /
Zhou et al. (2024) / / / 0.122 0.296 0.165 /

Yi et al. (2024a) 0.308 0.248 0.169 0.121 0.281 0.149 /
Parres et al. (2024) / / / 0.116 0.265 / /
Zhang et al. (2024) 0.301 0.258 0.182 0.129 0.282 0.175 0.526
Yi et al. (2024b) 0.400 0.253 0171 0.120 0.296 0.154 /
Re-Train Performance

R2Gen (Chen et al. (2020b)) 0.3058 0.1834 0.1221 0.0868 0.2386 0.1299 0.1466
Cvt2Distgen2 (Micalson et al. (2022))  0.2952 0.1839 0.1263 0.0927 0.2473 0.1308 0.1814
Our Performance 0.5500+0.1607 0.4379+0.1736 0.3557+0.1824 0.2953+0.1958 0.4699+0.1687 0.2842+0.1018 1.9964+1.4518
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Table 8. Performance comparison between the proposed method and other state-of-the-
art radiology report generation methods on the MIMIC-CXR dataset for the Clinical
Evaluation (CE) Metrics in CheXpert Label Accuracy. For most methods, the results are
cited directly from their respective publications, presented under "Paper Report
Performance.” Additionally, two classic radiology report generation methods were re-
trained, with their results reported under "Re-Train Performance.” The performance of
the proposed method is reported as meanz+standard deviation, and results from re-training
and the proposed pipeline are presented with precision up to four decimal places. For
"Paper Report Performance," the decimal places are retained as reported in the original
publications. A "/" in the performance metrics indicates that the corresponding metric
was not reported in the original paper.

Work Precision Recall F1 Score
Paper Report Performance

Chen et al. (QDZDb} 0.333 0.273 0.276
Liu et al. (2021b) 0.352 0.298 0.303
Yang et al. (2021b) 0.458 0.348 0.371
Nooralahzadeh et al. (2021) 0.240 0.428 0.308
Yang et al. (2021a) 0.420 0.339 0.352
Yu and Zhang (2022) 0.447 0.593 0.503
Chen et al. (2022) 0.334 0.275 0.278
Nicolson et al. (2022) 0.367 0.418 0.391
Serra et al. (2022) 0.428 0.459 0.443
Yan et al. (2022a) 0.353 0.310 0.297
Qin and Song (2022) 0.342 0.294 0.292
Kong et al. (2022) 0.482 0.563 0.519
Tanida et al. (2023) 0.461 0.475 0.447
Huang et al. (2023) 0.371 0.318 0.321
Wang et al. (2023b) 0.364 0.309 0.311
Hou et al. (2023] 0.416 0.418 0.385
Wang et al. (2023c) 0.392 0.387 0.389
Chen et al. (2023) 0.489 0.340 0.401
Zhang et al. (2023a) 0.38 0.342 0.335
Liu et al. (2024) 0.465 0.482 0.473
Yi et al. (20243) 0.319 0.509 0.393
Zhang et al. (2024} 0.486 0.493 0.462
Yi et al. (2024b} 0.392 0.335 0.342

Re-Train Performance
R2Gen (Chen et al. (ZDZDb}) 0.5047+0.2413 0.3838+0.2109 0.4361+0.2094
Cvt2Distgen2(Nicolson et al. (2022)] 0.4627+0.2310 0.3423+0.2566 0.3935+0.2280

Our Performance 0.7448+0.1215 0.6610+0.1820 0.7004+0.1513
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Table 9. Performance comparison between the proposed method and other state-of-the-
art radiology report generation methods on the MIMIC-CXR dataset for the Clinical
Evaluation (CE) Metrics in RadGraph F1. For most methods, the results are cited directly
from their respective publications, presented under "Paper Report Performance."
Additionally, two classic radiology report generation methods were re-trained, with their
results reported under "Re-Train Performance." The performance of the proposed method
is reported as meanz+standard deviation, and results from re-training and the proposed
pipeline are presented with precision up to four decimal places. For "Paper Report
Performance," the decimal places are retained as reported in the original publications. A
"I" in the performance metrics indicates that the corresponding metric was not reported in
the original paper.

Work RadGraph entity F1  RadGraph relation F1
Paper Report Performance

Delbrouck et al. (2022) 0.441 0.2909

Parres et al. (2024) / 0.354

Re-Train Performance

R2Gen (Chen et al. (2020b)) 0.2545+0.1395 0.1096+0.1248
Cvt2Distgen2(Micolson et al. (2022))  0.2497+0.1494 0.1056+0.1279

Our Performance 0.5980+0.1651 0.3840+0.2106

4.6 Qualitative Analysis of Radiology Report Generation

In addition to the quantitative evaluation of radiology report generation, we present qualitative
examples to illustrate the performance of our framework and compare it with state-of-the-art
(SOTA) methods. To facilitate a comprehensive comparison, we selected high-performing
SOTA methods and generate their radiology reports using their publicly available source code.
The generated reports were compared with those produced by our framework, with key
information (predicted keywords) highlighted in both the ground-truth and generated reports
for reference. The results are visualized in Figure 27 for the IU X-Ray dataset and Figure 28

for the MIMIC-CXR dataset.

The visualizations demonstrate that our framework, enabled by the integration of Automatic
Keyword Adaptation and Frequency-Based Multi-Label Classification, produces reports that

effectively capture the most relevant information associated with the radiology images. For
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instance, in Sample 1 of the IU X-Ray dataset, our framework identified and incorporated

keywords such as "pneumothorax,” "vasculature,” "effusion,” and "granuloma,” while in

Sample 2 of the MIMIC-CXR dataset, it highlighted terms like "consolidation,” "atelectasis,"

"engorged,” "enlargement,” and "aorta.” These keywords were accurately integrated into the

generated reports, ensuring that they align with the clinical findings presented in the images.

Moreover, the reports generated by our framework exhibit a structure and clarity similar to the
ground-truth reports. This structural consistency enhances readability and aligns with the
expectations of clinical documentation. The ability to maintain such structural integrity is
attributed to the utilization of the keyword-based mechanism, which replaces traditional black-

box features in computer vision with interpretable and clinically relevant keywords.

The superior performance of our framework can also be attributed to the generative
capabilities of the large language model. By leveraging keywords as inputs instead of relying
solely on text decoders and non-explainable features, the framework produces high-quality
reports that are both accurate and interpretable. Unlike existing SOTA methods, which often
generate reports directly from extracted features in an unexplainable manner, our approach
integrates explainable keyword lists to ensure that the generated reports are clinically

meaningful and reflective of key information.

These results confirm that the integration of explainable keyword mechanisms with large
language models offers a robust and interpretable solution for radiology report generation,

producing reports that are both structurally coherent and clinically relevant.
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Gpacly and bibacal ataleciasis of scariing, Thare is
o piewral eflasion or proumlherax. 3 gt apical
calcified granuloms roted

There is minimal scarring within the left
lung base. The lungs are otherwise clear.
Heart size is normal. No pneumatharax.

Precicted Keywords in raport

granuloma, atalectasis, scaming,
preumothorax, calcified, right chest,
apical, vasculature, lungs, opacity,
lateral, patchy, na, effusion

scarring, dlear, heart, pneumatharax,
lungs, base, no, normal, left, lung,
minimal

Our proposed method

Paichy rignt apical pleural affusion. Mo
pneumotharzs. Fontal ard aterl views o e
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cardac sincuette. Normel mediastinal contour,
oulmanary X)00¢ and vas scusure, ce«m\ airways
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Iheright apical region. N p\cummmwn o
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Minimal scarring in the left lung base.
No pneumotharax. Heart size is normal.
Lungs are clear.

the lungs are clear bilaterally. specifically
no evidence of focal cansalidation
eumothorax or pleural effusion. cardio
mediastinal silhoLette is unremarkable.
visualized DSSBOUS StruCturas of the
thorax are without acute abnormaitty.

the cardiomediastinal sihauette and
puimonary vasculature are within normal
limits in size. the lungs are clear of focal
airspace disease pneumathorax or pleural
effusion, there are no acute bony findings.

‘State o the art Methodi: Crizbistgen (Oficial Chickpoin)

State of the art Method: RGen (Cficial Creckgoini]

the heart size and pulmonary vascularity
‘appear within normal limits . the lungs
are free of focal airspace disease . no
pleural effusion or pneumothorax is seen

the cardiomediastinal silhouetia and

puimonary vasculature are within normal
|\l‘“\(5 insize . the lungs are clear of focal
airspace disease pneumothorax or
pleural effusian . there are no acute bany
finglings
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Figure 27. Visualization of results generated by the proposed framework compared to two
state-of-the-art methods using their official checkpoints on the 1U X-Ray dataset. In the
reference reports and our generated reports, keywords predicted by our multi-label
classification are highlighted in blue. The keywords in red are not shown in the generated
radiology report by our framework because it is not forced to contain in the generated reports
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Figure 28. Visualization of results generated by the proposed framework compared to two
state-of-the-art methods using their official checkpoints on the MIMIC-CXR dataset. In the
reference reports and our generated reports, keywords predicted by our multi-label
classification are highlighted in blue.
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4.7  Ablation Study

4.7.1 Performance of Multi-Label Classification Across Network Architectures

As the link between chest radiology images and their associated keywords, the accuracy
of the multi-label classification played a critical role in the overall performance of
radiology report generation. However, evaluating multi-label classification performance
was challenging due to the lack of ground truth annotations for keyword prediction in
the IU X-Ray and MIMIC-CXR datasets. To address this, we used the keywords
extracted by the automatic keyword adaptation mechanism as pseudo ground truth. This
allowed us to monitor classification performance and compare the impact of different

network architectures.

In addition to the ConvNeXt backbone used in our experiments, we evaluated the
performance of several alternative network architectures, including ResNeXt ([65]),
ResNet ([66]), VGG16 ([67]), EfficientNet ([68]), NASNet ([69]), Res2Net ([70]).
These networks were tested in the multi-label classification stage and subsequently in
radiology report generation, using the same large language model to ensure consistency.
As there is no directly comparable work on keyword extraction and prediction from
radiology reports, we focused on performance comparisons across network structures

and provide results for each frequency cluster.

The results of the multi-label classification are presented in Table 10 (IU X-Ray) and
Table 11 (MIMIC-CXR), while the corresponding performance in radiology report
generation is shown in Table 12 for both datasets. Our analysis indicated that ConvNeXt
achieves the highest performance on the 1U X-Ray dataset and competitive results on the

MIMIC-CXR dataset. Given the absence of ground truth in real-world medical
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scenarios, ConvNeXt emerged as a reasonable choice for the multi-label classification
subnetwork. Furthermore, the performance breakdown across frequency clusters reveals
that high-frequency keywords are generally predicted with greater accuracy than low-
frequency keywords, consistent with the observation that frequently occurring terms are

easier to predict.

We also evaluated radiology report generation using the keyword lists produced by each
network structure. The results confirm that ConvNeXt generates the highest-quality
radiology reports, further validating its suitability for the task. Additionally, sensitivity
and specificity in multi-label classification are shown to significantly impact report
generation performance. Accurate prediction of keywords (high sensitivity) and
minimizing incorrect predictions (high specificity) are essential for generating high-
quality reports. When incorrect or insufficient keywords are input into the language

model, the generated reports are of lower quality.

