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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 
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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 AI-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-AI interactive communication.   
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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 
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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 (AI)-powered solutions have emerged as 

promising tools in medical imaging workflows. By leveraging machine learning, AI 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 AI-based solutions offers a scalable pathway to improve 

efficiency and maintain diagnostic quality, reinforcing the central role of CXR in modern 

healthcare. 

 

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. 
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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] 
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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 (AI) and deep 

learning techniques have driven the development of automatic radiology report generation 

systems. These AI-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 AI models primarily target the Findings and 

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

and CT scans, each associated with distinct reporting styles tailored to their imaging 

characteristics and diagnostic requirements.        
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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-
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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. 

 

 

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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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 AI to Deep Learning in radiology: The Expanding Scale 

of AI Models. 

The development of artificial intelligence (AI) in radiology report generation has closely 

followed the evolution of AI 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 AI models. 

Early AI 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 (CNNs), 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, AI 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, AI 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 AI 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 AI-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 OpenAI ([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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(a) The overview illustration of VL tasks, including the transformation between image and 

text (in orange), between video and text (in green) and utilizing text as auxiliary 

information (in pink) 

 

(b) CLIP model pipeline, which is also the general format of utilizing language texts as the 

auxiliary information to help pretraining in vision-related tasks. 

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 IU 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 IU 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. 

 

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 IU 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. 
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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. 
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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). RadLex 

provides a standardized vocabulary that encompasses anatomical structures, imaging 

modalities, pathological conditions, and diagnostic findings, offering broad coverage for both 

manual and AI-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 AI-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 AI 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 (AI) 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.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                              

 

 

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 
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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. 

 

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. 

 

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 (AI) 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 AI 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 (RNNs) [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 (LLMs). 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 AI systems. 

 

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 OpenAI’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 AI-driven applications. 
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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 AI-assisted patient communication and seamless 

integration across hospital departments. 
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3. Materials and Methods 

3.1 Dataset Collection 

3.1.1  IU X-Ray Dataset   

The IU 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 IU X-Ray 

dataset is shown in Figure 14. 
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Figure 14. Example of a radiology report from the IU 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/MTI, 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. 

 

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. 

 

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.  

 

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 (LLMs) 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, 
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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(𝐿+) = (1 − 𝑝)𝑦 + log(𝑝) 

𝐴𝑆𝐿(𝐿−) = (𝑝𝑚)
𝑦 − log⁡(1 − 𝑝𝑚) 

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) = −∑𝑃(𝑥)𝑙𝑜𝑔𝐺(𝑥)

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: IU 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 IU 

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. 
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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. 



63      

 

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. 

 

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. 

 

 

 

Figure 23. Sample failure cases from the IU 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 



65      

 

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 IU 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 IU 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.  

 

 

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. 
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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. 

 

 

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 IU 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 mean±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.  
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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 mean±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. 
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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 mean±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. 
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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 mean±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. 

 

 

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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Figure 27. 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 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 

in our commands to the large language model. 

 

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 IU 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 mean±standard 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 
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Table 11. Performance comparison of different networks for multi-label classification on the 

MIMIC-CXR dataset. Results are reported as mean±standard 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. 
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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 mean±standard 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. 

 

 

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 IU 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 (IU 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 IU 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. 
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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 IU X-Ray dataset. In the 

reference reports and our generated reports, keywords predicted by our multi-label 

classification are highlighted in blue. 

 

Table 14. Performance comparison of radiology report generation on the MIMIC-CXR dataset 

across different keyword clusters. Results are presented 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. 
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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, AI-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 LLMs 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 LLMs, 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. 

 

 

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. 
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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 IU 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. 

 

 

 

Figure 31. 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 

frequently. This distribution generally aligns with a normal-like pattern, reflecting typical 

variability in radiology report complexity 
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Figure 32. 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 

models 
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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. 
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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 AI-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 IU 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 GenAI platform 

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

https://genai.polyu.edu.hk/
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• GPT-4o (multimodal version) by OpenAI 

• Qwen2-VL by Alibaba Cloud [185] 

• Llama 3.1 by Meta 

Additionally, we included DeepSeek [186], a recent LLM developed by a Chinese AI 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: 

• DeepSeek-V3 via the API platform 

• 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. 
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Figure 34. Graphical User Interface (GUI) of the PolyU GenAI platform. The figure showcases 

the interface designed to interact with and evaluate multiple commercial large language models 

(LLMs), 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-4o, Qwen and 

Llama as the sample commercial LLMs. 
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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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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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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 IU 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 IU 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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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. 
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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. 

 

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 IU 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 techniques. 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. 

 

 

Figure 42. Visualization of generated Impression sections from Findings by our proposed 

framework on the IU 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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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. 

 

 

 

 



108      

 

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 AI-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 AI-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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