To optimize the framework, it is crucial to determine whether low sensitivity (fewer
correct keywords) or low specificity (more incorrect keywords) has a greater influence
on report generation quality. This distinction can guide prioritization in pipeline
optimization. Further investigation is needed to fully address this question, but our
findings emphasize the importance of achieving a balance between these factors to

ensure reliable and accurate radiology report generation.
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Table 10. Performance comparison of different networks for multi-label classification on the
IU X-Ray dataset. Results are reported as meanzstandard deviation with precision up to four
decimal places. Additionally, the average performance across all frequency clusters is
calculated and presented as a mean value for reference. The bolded "ConvNeXt" represents the
network configuration used in our proposed pipeline, serving as a baseline for comparison with

other state-of-the-art methods

Network Frequency Cluster Accuracy Sensitivity Specificity F1-Score MCC
ConvNeXt [10,100] 0.9967+0.0045 0.9078+0.2029  0.9974+0.0039 0.8490+0.2064 0.8562+0.2003
ConvNeXt [100,1000] 0.9917+0.0112  0.9220+0.2188 0.9939+0.0077 0.8572+0.2031 0.8625+0.1987
ConvNeXt [1000,10000] 0.9108+0.0721 0.9514+0.1031 0.8889+0.0715 0.8811+0.1016 0.8181+0.1508
ConvNeXt Average Performance 0.9664 0.9270 0.9601 0.8624 0.8456
ResNeXt [10,100] 0.9888+0.0116 0.5877+0.4604 0.9927+0.0106 0.4760+0.3991 0.4888+0.4038
ResNeXt [100,1000] 0.9672+0.0282 0.3678+0.4118 0.9905+0.0156 0.3570+0.3837 0.3584+0.3906
ResNeXt [1000,10000] 0.7862+0.1696  0.9692+0.1033 0.6866+0.2400 0.7706+0.1635 0.6395+0.2551
ResNeXt Average Performance 0.9141 0.6416 0.8899 0.5345 0.4956

ResNet [10,100] 0.7586+0.0063 0.4426+0.3205 0.7617+0.0032 0.0343+0.0268 0.0463+0.0717
ResNet [100,1000] 0.5873+0.0147 0.7311+0.2288 0.5830+0.0087 0.0963+0.0575 0.1045+0.0757
ResNet [1000,10000] 0.6204+0.0675 0.8748+0.0811 0.4822+0.0525 0.6186+0.0876 0.3545+0.1234
ResNet Average Performance 0.6554 0.6828 0.6090 0.2497 0.1684

VGG16 [10,100] 0.7498+0.0273  0.6285+0.3044 0.7513+0.0271 0.0448+0.0245 0.0815+0.0643
VGG16 [100,1000] 0.5745+0.0696 0.8921+0.0767 0.3993+0.0493 0.5967+0.0866 0.3041+0.1249
VGG16 [1000‘1000()] 0.5745+0.0696 0.8921+0.0767 0.3993+0.0493 0.5967+0.0866 0.3041+0.1249
VGG16 Average Performance 0.6330 0.7564 0.5734 0.2455 0.1631
EfficientNet  [10,100] 0.5771+0.0208 0.7590+0.2982 0.5713+0.0122 0.1089+0.0728 0.1141+0.1001
EfficientNet  [100,1000] 0.7907+0.0644 0.9531+0.1558 0.7851+0.0674 0.2139+0.1019 0.2903+0.1016

EfficientNet
EfficientNet

[1000,10000]
Average Performance

0.4775+0.0741
0.6151

0.9183+0.0689
0.8768

0.2308+0.0422
0.5291

0.5543+0.0855
0.2023

0.1860+0.1361
0.1968

NASNet [10,100] 0.7099+0.0911 0.6785+0.1437 0.7408+0.0879 0.6160+0.1377 0.3994+0.1984
NASNet [100,1000] 0.6897+0.0882 0.7980+0.2429 0.6868+0.0920 0.1314+0.0661 0.1674+0.0881
NASNet [1000,10000] 0.7346+0.0752  0.6249+0.1454 0.8022+0.0796 0.6214+0.1170 0.4276+0.1673
NASNet Average Performance 0.7114 0.7005 0.7432 0.4562 0.3314

Res2Net [10,100] 0.7280+0.0679 0.6667+0.1226 0.7671+0.0722 0.6318+0.1025 0.4240+0.1478
Res2Net [100,1000] 0.6014+0.0210 0.7260+0.3019  0.5978+0.0127 0.1100+0.0763 0.1124+0.1031
Res2Net [1000,10000] 0.7096+0.0652 0.6727+0.0974 0.7366+0.0608 0.6197+0.0980 0.3949+0.1409
Res2Net Average Performance 0.6797 0.6885 0.7005 0.4538 0.3104

78



Table 11. Performance comparison of different networks for multi-label classification on the
MIMIC-CXR dataset. Results are reported as meanzstandard deviation with precision up to
four decimal places. Additionally, the average performance across all frequency clusters is
calculated and presented as a mean value for reference. The bolded "ConvNeXt" represents the
network configuration used in our proposed pipeline, serving as a baseline for comparison with
other state-of-the-art methods.

Network Frequency Cluster Accuracy Sensitivity Specificity F1-Score MCC
ConvNeXt [10,100] 0.9920+0.0042 0.7745+0.2510 0.9943+0.0039 0.6166+0.2146 0.6379+0.2068
ConvNeXt [100,1000] 0.9896+0.0067 0.4036+0.4123 0.9943+0.0052 0.3303+0.3202 0.3449+0.3422
ConvNeXt [1000,10000] 0.9450+0.0252 0.4598+0.2993 0.9616+0.0214 0.3281+0.2044 0.3253+0.2181
ConvNeXt [10000,100000] 0.7349+0.0716  0.5293+0.2120 0.7713+0.0748 0.3537+0.1437  0.2333+0.1669
ConvNeXt [100000+] 0.6764+0.2196 0.8142+0.3013 0.5294+0.3905 0.6812+0.2714  0.2743+0.4250
ConvNeXt Average Performance 0.8676 0.5963 0.8502 0.4620 0.3631
ResNeXt [10,100] 0.9270+0.0422  0.4005+0.4365 0.9563+0.0321 0.3257+0.3518 0.3062+0.3770
ResNeXt [100,1000] 0.9199+0.0338 0.2404+0.2903 0.9611+0.0264 0.2237+0.2489 0.1964+0.2681
ResNeXt [1000,10000] 0.9326+0.0267 0.2467+0.3512 0.9615+0.0183 0.1910+0.2498 0.1683+0.2712
ResNeXt [10000,100000] 0.8793+0.1537  0.3772+0.3453  0.9038+0.1675 0.2484+0.2244  0.2429+0.2462
ResNeXt [100000+] 0.9327+0.0276  0.4141+0.3035 0.9628+0.0179 0.3651+0.2403  0.3424+0.2540
ResMeXt Average Performance  0.9183 0.3358 0.9491 0.2708 0.2512

ResNet [10,100] 0.9786+0.0189 0.0320+0.1519 0.9878+0.0180 0.0161+0.0750 0.0122+0.0844
ResNet [100,1000] 0.55610+0.2712  0.5849+0.4168 0.5511+0.2893 0.0865+0.0866 0.0492+0.1508
ResNet [1000,10000] 0.5207+0.1976  0.7319+0.2175 0.4072+0.2698 0.5238+0.1811 0.1303+0.3690
ResNet [10000,100000] 0.5226+0.1423  0.6777+0.2385 0.4372+0.2156 0.4928+0.1664 0.1185+0.2687
ResNet [100000+] 0.5812+0.2338  0.9810+0.1054 0.1600+0.3175 0.6873+0.2082 0.0639+0.2118
ResMNet Average Performance  0.6308 0.6015 0.5087 0.3613 0.0748

VGG16 [10,100] 0.9474+0.0284 0.0911+0.2520 0.9931+0.0165 0.0885+0.2378 0.0857+0.2442
VGG16 [100,1000] 0.9243+0.0371 0.3762+0.3910 0.9687+0.0290 0.3370+0.3307 0.3161+0.3434
VGG16 [1000,10000] 0.9724+0.0249  0.3575+0.2386  0.9961+0.0065 0.4750+0.2981 0.4996+0.3201
VGG16 [10000,100000] 0.9595+0.0247  0.3820+0.2395 0.9933+0.0112 0.4911+0.2533 0.5180+0.2709
VGG16 [100000+] 0.9475+0.0244  0.4195+0.3397 0.9691+0.0170 0.3450+0.2549 0.3361+0.2727
VGG16 Average Performance  0.9502 0.3253 0.9841 0.3473 0.3511
EfficientNet  [10,100] 0.3351+0.2945 0.6354+0.4489 0.3321+0.2998 0.0197+0.0229 0.0088+0.0974
EfficientNet  [100,1000] 0.5481+0.0810 0.4881+0.4030 0.5504+0.0831 0.0702+0.0649 0.0133+0.1354
EfficientNet  [1000,10000] 0.3764+0.1092  0.9632+0.1539 0.0420+0.1416 0.5149+0.1270 0.0087+0.0946
EfficientNet  [10000,100000] 0.7566+0.1122  0.6925+0.2181 0.7976+0.1102 0.6547+0.1879 0.4803+0.2577
EfficientNet  [100000+] 0.8942+0.0369 0.7125+0.3557 0.9052+0.0287 0.3846+0.2205 0.3934+0.2420
EfficientNet  Average Performance 0.5821 0.6983 0.5255 0.3288 0.1774
NASNet [10,100] 0.9006+0.0781 0.1789+0.3504 0.9074+0.0794 0.0314+0.0743 0.0293+0.1094
NASNet [100,1000] 0.5848+0.2750  0.4076+0.4199 0.5920+0.2942 0.0757+0.1251 0.0103+0.1804
NASNet [1000,10000] 0.5840+0.1277  0.6231+0.2059 0.5634+0.1472 0.5081+0.1691 0.1808+0.2629
NASNet [10000,100000] 0.7117+0.1012  0.6415+0.1834 0.7633+0.1010 0.6021+0.1556 0.3918+0.2261
NASNet [100000+] 0.9020+0.0254  0.7494+0.2998 0.9090+0.0220 0.3465+0.1603  0.3758+0.1752
NASMNet Average Performance  0.7366 0.5201 0.7470 0.3128 0.1976
Res2Met [10,100] 0.9360+0.0465 0.1200+0.2059  0.9440+0.0478 0.0235+0.0596 0.0206+0.0914
Res2Met [100,1000] 0.6378+0.3871 0.3514+0.4504 0.6481+0.4158 0.0449+0.0972 0.0434+0.1590
Res2Met [1000,10000] 0.5090+0.1638 0.6685+0.2054 0.4207+0.2780 0.4880+0.1484 0.0735+0.2964
Res2Met [10000,100000] 0.6024+0.1261 0.8840+0.1906 0.4416+0.1795 0.6039+0.1540 0.3430+0.2169
Res2Met [100000+] 0.9474+0.0368 0.6511+0.3107 0.9729+0.0255 0.6295+0.2728 0.6187+0.2852
Res2Met Average Performance  0.7265 0.5350 0.6854 0.3580 0.2111
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Table 12. Performance comparison of different networks for radiology report generation on the
IU X-Ray and MIMIC-CXR datasets. Results are presented as meanzstandard deviation with
precision up to four decimal places. The bolded "ConvNeXt" denotes the network
configuration used in our proposed pipeline, serving as a baseline for comparison with other
state-of-the-art methods.

Setting Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr

IU X-Ray Test set

ConvNeXt 0.7190+0.2101 0.6250+0.2713  0.5645+0.3057 0.5215+0.3376 0.6392+0.2554 0.3861+0.2218 3.2749+3.0106
ResMeXt 0.4802+0.1282 0.4299+0.1599 0.3965+0.1831 0.3718+0.2032 0.4484+0.1561 0.2732+0.1366 2.4615+1.9166
ResMet 0.2453+0.0655 0.2196+0.0817 0.2025+0.0935 0.1899+0.1038 0.2201+0.0698 0.139540.0797 1.2674+0.9790
VGG16 0.3170+0.0846 0.2838£0.1055 0.2617+0.1209 0.2454+0.1341 0.2960+0.0902 0.1803£0.1030 1.6250£1.2653
EfficientMNet 0.1803+0.0481 0.1614+0.0600 0.1488+0.0687 0.1396+0.0763 0.1684+0.0513 0.1026+0.0586 0.9241+0.7196
NASNet 0.2332+0.0622 0.2088£0.0776 0.1925+0.0880 0.1805£0.0986 0.2177+0.0663 0.1326£0.0758 1.1952+0.9306
Res2Met 0.21444+0.05672 0.1920+0.0714 0.1770+0.0817 0.1660+0.0907 0.2002+0.0610 0.122040.0697  1.0990+0.8557
MIMIC-CXR Test set

ConvNeXt 0.5599+0.1607 0.4379+0.1736 0.3557+0.1824 0.2953+0.1956 0.4699+0.1687 0.2842+0.1018 1.9964+1.4518
ResMeXt 0.3557+0.1001 0.2775+0.1081 0.2247+0.1133 0.1860+0.1209 0.2945+0.1044 0.1795+0.0629 0.6221+0.9035
ResMet 0.3415+0.0961 0.2664+0.1038 0.2157+0.1088 0.1785+0.1161 0.2827+0.1002 0.1724+0.0604 0.5972+0.8673
VGG16 0.3572+0.1006 0.2787+0.1086 0.2256+0.1138 0.1868+0.1214 0.2957+0.1048 0.1803+0.0632 0.6247+0.9073
EfficientMNet 0.4096+0.1153 0.3195+0.1245 0.2587+0.1304 0.2141+0.1392 0.3391+0.1202 0.2067+0.0725 0.7163+1.0403
NASNet 0.4336+0.1221  0.3383+0.1318 0.2739+0.1381 0.2267+0.1474 0.3590+£0.1272 0.2189+0.0767 0.7584+1.1014
Res2Met 0.4093+0.1152 0.3193+0.1244 (0.2585+0.1303 0.2140+0.1391 0.3388+0.1201 0.206640.0724 0.7157+1.0395

4.7.2 Influence of Keyword Numbers and the Combination of High- and Low-

Frequency Keywords on Radiology Report Generation Performance

The automatic keyword adaptation mechanism enables the division of keywords into
frequency clusters, ranging from low to high. When integrating multi-label classification
and radiology report generation, the performance of low-frequency keywords can
significantly influence the quality of the generated reports, as missing critical information
or introducing incorrect keywords may degrade the results. To analyze this effect, we
examined the impact of frequency-based multi-label classification on both high- and low-

frequency keywords, as well as their connection to radiology report generation.

To this end, we designed experiments that selectively activate specific keyword clusters
and generate radiology reports using only the corresponding keywords. First, we
validated the generated reports using single clusters. Then, we extended the experiments

to mixed clusters by combining specific frequency ranges to generate the corresponding
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reports. During these experiments, thresholds for keyword list fusion may vary based on
the number of active keyword clusters, and the final keyword list may differ from the full
version generated by our multi-label classification. Consequently, some keywords unique

to this ablation study may appear in the generated reports.

We used the same training settings as in the original experiments and leveraged pre-
trained language model checkpoints to reduce computational cost. This ensured that the
radiology report generation process remains comparable with state-of-the-art (SOTA)
methods. Given the larger number of clusters in the MIMIC-CXR dataset compared to
the IU X-Ray dataset, we simplified the cluster combinations for MIMIC-CXR, treating
[10,100], [100,1000], and [1000,10,000] as the low-frequency cluster for consistency

with 1IU X-Ray.

The evaluation results for different clusters are presented in Table 13 (IU X-Ray) and
Table 14 (MIMIC-CXR), with visualized examples of the generated reports and their

corresponding keywords shown in Figure 29 (1U X-Ray) and Figure 30 (MIMIC-CXR).

The results revealed distinct trends between the datasets. For the IU X-Ray dataset with
three clusters, the general observation was that high-frequency keywords yielded better
radiology report accuracy compared to low-frequency keywords, even when the latter
included more keywords. Specifically, although the clusters [10,100] and [100,1000]
contained more keywords than [1000,10,000], the latter achieved higher performance,
likely due to the higher quality of multi-label classification in the high-frequency cluster.
Visualization of the generated reports confirmed that high-frequency clusters included
more relevant information, resulting in superior report quality. This trend extended to
mixed clusters, where combining multiple clusters generally improved performance

compared to individual clusters.
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However, this pattern did not hold for the MIMIC-CXR dataset. In this case, the highest-
frequency cluster [100,000+] demonstrated lower performance. Analysis of the reports

generated by this cluster revealed that it contained only five keywords, making it

challenging to produce high-quality reports with such limited information. These findings

indicated that while high-frequency keywords provided general information, low-
frequency keywords were essential for capturing rare but clinically significant details.
The mixed-cluster results for MIMIC-CXR supported this modified rule: although the
individual performance of [10,100], [100,1000], and [1000,10,000] was lower, their
combined performance was competitive, and further improvement was observed when

including the [100,000+] cluster.

This analysis highlighted a key optimization insight: while individual low-frequency
clusters performed poorly, combining them with high-frequency clusters significantly
enhanced overall performance. This suggested a potential avenue for improving multi-
label classification by balancing high-frequency and low-frequency keywords to

maximize the quality of radiology report generation.

Table 13. Performance comparison of radiology report generation on the 1U X-Ray dataset
across different keyword clusters. Results are reported as mean * standard deviation with
precision up to four decimal places. The bolded "Cluster All Keywords" represents the
configuration used in our proposed pipeline, serving as a baseline for comparison with other

state-of-the-art methods.

Setting Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr

IU X-Ray Test

Single Cluster

Cluster [10,100]
Cluster [100,1000]
Cluster [1000,10000]

0.0038+0.0552
0.1555+0.1520
0.4443+0.1833

0.0016+0.0300
0.0989+0.1151
0.3149+0.1824

0.0010+0.0189
0.0712+0.0974
0.2407+0.1889

0.0006+0.0110
0.0532+0.0852
0.1913+0.1974

0.0702+0.0595
0.1859+0.1262
0.36454+0.1799

0.0238+0.0310
0.1008+0.0765
0.216240.1207

0.0141+0.0853
0.2240+0.4427
0.6171+1.0652

Mixed Cluster

Cluster [10,100]4[100,1000]
Cluster [10,100]+[1000,10000]
Cluster [100,1000]+[1000,10000]
Cluster All Keywords

0.2083+0.1654
0.4568+0.1799
0.5013+0.2028
0.7190+0.2101

0.1337+0.1284
0.3207+0.1798
0.3828+0.2381
0.6250+0.2713

0.0973+0.1081
0.2402+0.1833
0.3140+0.2633
0.5645+0.3057

0.0734+0.0036
0.1857+0.1881
0.2680+0.2811
0.521540.3376

0.2108+-0.1348
0.3686+0.1669
0.4331+0.2354
0.6392+0.2554

0.1146+0.0791
0.2161+0.1131
0.2729+0.1675
0.3861+0.2218

0.3006+0.4984
0.6073+1.0344
1.2750+2.1064
3.2749+3.0106
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Figure 29. Visualization of results generated by the proposed framework compared to two
state-of-the-art methods using their official checkpoints on the 1U X-Ray dataset. In the
reference reports and our generated reports, keywords predicted by our multi-label
classification are highlighted in blue.
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Table 14. Performance comparison of radiology report generation on the MIMIC-CXR dataset

across different keyword clusters. Results are presented as mean +
precision up to four decimal places. The bolded "Cluster All Keywords"

standard deviation with

represents the

configuration used in our proposed pipeline, serving as a baseline for comparison with other
state-of-the-art methods.

Setting

Bleu-1

Bleu-2 Bleu-3

Bleu-4 ROUGE-L

METEOR CIDEr

MIMIC-CXR Test

Single Cluster

Cluster [10,100]
Cluster [100.1000]

0.0849+0.0877
0.0280+0.0654

0.0442+0.0532
0.0159+0.0422

0.0251+0.0382
0.0098+0.0306

0.0143+0.0258
0.0060+0.0215

0.1428+0.0589
0.1138+0.0618

0.0530+0.0318
0.0416+0.0302

0.0109+0.0474
0.0075+0.0608

Cluster [1000,10000] 0.1912+40.1219  0.1110+0.0853 0.0676+0.0681 0.0439+0.0530 0.1841+0.0766 0.0948+0.0486 0.0733+0.1944
Cluster [10000,100000] 0.3442+40.1514 0.2260+0.1293  0.1573+0.1202 0.1133+0.1121 0.2841+0.1158 0.1727+0.0696 0.2703+0.6024
Cluster [100000+] 0.0403£0.0946  0.0256+0.0671 0.0177+0.0534 0.0127+0.0433 0.1699+0.0894 0.0618+0.0454 0.0116+0.0759
Mixed Cluster

Cluster {[10,100]+[100,1000]+[1000,10000]} 02516401239 0.1438+0.0016 00878:00778 0056600648 01950+£0.0785 0.1046£00522 01124103530
Cluster {[10,100]+[100,1000]+[1000,10000]}+[10000,100000]  0.3825+0.1549 0.2527+0.1216 0.1763£0.1070 0.1281+0.0980 0.2670+0.1099 0.1712+0.0787  0.1695+0.4255
Cluster {[10,100]+[100,1000]+[1000,10000] }+[100000+] 02811+0.1389 0.1680+0.1010 0.1075+0.0854 00702+0.0728 02171+0.0883 0.1174=00610 01206403657
Cluster [10000,100000]+[100000+] 04053£0.1535 02778+0.1390 0.2007+0.1327 01495101286 03172+0.1287 0.1923=00825 03079+0.6729
Cluster All Keywords 0.5599+0.1607 0.4379+0.1736 0.3557+0.1824 0.2953+0.1958 0.4699+0.1687 0.2842+0.1018 1.9964+1.4518
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Figure 30. Visualization of results generated by the proposed framework compared to two
state-of-the-art methods using their official checkpoints on the MIMIC-CXR dataset. In the
reference reports and our generated reports, keywords predicted by our multi-label
classification are highlighted in blue.
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4.7.3 Performance of Radiology Report Generation with Different Text-to-text

Large Language Models and Pretrained Materials

Large language models (LLMs), particularly Transformer-based architectures, are highly
effective in natural language processing tasks, including text generation, Al-based
chatting, and context-specific text creation. Given their robust capability to process
spatial and semantic information, these models hold significant potential for generating

radiology reports based on image-derived keywords.

However, balancing computational cost and performance is a critical challenge when
applying LLMs to radiology report generation. In medical settings, the availability of
large-scale computational resources, such as GPU clusters, is often limited, making it
impractical to train LLMSs from scratch. Consequently, identifying appropriately sized
LLMs and fine-tuning them using limited domain-specific data becomes essential to our

pipeline.

In our experiments, we employed a modified Text-to-Text Transformer (T5) model
([56]), a medium-sized LLM, and adopted the pretrained configuration of Clinical-T5
([57]) to initialize the model. To evaluate the impact of different text-to-text LLM
versions and pretrained settings, we compared the performance of the original T5 model
with its advanced variant Flan-T5 ([71]), as well as with larger text-to-text LLMs,

including BART ([72]) and Pegasus ([73]), provided by Microsoft and Google.

For pretrained materials, we tested two configurations: (1) checkpoints trained on
general language datasets provided by HuggingFace, and (2) checkpoints further
pretrained on medical domain materials. These pretrained checkpoints, sourced from

official repositories or re-implementations, allowed us to assess text-to-text LLM
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performance without the need for training from scratch. The evaluation results are

summarized in Table 15 (IU X-Ray) and Table 16 (MIMIC-CXR).

The results indicate that further pretraining on medical materials consistently enhances
performance compared to models trained only on general language datasets.
Additionally, the performance differences among various T5 model versions, including
Flan-T5, were minimal. This suggests that generating radiology reports based on
keyword inputs is not a particularly complex task for text-to-text LLMSs, and their
general architecture is sufficient to handle it effectively. The larger models, such as
BART and Pegasus, did not exhibit a significant advantage in this task, highlighting the

suitability of medium-sized models like T5 for this application.

These findings underscore the potential for deploying text-to-text LLMs tailored to
specific computational and performance requirements. In scenarios demanding high
performance, more complex models may be utilized, while in resource-constrained
environments, less complex models can achieve satisfactory results with minimal
performance degradation. This flexibility makes text-to-text LLMs a practical and
scalable choice for diverse medical applications, balancing computational efficiency

with clinical effectiveness.
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Table 15. Performance comparison of radiology report generation on the IU X-Ray dataset
across different text-to-text large language model versions and their pretraining materials.
Results are reported as mean + standard deviation with precision up to four decimal places.
Additionally, the trainable model parameters are provided to indicate the complexity of each
language model. The suffixes "-base” and "-small" denote the model size of the respective
versions.

Language Model  Pretrain Material ~ Trainable Model Parameters  Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr

T5-base General 222 M 0.6459+0.1808 0.5520+0.2157 0.4840+0.2425 0.4290+0.2946 0.5894+0.2294 0.3452+0.1619 1.5191+1.5254
T5-base Medical 22 M 0.6906+0.2187 0.6163+0.2683 0.5678+0.3050 0.5333+0.3357 0.6300+0.2717 0.3777+0.1973 2.8264+2.4610
Flan-T5-Small General 770M 0.6707+0.2112  0.6010+0.2594 0.5550+0.2957 0.5215+0.3248 0.6618+0.2618 0.3915+0.2064 3.1248+2.6836
Flan-T5-Small Medical T7.0M 0.6970+0.1818 0.6149+0.2353  0.5594+0.2755 0.5191+0.3087 0.6609+0.2405 0.4055+0.1880 3.0916+2.7142
Flan-T5-base General 24T M 0.6724+0.2287 0.5923+0.2757 05414103146 0.5064+0.3423 0.6158+0.2774 0.3579+0.2179 2.7875+2.6798
Flan-T5-base Medical 247 M 0.7141+0.1661 0.6107+0.2066 0.5362+0.2372 0.4766+0.2807 0.6412+0.2139 0.3807+0.1421 2.1922+1.9878
BART General 139 M 0.6750+0.1528 0.6023+0.1881 0.5486+0.2114 0.5042+0.2518 0.5914+0.2211 0.3747+0.1547 1.6933+0.9086
BART Medical 139 M 0.6958+0.1295 0.6089+0.1695 0.5458+0.1983 0.4949+0.2375 0.5905+0.2022 0.3834+0.1351 1.8835+1.0064
Pegasus General 212 M 0.6691+0.1886 0.5903+0.2272 0.5320+£0.2553 0.4840+0.2980 0.6452+0.2364 0.3717+0.1697 1.9380+1.8382
Pegasus Medical 212 M 0.7108+0.1685 0.6238+0.2094 05594+0.2382 0.5061+0.2744 0.6722+0.2224 0.4009+0.1502 2.3568+2.0371
Ours / 60.5 M 0.7190+0.2101  0.6250+0.2713  0.5645+0.3057 0.5215+0.3376 0.6392+0.2554 0.3861+0.2218 3.2749+3.0106

Table 16. Performance comparison of radiology report generation on the MIMIC-CXR dataset
across different text-to-text large language model versions and their pretraining materials.
Results are reported as mean + standard deviation with precision up to four decimal places.
Additionally, the trainable model parameters are provided to indicate the complexity of each
language model. The suffixes "-base” and "-small" denote the model size of the respective
versions.

Language Model Pretrain Material Trainable Model Parameters  Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr

T5-base General 222 M 04215+0.1831 0.3176+0.1810 0.2495+0.1816 0.2020+0.1813 0.3788+0.1710 0.2153+0.1136 0.6195+1.3788
T5-base Medical 22 M 0.5392+0.1728  0.4139+0.1839  0.3315+0.1918 0.2733+0.1971  0.4457+0.1777 0.2745+0.1126  1.1082+1.7353
Flan-T5-Small General 77Oo0M 0.4521+0.1720 0.3484+0.1722 0.2780+0.1726  0.2264+0.1823 0.4090+0.1613  0.2284+0.0997 0.5560+1.0986
Flan-T5-Small Medical 77O0M 0.5337+0.1713  0.4096+0.1814 0.3279+0.1895 0.2702+0.1947 0.4438+0.1784 0.2726+0.1110 1.0907+1.6834
Flan-T5-base General 247 M 0.4536+0.1703  0.3485+0.1702 0.2774+0.1710 0.2253+0.1806 0.4063+0.1606 0.2278+0.0993 0.5574+1.1004
Flan-T5-base Medical 24T M 0.5500+0.1657 0.4215+0.1788 0.3374+0.1882 0.2776+0.1940 0.4457+0.1741 0.2769+0.1107 1.1310+1.6780
BART General 139 M 0.4730+£0.1613  0.3571+0.1621 0.2800+0.1633 0.2246+0.1738 0.3945+0.1560 0.2292+0.0961 0.5461+1.0467
BART Medical 139 M 0.5223+0.2960 0.4245+0.3278 0.3458+0.3483 0.2864+0.3619 0.4501+0.3020 0.2753+0.2751 1.3830+3.4673
Pegasus General 212 M 0.4505+0.1706  0.3456+0.1700 0.2750+0.1703  0.2230+0.1797 0.4034+0.1583 0.2268+0.0093 0.5414+1.0983
Pegasus Medical 212 M 05538+0.1621 04329401727 0.3515+0.1798 0.2914+0.1916 0.4677+0.1635 0.2819:+0.1004 0.9722+14213
Ours / 60.5 M 0.5599+0.1607 0.4379+0.1736 0.3557+0.1824 0.2953+0.1958 0.4699+0.1687 0.2842+0.1018 1.9964+1.4518
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5. Discussion

5.1 Relationship between keyword list length and radiology report

generation performance

An important factor influencing the quality of automatic radiology report generation is the
length and complexity of the target report. In general, longer reports convey more clinical
details, which increases the difficulty for natural language generation models. However, during
inference, the ground-truth report length for unseen cases is unknown. A practical surrogate is
the predicted keyword list length, based on the assumption that more keywords typically

correspond to a longer and more detailed report.

Consequently, we reframed the problem as analyzing the relationship between report
generation performance and keyword list length. To examine this relationship, we conducted
an analysis using results from the 1U X-Ray and MIMIC-CXR datasets. Neither dataset
provides ground-truth keywords manually annotated by radiologists, and given their large
scale—over 200,000 cases in MIMIC-CXR—manual annotation is not feasible. Moreover, the
expected number of relevant keywords can vary with reporting style, radiologist preferences,
and clinical context. We therefore analyzed each dataset separately to account for distributional

differences.

As shown in Table 17, the MIMIC-CXR dataset exhibits a higher average number of predicted
keywords per case compared to IU X-Ray, primarily due to its larger and more diverse sample
size. Figure 31 illustrates the distribution of keyword list lengths in both datasets, revealing
that medium-length keyword lists are the most frequent and the overall distributions are the

normal distribution. Notably, filtering out extremely low-frequency terms and those not present
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in the RadLex dictionary substantially reduces the number of candidate keywords, confirming
the effectiveness of our automatic keyword adaptation mechanism in controlling vocabulary

size and improving downstream prediction reliability.

We then evaluated how keyword list length correlates with report generation performance by
correlating common language evaluation metrics—BLEU-1 to BLEU-4, METEOR, ROUGE-
L, and CIDEr—with the number of keywords per test case. The corresponding trends are
plotted in Figure 32 (IU X-Ray) and Figure 33 (MIMIC-CXR). Across both datasets, we
observed a consistent pattern: as the number of predicted keywords increases, the performance

of the generation model tends to decrease.

This performance degradation can be attributed to two main factors. First, longer keyword lists
often introduce more semantic diversity and complexity, increasing the burden on the model
to generate contextually coherent narratives that integrate multiple clinical findings. Second,
longer sequences may lead to higher risks of semantic drift or redundancy, especially when

keyword relationships are loosely defined or inconsistently represented in the training data.

In summary, this analysis highlights the inherent trade-off between clinical completeness (more
keywords) and generation performance (language quality). It also emphasizes the need for
effective keyword filtering, clustering, and refinement mechanisms to balance

comprehensiveness with accuracy in real-world deployment scenarios.
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Table 17. Average keyword list length in the IU X-Ray and MIMIC-CXR datasets. The
keyword list length refers to the number of keywords associated with each case. The row
"Before Filtering" indicates the initial keyword lists generated through the keyword extraction
from the automatic keyword adaptation process. The row "After Filtering (Low Frequency)"
represents the keyword lists after removing terms that appear fewer than 10 times, aiming to
address extreme class imbalance and reduce the complexity of multi-label classification. The
row "After Filtering (Radiology Dictionary)" further refines the keyword lists by validating
them against the RadLex dictionary to ensure clinical appropriateness; these filtered lists are
used as the final keyword sets for frequency-based multi-label classification. The row "Input
to TT-LLM" shows the average number of keywords provided as input to the TT-LLM, based
on predictions from the classification network. Since the validation and test sets are not
involved in training, the TT-LLM input lengths are not reported for these splits.

Train/Test/Val Before Filtering  After Filtering (Low Freguency)  After Filtering (Radiclogy Dictionary)  Input te TT-LLM

IU X-Ray

Train 38.54 17.18 10.85 13.61
Test 30.73 14.05 8.86 /

Val 33.02 15.15 9.51 /
MIMIC-CXR

Train 41.27 17.64 11.39 18.90
Test 46 44 19.24 12.56 /

Wal 41.01 17.31 11.18 /

(A) I X-Ray (B) MIMIC-CXR

Figure 31. Keyword list length distribution in the 1U X-Ray and MIMIC-CXR datasets. This
figure presents the relationship between keyword list length and the frequency of
corresponding lengths observed in the two datasets. The results indicate that most keyword
lists fall within medium-length ranges, while extremely short and long keyword lists occur less
frequently. This distribution generally aligns with a normal-like pattern, reflecting typical
variability in radiology report complexity
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(A) BLEU-1 to BLEU-4 (B) METEOR

(C) ROUGE-L (D) CIDEr

Figure 32. Performance and keyword list length distribution in the 1U X-Ray dataset. This
figure illustrates the relationship between keyword list length and the performance of the
proposed method on the 1U X-Ray dataset. The results show a general decline in performance
across all evaluation metrics as the keyword list length increases. This trend suggests that
longer keyword lists correspond to more complex radiology reports, which pose greater
challenges for accurate generation. The analysis highlights the difficulty of handling lengthy
and detailed inputs, emphasizing an area for future improvement in radiology report generation
models
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(A) BLEU-1 to BLEU-4 (B) METEOR

(C) ROUGE-L (D) CIDEr

Figure 33. Performance and keyword list length distribution in the MIMIC-CXR dataset. This
figure illustrates the relationship between keyword list length and the performance of the
proposed method on the MIMIC-CXR dataset. The results show a general decline in
performance across all evaluation metrics as the keyword list length increases. This trend
suggests that longer keyword lists correspond to more complex radiology reports, which pose
greater challenges for accurate generation. The analysis highlights the difficulty of handling
lengthy and detailed inputs, emphasizing an area for future improvement in radiology report
generation models.

92



5.2 Commercial Large Language Model in Radiology Report Generation

Method

The recent advancement of commercial large language models (LLMs) such as GPT [126] and
Llama [184] has led to widespread adoption across various image-text and text-to-text tasks.
Pretrained on massive amounts of general language data, these models can generate human-
like responses based on user-provided inputs, offering convenience and efficiency in tasks such
as problem-solving and seeking Al-generated advice. Given the relevance of radiology report
generation to this field, it is essential to compare the performance of our framework with these

commercial LLMs.

However, a key limitation of commercial LLMs is their limited exposure to domain-specific
medical texts during pretraining. Consequently, they may struggle to replicate the structured
format and clinical precision required for radiology reports. Moreover, the limitation of the
providers of LLMs would limit us to continuously evaluate the performance of generating
radiology reports in the datasets. Instead of running the evaluation metrics, our comparison
focuses on evaluating the quality of the descriptive content within generated reports by
comparing with the ground-truth and our generated radiology report to assess their potential

utility for radiology applications.

To ensure a fair comparison, we selected the five samples from the 1U X-Ray and MIMIC-
CXR datasets randomly. We first extracted keywords using our Automatic Keyword
Adaptation mechanism, as commercial LLMs cannot directly process chest X-ray images due
to data privacy regulations. Using these keywords as input, we generated radiology reports
using the following commercial LLMs accessed via the PolyU GenAl platform

(https://genai.polyu.edu.hk/) shown in Figure 34:
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https://genai.polyu.edu.hk/

e GPT-40 (multimodal version) by OpenAl
e Qwen2-VL by Alibaba Cloud [185]

e Llama 3.1 by Meta

Additionally, we included DeepSeek [186], a recent LLM developed by a Chinese Al company
that offers reduced GPU memory requirements for inference. While its full version still requires
high-performance GPUs, a distilled version with lower computational demands is available for

local deployment. To compare both settings, we used:

e DeepSeek-V3 via the API platform
e DeepSeek-R1-Distill-Qwen-1.5B locally on our workstation (limited to the model's

maximum capacity for our hardware)

The process of obtaining the generated reports is shown in Figure 35 for online platform and
Figure 36 for local workstation of DeepSeek. The generated reports are presented in Figure 37

(IU X-Ray) and Figure 38 (MIMIC-CXR).

The primary difference between commercial LLMs and our text-to-text LLM lies in their
reporting styles. Commercial LLMs tend to provide detailed, point-by-point descriptions of
each keyword, followed by a summarization of overall findings. For example, in the second
case, GPT-4 and DeepSeek described individual keywords such as "lungs"” and "heart" before
presenting a concluding summary. In contrast, our framework directly generated a concise
paragraph that integrates the keywords into a coherent description of the main findings. This
difference likely stems from the training data of each model: commercial LLMs are exposed
to a broader range of general texts, encouraging more comprehensive and segmented

descriptions, while text-to-text LLMs trained on domain-specific materials produce reports that
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closely resemble clinical documentation, with embedded keywords aligned to the input

prompts.

It is challenging to determine which approach is superior using standard evaluation metrics
since commercial LLMs' more detailed outputs may lower metric scores due to increased text
length. Consequently, the preferred approach depends on radiologists’ needs—some may
prioritize concise reports that match clinical formats, while others may value additional context

provided by commercial LLMs.

Another critical factor is computational efficiency. Although DeepSeek offers a locally
deployable version with reduced GPU requirements, even its most lightweight model still
requires substantial computational resources. In contrast, our text-to-text LLM typically
demands lower hardware specifications, making it more practical for deployment in hospital
environments. Furthermore, our framework allows users to flexibly replace the LLM based on

their specific needs, offering greater adaptability for various clinical settings.

In summary, while commercial LLMs can generate high-quality radiology reports using
extracted keywords, their outputs often differ in style and may be less aligned with clinical
reporting conventions. Moreover, their higher computational costs make local deployment
challenging, whereas our framework provides a more efficient and customizable solution

tailored to medical applications.

95



PolyU GenAl

- What's New

© ® .

GPT-40 GPT-40-mini Qwen & X Fig 2VL
2024-08-06 2024-07-18 Qwen2-VL-72B-Instruct Qwen iﬁ)\{:FI‘EJ 2.5
Text Chat Text Chat Text Chat Quenz.5-728-Instruct
Image To Text o Image To Text o Image To Text o o
h‘ ‘ x ) O S °
Stable Diffusion XL Stable Diffusion 3
Mistral Llama U e
Mistral-Large-Instruct-2407 Meta-Llama-3.1-70B-Instruct
Text To Image Text To Image
o o (2 credits per image)o (65 credits per imag%

Figure 34. Graphical User Interface (GUI) of the PolyU GenAl platform. The figure showcases
the interface designed to interact with and evaluate multiple commercial large language models
(LLMSs), including GPT-4, Qwen, and Llama. The platform provides a user-friendly
environment for testing and comparing the capabilities of these LLMs in various tasks, such as
text generation, summarization, and question answering. We utilize the GPT-40, Qwen and
Llama as the sample commercial LLMs.
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Radiology Report
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Study: Chest X-ray (PA and Lateral views)

Findings:

The chest X-ray demonstrates the following:

(=

Figure 35. Process of obtaining generated radiology reports using GPT-4 and DeepSeek on
their respective online platforms. The figure illustrates the workflow for generating radiology
reports, starting from inputting medical data to receiving the final output. While both platforms
offer free access, it is noted that both DeepSeek and GPT-4 imposes traffic control restrictions,
preventing continuous generation of reports on their online platform.
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Figure 36. Deployment of the DeepSeek model with distillation in a lightweight structure on
our workstation using the vLLM framework. The figure demonstrates the process of
optimizing and deploying the DeepSeek model for efficient inference, leveraging model
distillation techniques to reduce computational requirements while maintaining performance.
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present, with associated atoectasis of the lftlower obe, Mediastinum:

effusion. Carciac silhoustte is within nomal limits, with no evidence

of cardiomegaly.”

10 the right, indicating volume loss in the
[t hemithora. Trsches: The raches 1 deviated to the right, consister
witl shift. Heart: The s normal in sizel
and contour. Aorta: The aortic arch and descending aorta are normal

No is identified on either

or pleural eﬂusm. The lung fields
demonstrate bilateral airspace consolidatio nt with an acute
infectious process. The cardiac silhouette is < el in ize and Contout
The aorta is ealeifisd, with no evidence of dissection or aneurysm.
Spine: The osseous structures of the thoracic and lumbar spine are
normal, with no evidence of fracture or calcification. Other: No other
significant abnormalities are noted.”

Qwen

The patient's chest radiograph demonstrates a stable appearance of
the thoracic cavity with o significant changes from previous studies|
The heart size and shape are within normal limits. The diaphragm andy
costaphronic angles are clear and shary

The patient's chest Xray reveals a large pueumthoriu on the right
lefe

side, with a

traches are also shi

2d to the bt indicating 2 gmr ant amount of ai

The patients chest radiograph demonsirates norml lung fields with no

in the pleural space, There f acr: The of n. Thy
ing oppears ta be partially eollapscd, with evidence of sitectasia vithin normal Ilmlls e the serta appears nomal wihoUt amy 31gns of
There is slso a focal infiltrate in lobe,

which may indicate an acuts infecton or nflammation. Thers i no in the Ilmufir\lk. The ¢pie appeats hostmal withoul any osseous

evidence of effusi

bilateral lung fields. are clear withourt any calcified

athe in ¥ lung
nis that the patient his  large ke

fields. The over: mprass
th assaciated lung focal infilrate in the

wi
left lower lobe, which may require Turlher walnmun and treatment

lesions. Overall, the radiograph appears normal with no acuta findings.

DeepSeck-Platform

"Fracture: A nan-displaced fracture of the proximal humerus is noted
on theleftakle, Apical There s no evidence of plcal pleural

"Acrta: The sarta appears nermal in caliber without evidence of dilation
Ther:

thickaning or defor

7 ere is

pneumcthorax is bserved Effasion, There 1 no.si gnificant pleural
effusion bilsterally. Stable: The cardiomediastinal silhouette appears
stable with o acute changes. Thickening: Mile thickening of the
nterstitial mar may be consistent o
interstitial lung disease, Heart: The heart size is within normal limits,
and there is na evidence of cardiomegaly. Interstitial: Bilateral

wild noted in the right lower lung zone.
Eftusion: Ho signifcant pleural efusion fs observed. Midiim
traches is midline, and there is o evidence of mediastinal shift, Heart:

“Airspace: There is no evidence of airspace disease or acute

effusion bilaterally. Heart: The heart size is within normal limits. and the
silhouette is No focal

The heart size is within normal limits, and the cardiomediastinal
silhauette is unremarkable. Lungs: The \ung are clear bilaterally with
no

or dentified,
is noted within the lungs or mediastinum, Bilateralz The.

ence of acute focal
The

interstitial infiltrates are present, suggesting a possible chronic
inMlammatory of fibratic process. Focal: No focal consolidation or
mass lesion I identlfied.

o n st
Bronehovascular: The bronchovaseular markings are prominent but

lungs are clear bilaterally with no evidence of acute pathology. Spine:
The visulized spine demonsirates oaseous structures with 1o scute

within nor its. Infiltrate: No focal or diffuse infiltrate is identified.

Wild noted, Calsified: No
calcified lymph nodes or gnnuwws are identified.”

DeepSeek-Local

- 1.~ Aorta™: No -ant noted on imaging; the aorta appears
10Tl Unless specified otherwise fe.d., I using CT imaging). 2.
“*Pneumothorax™: Present with air trapped between the lungs and

chest wall. likely due o rib or pleural injury. No evidence of assoiated
complications such as effusian, infiltrate, or tracheal deviation. 3.
“Atelectasis*: There is a localized collapse of lung tissue in the lower
mediastinal regions (likely due to recent injury or surgery). 4.
Efusion™: Stable alveolar effsion Is present without sigrificant

i rFrscturer inthe ”amal" region of the “humerus. 2

~Pneumathorax™ at the *apical™ portian of the ribcage, likely due tof
“rb aolapaee with no aigne of aateciated o tions (e.g., no

cvidance of cttusione, “infiratar, or ~foeal lesion 3

iz stable and consistent with a
cant radiclogie compromise.”

"The chest Xay demonsirates. o naHOWMING of the oria in the superior
; ¢

of pleural or infection. 5.
ine*: The midline of the chest appears narmal with bilateral
findings unless otherwise specified. 6. ~*Heart™: The heart
demonstrates @ normal or slightly mgu\ar rhythm, with no valvular
7. *“Trachea™: The rachea is

regiens flikely leural i
is identified as an air pocket located bilaterally in the owr lung zones.
Effusion is noted as & normal alveolar effusion withut thickening, with
o evidence of sssaciated inflammation orinfection. Gontour

abnormalities are observed on the lower lung bases, suggestive of

patent and appears free from unsmmuau here are no signs of airway

due to acute detected).

disease such as strictures of stenoses, B, “Lungs™ The lungs appear
d in specific areas due to nodule denaity (e-g.,

are absent in the 1Ungs but present as isolated scattered
calcifications in the osseous regions unless atherwise specified.

focal findings). No evidence of lung cancer, pi v . or

is observed on the lewer lung bases, hksly due

pathologic changes. 9. *"Acute™: The finding is acute
and localized without radiographic signs of infection spreacing into the
lungs (no infiltrate). 10. “No*; There are no significant findings in the
mediastinal region; all abnormalities appear bilateral unless otherwise
noted. 1. “"Lung™: The lungs are otheruise normal, with no evidence of
pleural effusion or alveolar i 3

5 of
residual disease noted). The heart demonstrates a normal myunn nd
strusture with na valvular abnommalities visible an imaging.
Galeifications ave absent i the lings bul preser as isolted scallcrcd
calific the osseous ragions unless atherwise specified.

i i is observed on the lower lung bases, likely due

mediastinum is free from masses or other
of any findings would be bilateral and symmetrical unless Spsc\f\ed
therwise. 13, “Bronchovascular™; The bronchi are patent,
evidonce of irway nattowing (o, stonoase). Blood essals withn the
lungss appear normal. 14 infiltrate: is present; all
findings are localized to specific lung regions. 15, “Focal™: There is a
localized finding in the lower lung zones. Iikely due to recent injury or
surgery (e.g., nodule or densities). 16. ~Large™: Any large nodular
findings are well-defined and consistent with typical pathologic feature:
of chronic discase or infection {if applicable),”

to i e g or
residual disease noted). The spine appears normal with no evidence of

Our Framework

fable biateral Inferstial opaclles, most consistent with chronic
itate 2. No evidence ofsoute cardiopulmonary

or pneumothorax_ Bilateral humerus fracture is noted. Degenerative
changes are present in the thoracic spine.

No acute cardiopulmanary disease. The trachea is midiine, The heart is
normal in size. The mediastinum is midline. There is na focal infiltrate o
large pleural effusion. There are no acute bony findings. There iz no
pneumothorax. The visualized bony structures reveal no acute
abnormalities.

No acute cargiopulmonary abnormality, Heart size and mediastinal
contour within normal limits. C: bilateral hilar lymph XXXX. No
focal airspace consolidation, preumotherax, of large pleural effusion.
No of the thor

spine.

Figure 37. Visualization of results generated by the proposed framework compared to
commercial large language models (LLMs) on the IU X-Ray dataset. The figure provides a
side-by-side comparison of radiology reports generated by our framework and those produced
by commercial LLMs, such as GPT-4 and DeepSeek. The visualization highlights the accuracy,
coherence, and clinical relevance of the generated reports, emphasizing the strengths of our
framework in capturing detailed medical findings and producing structured outputs. This
comparison underscores the potential of our approach to enhance radiology report generation,
offering a viable alternative to existing commercial solutions.
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Chest X-Ray Image

Ground-Truth

No evidence of consolidation to suggest pneumonia
is seen. There is some retrocardiac atelectasis. A
small left pleural effusion may be present. No
pneumothorax is seen. No pulmenary edema. A
right granuloma is unchanged. The heart is mildly
enlarged, unchanged. There is tortuosity of the
aorta.

Underpenetration of the lower chest, particularly on
the left, is felt to be due to overlying soft tissue. No
focal consolidation is seen on the lateral view.
There is no pleural effusion or pneumothorax. The
cardiac and mediastinal silhouettes are stable with
persistent enlargement of the cardiac silhouette

Cardiac silhouette size remains mildly enlarged but
unchanged. Mediastinal and hilar contours are
stable. Pulmonary vasculature is normal. Lungs are
clear without focal consolidation. No pleural effusion
or pheumothorax is present. No acute osseous
abnormality is identified.

GPT4

"Small right apical pneumothorax. Bilateral
interstitial thickening, likely chronic in nature. Stable
midshaft fracture of the right humerus with mild
deformity. No focal infiltrate or significant pleural
effusion.”

"Heart and im; There is no evi of
cardiac enlargement. The mediastinum is midline.
Lungs and Pleura: The lung fields are clear with na
evidence of pneumothorax or pleural effusion. There
is no focal consolidation or persistent infiltrates
observed in the lower lung zones. Diaphragm: The
diaphragms are well-positioned, and the
costophrenic angles are sharp and clear. Soft
Tissues: The soft tissue structures of the chest wall
are unremarkable with no abnormal masses or
lesions. Bones and Osseous Structures: The
osseous structures, including the ribs, clavicles, and
visible portions of the spine, appear intact with no
acute abnormalities.”

"Heart and The cardiac is
normal in size and contour. The mediastinum is
midline, and there is no evidence of enlargement.
Lungs and Pleura: The lung fields are clear
bilaterally. There is no evidence of focal
consolidation, pneumothorax, or pleural effusion.
The pulmonary vasculature appears normal and
unchanged from previous imaging. Diaphragm: The
diaphragms are well-positioned, and the
costophrenic angles are sharp and clear. Bones and
Osseous Structures: The osseous structures,
including the ribs, clavicles, and visible portions of
the spine, appear intact with no acute abnormalities.
There are no fractures or dislocations noted. "

Llama

"There is no evidence of pneumothorax or pleural
effusion on either side. The heart size is within

"Chest Radiograph: The chest radiograph
no evi of pni or

normal limits, with no of car . The
aorta is not enlarged. There is a small granuloma in
the right lung, which appears unchanged from
previous studies. There is no consolidation or
pneumonia in the right lung. The left lung shows a
small area of atelectasis, with no evidence of
consolidation or pneumonia. There is no evidence of
edema in either lung.”

pleural effusion. Lung Parenchyma: There is a focal
area of consolidation in the lower lobe of the right
lung, which appears to be persistent from previous
studies. Soft Tissue: The soft tissue of the chest wall
is unremarkable. Cardiovascular: The cardiac
silhouette is within normal limits, with no evidence of
enlargement.”

The lungs are clear without focal consolidation or
effusion. The osseous structures appear normal.
The vasculature is unchanged and without evidence
of acute process.

Qwen

The patient's chest radiograph demonstrates a left-
sided atelectasis, which is a collapse of the lung
tissue. There is no evidence of edema, effusion, or
pneumothorax. The right lung appears to be
enlarged, with a small amount of consolidation
present. The aorta and heart appear to be
unchanged from previous imaging. A granuloma is
noted, which may be indicative of pneumonia.
Further evaluation and correlation with clinical
findings is recommended.

The chest radiograph demonstrates a focal area of
consolidation in the lower lung tissue, with no
evidence of persistent pneumothorax or effusion.
There is also |ateral soft tissue enlargement noted

The patient's chest radiograph demonstrates stable
lung fields without any focal acute processes. There
is no evidence of effusion, pneumothorax, or
consolidation. The osseous structures appear
normal, and the lungs are clear. The vasculature is
unchanged from previous studies. No enlarged
lymph nodes or masses are present. Qverall, the
radiograph is within normal limits.

DeepSeek-Platform

"Atelectasis: There is a small area of atelectasis in
the left lower lung zone. No: There is no evidence of
edema, effusion, or pneumothorax. Enlarged: The
heart is mildly enlarged, but the cardiomediastinal
silhouette is otherwise unchanged from prior
imaging. Cs i 1: No focal i is
identified in the lungs. Right: The right lung is clear
with no evidence of acute pathology. Aorta: The
aorla is normal in caliber and contour. Granuloma: A
few granulomas are noted in the lungs, consistent
with prior granulomatous disease. Pheumonia:
There is no radiographic evidence of pneumonia "

"The chest X-ray demonstrates no evidence of
pneumothorax or persistent effusion. There is no
focal consolidation identified in the lung
parenchyma. The soft tissue structures appear
unremarkable, with no signs of abnormal
enlargement or mass-like lesicns. In the lower lung
zones, there Is no significant abnormality noted. The
cardiomediastinal silhouette is within normal limits,
and there is no lateral displacement or abnormal
contour. The visualized osseous structures are
intact, with no acute findings."

"The chest X-ray is stable and unchanged compared
to the previous study. There is no focal acute
abnormality identified in the lungs, which remain
clear without evidence of consalidation or

pnet arax. The i is
normal, and there is no enlarged lymphadenopathy
or mass lesion. No effusion is present in the pleural
spaces, The pulmonary vasculature is within normal
limits, without signs of congestion or redistribution.
The osseous structures are intact, with no acute
fractures or destructive lesions.”

DeepSeek-Local

Enlarged consolidation is noted on the right lung,
indicative of increased tissue thickness and reduced
oxygen exchange. There is no significant edema,
but an effusion is present, possibly contributing to
the enlargement. the left lung shows unchanged
findings, while the right exhibits signs of infection
with granulomatous changes. the aorta appears
normal in size.

Facal enlargement is observed in the chest region

Stable with no focal enlargement but clear and

without edema but by some
degree of consolidation and effusion.

I d lungs, including no pleural effusion or
consolidation.

Our Framework

The heart size is mildly enlarged but unchanged.
Tortuosity of the thoracic aorta is again noted. There
is no pulmonary edema or focal consolidation
worrisome for pneumonia. A small right granuloma is
unchanged. There is no pleural effusion or
pneumothorax. Bibasilar atelectasis is seen.

There is persistent enlargement of the cardiac
silhouette. The mediastinal and hilar contours are
stable, with evidence of right paratracheal soft tissue
again seen. No focal consolidation, pleural effusion
or pneumothorax is seen. Previously seen opacities
in the lower chest have resolved in the interval.

Cardiac silhouette size is mildly enlarged but
unchanged. Mediastinal and hilar contours are
stable. Pulmonary vasculature is normal. Lungs are
clear without focal consolidation. No pleural effusion
or pneumothorax is present. There are no acute
osseous abnormalities.
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Figure 38. Visualization of results generated by the proposed framework compared to
commercial large language models (LLMs) on the MIMIC-CXR dataset. The figure presents
a comparative analysis of radiology reports produced by our framework and those generated
by commercial LLMs, such as GPT-4 and DeepSeek. The side-by-side visualization highlights
the accuracy, detail, and clinical relevance of the reports, showcasing the ability of our
framework to effectively interpret complex medical imaging data and produce structured,
actionable outputs. This comparison demonstrates the potential of our approach to improve
radiology report generation, offering a robust alternative to existing commercial solutions in
handling diverse and challenging datasets like MIMIC-CXR.

5.3 Performance effect of the keyword prediction quality across datasets

While the experimental results demonstrate that our framework achieves high performance
and robustness on radiology report generation, these results are based on test sets from the
same datasets used for training—either IU X-Ray or MIMIC-CXR. Although the test and
training sets are independent, both were collected using similar imaging protocols. In real-
world medical scenarios, the framework may encounter chest X-ray images generated using
different protocols, which could impact its performance. Therefore, it is essential to evaluate

its generalizability across datasets with varying characteristics.

To examine the framework’s generalizability, we conducted cross-dataset experiments in
which a model trained on U X-Ray was evaluated on the MIMIC-CXR test set, and vice versa,
as illustrated in Figure 39. This setup simulates real deployment scenarios where the model

encounters previously unseen data from different acquisition environments.

The results, summarized in Table 18 and visualized in Figure 40 and 41, show that
performance drops noticeably without any fine-tuning on the target dataset, underscoring the

challenge of adapting to diverse imaging domains.

The cross-dataset results highlight the importance of the Automatic Keyword Adaptation

mechanism. Without any fine-tuning on the target dataset, the framework's performance drops
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significantly when applied to a different dataset, indicating the challenges of generalizing
across diverse imaging environments. Furthermore, the performance drop is more pronounced
when testing the MIMIC-CXR-trained framework on the 1U X-Ray dataset. This suggests that
pretraining on larger datasets, such as MIMIC-CXR, improves overall performance but may
also lead to overfitting to the dataset's specific characteristics, reducing generalizability to
smaller datasets with different distributions. This observation aligns with existing research in
radiology report generation, emphasizing the necessity of large-scale datasets to improve

performance and robustness.

Additionally, the performance drop may stem from differences in writing styles between the
datasets. This is evident from the visualized results, where the generated reports exhibit
distinct phrasing and structure depending on the dataset used for training. These variations
highlight the need for further optimization to address style discrepancies, as predicting the

specific style of radiology images and reports in real-world scenarios is challenging.

In summary, while our framework demonstrates strong performance within individual datasets,
cross-dataset experiments underscore the importance of Automatic Keyword Adaptation for
improving generalizability. Future research should focus on enhancing the framework’s ability
to adapt to diverse datasets without extensive fine-tuning, ensuring reliable performance

across different clinical settings.
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Trained by 1U X-Ray

L A Testby IU X-Ray

This cross-test means the

Radiology Report framework would be tested with
Generation the chest x-ray images with
Framework different protocols.

(To verify if the robustness of our
Trained by MIMIC-CXR framework could maintain)

| 4 4

Figure 39. Process of evaluating the robustness of radiology report generation using our
proposed framework through cross-dataset experimentation. The figure illustrates the
methodology of training the framework on one dataset (e.g., IU X-Ray) and testing it on
another dataset (e.g., MIMIC-CXR) to assess its generalizability and robustness. This
experiment demonstrates the framework's potential for real-world deployment, where
variability in data sources and clinical contexts is common.

Table 18. Performance comparison of radiology report generation across the IU X-Ray and
MIMIC-CXR datasets using a cross-dataset evaluation strategy (training on one dataset and
testing on the other). The table presents the results of our proposed framework, reported as
mean + standard deviation with precision up to four decimal places. Key evaluation metrics,
such as BLEU, ROUGE, and clinical accuracy, are included to assess the quality and
robustness of the generated reports.

Setting Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr

IU X-Ray Test set

Train 1IU X-Ray 0.7190+0.2101 0.6250+0.2713 0.5645+0.3057 0.5215+0.3376 0.6392+0.2554 0.3861+0.2218 3.2749+3.0106
Train MIMIC-CXR 0.4407+0.1265 0.2852+0.1142 0.1940+0.1115 0.1313+0.1075 0.3531+0.1012 0.2567+0.0584 0.4600+0.5998

MIMIC-CXR Test set

Train IU X-Ray 0.2389+0.1152  0.1268+0.0815 0.0708+0.0682 0.0409+0.0498 0.1878+0.0605 0.1080+0.0521 0.0696+0.1626
Train MIMIC-CXR 0.5599+0.1607 0.4379+0.1736 0.3557+0.1824 0.2953+0.1958 0.4699+0.1687 0.2842+0.1018 0.9964+1.4518
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Chest X-Ray Image

Graund-Truth

Straaky opacily is noted within he left lung base
which may represent focal area of atelectasis, Right
lung is grossly clear. Cardiac silhouette ant
[mediastinal contours are within normal limits, There
is no preumothorax. No largs pleural sfusion,

Low lung volumes. Bibasilar atelectasis versus
[scarring. Stable left abdominal surgical elips, The heart
size and mediastinal silhouette are within normal limits.

Both lungs are clear and expanded. Heart and
iastinum normal.

ror contour. No ar . The
o are intact.

Lungs are hyperinflated but clear. No focal infilirate or
effusion. Heart and mediastinal contours within normal
limits. Galcified mediastinal XXXX identified.

Train by IU X-Ray Dataset

Right lung clear, No focal air space opacity, ploural
effusion of pneumothorax, Notmal eardiomediastinal
contours.

1. Stable left pleural effusions with scarring or
[atolsctasis, Low lung volumes, No pnoumothorax, Hoar
size and mediastinal contaur are within nermal limits.
[Pulmonary vascularity is normal. Bony structures are
intact.

No active discase, Both lungs are clear and expanded
Heart and mediastinum nomsl

Hyperinflated lungs with elear lungs. Lungs are
nyperinfisted but clear. No facal infilrate or effusion

Train by MIMIC-CXR Dataset

are viithin
normal limits. A large right preumotheras is present.
Thers I no modiastinal shift. Lincar opacity in the
right mid lung likely represents stelectasis or focs|
atelectasis. No obvious effusion is identified.

9 are low. Streaky atelects scarring
in the loft mid lung is unchanged, No pneumothorax,
[The cardiamediastinal silhouette i nomal. The hila are|
[normal. A left humeral head is intact.

Both lungs are clear. Gardiac silhoustt is top-normal in
sizq. Madiastinum is normal. Both hilar structures ar
normal. There is na widening of the mediastinum, Beth
pleural spsces are clear.

[The lungs are hyperinflated and clear. The aertic knotr
is calcificd, The cardiac silhoustts is normal. Thore is
na focal infiltrate. No effusion is identified

Figure 40. Visualization of results generated by the proposed framework across the two
datasets, using IU X-Ray as the test set. The figure compares two scenarios: (1) training and
testing on the IU X-Ray dataset (column 3) and (2) training on the MIMIC-CXR dataset and
testing on the IU X-Ray dataset (column 4). The visualization highlights the differences in
report quality, coherence, and clinical relevance between the two scenarios, demonstrating the
framework's adaptability and robustness when trained on different datasets. This comparison
underscores the importance of dataset diversity in training and the framework's ability to
generalize across varying clinical contexts.

Chest X-Ray Image

4

Ground-Truth

[As compared to the previous radiograph, there
is no relevant change. Monitoring and support
devices are constant. Censtant cardiomegaly
with relatively extensive retracardiac
atelectasis and the potential presence of a
small left plaural effusion. Mild pulmonary
edema. Areas of atelectasis at the right lung
base. No newly occurred parenchymal
opacities. No pneumothorax

[ The lungs are clear bilaterally with no areas of
[focal consolidation. There is no pleural
offusion or pneumothorax. Patient is status
post CABG. Cardiomegaly is stable.
Mediastinal silhouette is within normal limits.

D unchanged

and hilar contours. No overt pulmonary edemal
is evident though chronic mild interstitial
[abnommalities are stable. Faint opacification
projecting over the left mid lung may represent
developing infectious process. There is no
definitive eorrelate on the lateral radiograph
No pleural effusion or preumothorax present
Mild separation of superior aspect of
sternotamy line with intact sternotomy sutures

Review of frantal and lateral views were
remarkable for bilateral lower lung
bronchiectasis with peribronchial opacities. In
the right lower and medial lung, peribronchial
opacilies have improved since ____ There are
no new opacities. Lungs are mildly
hyperinflated. Heart size, mediastinal and hilar
contours are normal. No pleural effusion

Train by MIMIC-CXR Dataset

[As compared to the previous radiograph, there
is no relevant change. Mild atelectasis at the
right lung base. Borderline size of the cardiac

without p y edema. No
pleural effusion or pneumothorax.

Patient is status post CABG. The lungs are
clear without focal consolidation or
preumatherax. No pleural effusion is seen. The|
cardiac and mediastinal silhousttes are stable,
with the cardiac silhouette top-normal.

AP upright and lateral views of the chest
provided. Overlying EKG leads are present.
Mild cardiomegaly is again noted. There is mild
interstitial pulmonary edema. No effusion or
peumotharax. Stermotomy wires are intact. A
right upper extremity PICC lina is seen with its
tip in the region of the low SVC, unchanged
from prior. Right superior separation of the lung
is again noted

The lungs are hyperinflated. Bilateral lower
lung bronchiectasis is new since There is
no pleural effusion. Mediastinal and hilar
contours are normal. Heart size is normal

Train by IU X-Ray Dataset

o evidence of active disease. The

silhoustte and pi
vascularity are within normal limits, There is
'scemal or 'atelectasis' in the right base. XXXX
sternotomy XXXX are again seen on the frontal
view. There is a XXXX XXXX sternotomy XXXX]|
representing a XXXX sternotomy

no evidence of aclive disease. The
cardiomediastinal silhouette is within normal

1. XXXX sternatomy XXXX, XXXX. 2.
Interstitial edema and/ar pleural effusions.. The

limits for size and configuration. Lungs are
clear without focal consolidation,
preumathorax, o pleural effusion. XXXX
are'stable’.

silhoustte and p y
vascularity are within normal limits. There is a
[XXXX sternatomy XXXX appearing on the
lateral radiograph. There is a XXXX superior in
the right midlung zone which may represent a '

1. Low lung volumes with ‘bronchiectasis. 2.
Mediastinal contours are within normal limits.
The lungs are hyperinflated with flattening of
the diaphragms, consistent with bronchiectasis
Thera is a XXXX sternotomy XXXX which is
XXXX due to bronchiectasis. The lungs are
hypoinflated and hyperinflated with flattening of
the costophrenic *

Figure 41. Visualization of results generated by the proposed framework across the two
datasets, using MIMIC-CXR as the test set. The figure compares two scenarios: (1) training
and testing on the MIMIC-CXR dataset (column 3) and (2) training on the 1U X-Ray dataset
and testing on the MIMIC-CXR dataset (column 4). The visualization highlights the
differences in report quality, coherence, and clinical relevance between the two scenarios,
demonstrating the framework's adaptability and robustness when trained on different datasets.
This comparison underscores the importance of dataset diversity in training and the
framework's ability to generalize across varying clinical contexts.
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5.4  Automatic Generation of Impression from Findings by Text-to-text

Large Language Models

A standard radiology report typically comprises the Indication, Comparison, Findings, and
Impression sections. While the Indication and Comparison sections are informed by patient
history and prior imaging, the Findings and Impression can be generated directly from image-
derived features. As the Impression serves as a concise summary of the Findings, it is well-
suited for automatic generation using text summarization technigues. Recent advances in large
language models offer the capability to replicate radiologists’ writing styles, providing a

practical approach for streamlining this process.

To evaluate this capability, we generated Impression sections using both the ground-truth
Findings and those produced by our framework. The evaluation followed the same qualitative
and quantitative methodology described in earlier sections, and, due to time constraints, the

same language model configuration as the main framework was applied for this task.

The results, shown in Table 19 and visualized in Figure 42 for IU X-Ray and Figure 43 for
MIMIC-CXR, indicate that the quality of impressions generated from the framework’s
findings is comparable to those derived from ground-truth findings. The shorter text length of
the Impression section leads to more noticeable variations in evaluation metrics. However, the
overall performance demonstrates that our framework can reliably summarize key findings

into concise impressions.

Despite these promising results, we recommend that radiologists verify and finalize the
Impression section to ensure clinical accuracy. Given its critical role in communicating
diagnostic conclusions, manual oversight remains essential, even as automated summarization

can streamline the drafting process. Consequently, the automatic generation of impressions is
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presented as an auxiliary feature rather than a primary component of the framework,

supporting radiologists in producing high-quality reports more efficiently.

Table 19. Performance comparison of generating the Impression section from Findings in the
IU X-Ray and MIMIC-CXR datasets. The table evaluates the ability of our proposed
framework to generate the Impression section based on Findings, with results reported as mean
+ standard deviation and precision up to four decimal places. The “Findings generated by our
framework™ setting refers to Findings produced under the experimental setup described in
Section 4.4 (“Experiments and Results”). This comparison highlights the framework's
effectiveness in synthesizing concise and clinically relevant Impression sections from both
ground truth and framework-generated Findings, demonstrating its utility in automating
radiology report generation.

Setting Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr
IU X-Ray
Test Set

Generated from Ground-Truth Finding 04959402494 0.4362+02572 03797102678 03173202724 05977102979 02637+01880 19006417117
Generated from Finding generated by our framework  0.4806+0.2567 0.4248+0.2629 0.3731+0.2688 0.3144+0.2675 0.5777+0.3092 0.2475:0.1946 1.7801+1.6598

Validation Set
Generated from Ground-Truth Finding 0.4728+0.2364 0.3917+0.2513 0.3248+0.2638 0.2585+0.2588 0.5530+0.2885 0.2440+0.1822 1.7355+1.7544
Generated from Finding generated by our framework  0.453840.2409 0.3840+0.2562 0.3255+0.2646 0.2640+0.2586 0.5602+0.2840 0.2280+0.1829 1.7309+1.6639

MIMIC-CXR
Test Set

Generated from Ground-Truth Finding 0.3785:02264 0.2952+02265 02386102184 01926402052 04039102448 01968101558 1.0740+£1.4191
Generated from Finding generated by our framework 0.3657:0.2334 0.287510.2348 0.234440.2299 0.1920:+02163 0.4086+0.2535 0.1929+0.1615 1.1052+1.5028
Validation Set

Generated from Ground-Truth Finding 0.4274+0.2559 0.3577+0.2612 0.3059+0.2574 0.2606+0.2440 0.4874+0.2902 0.2231+0.1854 1.3739+1.6306

Generated from Finding generated by our framework  0.425540.2500 0.3511+0.2549 0.2957+0.2516 0.2481+0.2392 0.4793+0.2853 0.2216+0.1819 1.3165+1.5608
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Figure 42. Visualization of generated Impression sections from Findings by our proposed
framework on the 1U X-Ray dataset. The figure showcases examples of Impression sections
generated by the framework based on both ground truth and framework-generated Findings.
The visualization highlights the coherence, clinical relevance, and accuracy of the generated
Impression sections, demonstrating the framework's ability to synthesize concise summaries
from detailed Findings. This example underscores the effectiveness of the framework in
automating the generation of clinically useful radiology reports.
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Chest X-Ray Image

Ground-Truth Findings

Moderate to large bilateral pleural effusions are|
again seen, likely right greater than left. There
is suspected superimposed pulmonary edema
may have slightly improved since prior
although detailed evaluation is limited given
layering pleural effusions. Vasculature
appears less engorged. Cardiac silhouette
cannot ba assessed.

Keyword to Text: Moderate to large bilateral
pleural effusions are again seen, likely right
greater than left. There is suspected
superimposed pulmanary edema may have
slightly improved sinoe prior although detailed
avaluation is limited given laysring pleural
effusions. Vasculature appears less
engorged. Cardiac silhouette cannot be:
assessed.

Finding to Impression: li-defined patohy
opacilies are seen in the right lung base with
an associated small right pleural effusion,
which is also confirmed in the lateral view. A
dense left-sided retrocardiac opacity abutting
the left hemidiaphragm is unchanged since at
least ___ compatible with a Bochdalek hemia.
A small left plaural effusion is also likely
present. There is biapical pleuro-parenchymal
scarring, more conspicuous in the left apex.
No other focal opacities are identified. Mild
cardiomegaly is unchanged from prior. There
is no pneumathorax.

Finding to Impression:  Since the prior
radiograph, na significant change in the
widespread parenchymal opacities and
moderate cardiomegaly. No change in the left
the Port-A-Cath, which terminates at the
cavoatrial junction, and right pacemaker lead
in the right ventricle. No new focal
consalidation or larger pleural effusions.

Generated Findings

[Keyword to Text: There are moderate bilateral
pleural effusions, right greater than left. The
pulmonary vasculature is engorged and there
is mild pulmanary edema.’]

Finding to Impression:  Subtle patehy opacity
along the left heart barder on the frontal view,
not substantiated on the lateral view, may be
due to atelectasis/ scarting or epicardial fat
pad, less likely consalidation. No focal
consclidation seen elsewhere. There is no
pleural effusion or pneumothorax. Cardiac and
mediastinal silhouettes are stable. Hilar
contours are stable. No overt pulmonary
edema is seen. Chronic changes at the right
acromioclavicular joint are not well assessed.

[Keywaord to Text: There is a new focal opavity
in the left lower lung, partially obscuring the lef

Mild scarring at the right lung
apex is unchanged since ____ The

cardiomediastinal silhaustte and hilar contours
are unchanged. There is no pleural effusion or

A small hiatal hernia is noted."]

['Keyword to Text: A Port-A-Cath terminates at
the cavoatrial junction. Dual lead pacemaker is
again noted. No new focal conselidation is
seen.]

Ground-Truth Impression

Mild to |arge bilateral, right greater than left
pleural effusions. Degree of pulmonary
edema may have slightly improved since prior
exam although detailed evaluation is limited

Subtle patchy opacity along the left heart
border an the frontal view, not substantiated on
the lateral view, may be due to atelectasis/
scarring or epicardial fat pad, less likely
consolidation.

Right lower lobe pneumonia. Small bilateral
pleural effusions.

No significant change in the widespread
parenchymal opacities and moderate
cardiomegaly. No larger pleural effusions.

‘Generated Impression from Ground-Truth

[Moderate Io large bilateral pleural effusions,
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superimposed pulmonary edema may have

['Sublle patchy opacity along the left heart
border an the frontal view, not substantiated on
the lateral view, may be due 1o atelectasis/
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preumonia. Small bilateral pleural effusions.

['Na significant interval change in widespread
parenchymal opacities and moderate

superimposed pulmonary edema.’]

atelectasis/scarring or epicardial fat pad, less
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dense |eft retrocardiac opacity compatible with
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from [Moderate to large bilateral pleural effusions | border on the frontal view, not on|base with small right pleural
Findings with possible slight improvement in the lateral view, may be due to effusion, concerning for infection. 2. Stable ['No significant interval change.]

Figure 43. Visualization of generated Impression sections from Findings by our proposed
framework on the MIMIC-CXR dataset. The figure presents examples of Impression sections
generated by the framework based on both ground truth and framework-generated Findings.
The visualization emphasizes the coherence, clinical relevance, and accuracy of the generated
Impression sections, illustrating the framework's capability to produce concise and actionable
summaries from detailed Findings. This example further validates the framework's robustness
and applicability across diverse datasets in radiology report generation.
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6. Conclusion

This study presents a novel framework for radiology report generation that integrates
automatic keyword adaptation and frequency-based multi-label classification to improve both
performance and transparency. By replacing traditional black-box visual features with
interpretable keyword lists, our approach enhances explainability while reducing errors
inherent in conventional methods. Extensive experiments on the IU X-Ray and MIMIC-CXR
datasets demonstrate the superiority of our framework over state-of-the-art methods across all

key evaluation metrics.

Prior studies in chest X-ray image analysis often focus on narrowing the scope of target tasks,
such as lung region segmentation to isolate infection-prone areas ([187], [188], [189]).
Similarly, our framework employs a generalizable strategy by utilizing extracted keywords as
the starting point for radiology report generation. These keywords, refined through the RadLex
dictionary and prioritized using a frequency-based multi-label classification strategy, ensure
clinical relevance while balancing computational efficiency. This approach aligns with the
principle of "Garbage in, Garbage out” ([190]) underscoring the importance of high-quality,

context-appropriate inputs for reliable outputs.

Our findings also highlight the potential and limitations of commercial large language models
(LLMs), such as ChatGPT, in medical vision-language processing. While these models offer
efficient pipelines for generating reports, their performance heavily depends on large datasets,
which are common in natural image contexts but scarce in medical domains like chest X-ray
reporting. Additionally, high-resolution imaging modalities such as pathology imaging ([191])

can provide sufficient data through slicing techniques, but chest X-ray datasets paired with
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radiology reports remain relatively small in scale, limiting the generalizability of LLMs in this

area.

Further challenges arise from the cost, computational demands, and lack of explainability of
commercial LLMs. Many LLMs rely on external servers, raising concerns about data privacy
and integration with clinical workflows. Moreover, the opaque nature of these models makes
it difficult for radiologists to validate the logic or evidence behind generated reports, often
relegating them to post-generation editing tasks ([192]). This not only increases workload but

also discourages adoption of Al-assisted workflows in favor of manual report drafting.

In contrast, our proposed framework addresses these challenges by introducing a transparent
intermediate step: generating interpretable keyword lists. These lists allow radiologists to
validate and refine extracted features before finalizing reports which is shown in Figure 44,
fostering a collaborative workflow that enhances usability and aligns with clinical needs.
Additionally, the framework promotes clarity and adaptability within the domain of radiology

informatics.

Although our framework achieved high performance, it inevitably introduced a longer
generation time compared with the conventional single-stage encoder—decoder structure. This
increase in processing time stems from the multi-step design, which, while improving the
quality of the generated reports, adds additional computation. We consider that, in the context
of automatic radiology report generation, prioritizing accuracy over minimal generation time

is more valuable for clinical applicability.

Furthermore, due to the limitations of the available datasets, our framework has not yet
undergone external validation in real-world clinical settings. As a result, we were unable to

fully assess its robustness and generalizability when applied to diverse patient populations
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and imaging protocols. Conducting such external validation will be an important focus of our

future work.

Looking forward, we plan to validate our framework in real-world clinical settings through
external validations and stress tests, assessing its robustness under diverse conditions. A
critical focus will be on ensuring semantic consistency between the generated keywords and
the corresponding radiology report sentences. Preliminary findings reveal occasional
semantic mismatches, where generated text misrepresents or contradicts the intended
meaning of the keywords. Inspired by prior research ([193]), we will explore techniques to
align keyword semantics with generated sentences to address this issue. By continuing to
refine and adapt our framework, we aim to advance automated radiology report generation

and foster trust and adoption of Al-driven medical solutions.
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Figure 44. Proposed future collaboration workflows between the pipeline and radiologists for
refining keywords and finalizing radiology reports. The diagram illustrates three approaches:
the proposed pipeline (a) and two collaborative workflows (b that contain b-1 and b-2). In the
propo sed pipeline (a), medical imaging data is processed for keyword extraction, undergoing
automatic verification and refinement before being input into a pretrained large language
model (LLM) to generate clinically relevant reports. In the (b-1) workflow, the process is
enhanced by radiologists double-checking the refined keywords before they are input into the
LLM for report generation. In the (b-2) workflow, the refined keywords undergo the same
process as (b-1), but the generated reports are further reviewed and revised by radiologists to
produce the final radiology report, ensuring the highest quality and clinical accuracy.
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