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 A B S T R A C T

Background: Radiology reports are essential in medical imaging, providing critical insights for diagnosis, 
treatment, and patient management by bridging the gap between radiologists and referring physicians. 
However, the manual generation of radiology 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.
Methods: In this study, we address these challenges by proposing a novel deep learning framework for 
radiology report generation that enhances explainability, accuracy, and adaptability. Our approach replaces 
traditional black-box features in computer vision with transparent keyword lists, improving the interpretability 
of the feature extraction process. To generate these keyword lists, we apply a multi-label classification 
technique, which is further enhanced by an automatic keyword adaptation mechanism. This adaptation 
dynamically configures the multi-label classification to better adapt specific clinical environments, reducing 
the reliance on manually curated reference keyword lists and improving model adaptability across diverse 
datasets. We also introduce a frequency-based multi-label classification strategy to address the issue of keyword 
imbalance, ensuring that rare but clinically significant terms are accurately identified. Finally, we leverage 
a pre-trained text-to-text large language model (LLM) to generate human-like, clinically relevant radiology 
reports from the extracted keyword lists, ensuring linguistic quality and clinical coherence.
Results: We evaluate our method using two public datasets, IU-XRay and MIMIC-CXR, demonstrating superior 
performance over state-of-the-art methods. Our framework not only improves the accuracy and reliability of 
radiology report generation but also enhances the explainability of the process, fostering greater trust and 
adoption of 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 conclusion, we developed a novel deep-learning based radiology report generation method 
for preparing high-quality and explainable radiology report for chest X-ray images using the multi-label 
classification and a text-to-text large language model. Our method could address the lack of explainability in 
the current workflow and provide a clear and flexible automated pipeline to reduce the workload of radiologists 
and support the further applications related to Human–AI interactive communications.
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1. Introduction

Radiology reports are a critical component of medical imaging, 
serving as the primary communication medium between radiologists 
and referring clinicians. These reports offer essential insights for di-
agnosis, treatment planning, and ongoing patient management. The 
accuracy, clarity, and timeliness of radiology reports directly influence 
clinical decision-making and patient outcomes. However, the manual 
drafting of radiology reports remains a time-intensive and laborious 
task, particularly as imaging volumes continue to rise. On average, 
composing a chest X-ray radiology report takes approximately 1 min 
and 38 s to 2 min per case [1]. This burden is further exacerbated by 
the global shortage of radiologists, creating significant bottlenecks in 
healthcare systems.

These challenges are especially pronounced in countries with high 
clinical demand and limited imaging resources, such as Canada [2] and 
the UK [3]. In such settings, patients may wait up to 32 days from the 
time of imaging to receive a diagnosis, largely due to reporting delays 
and strained radiology departments. These circumstances underscore 
a growing demand for automated solutions that can expedite report 
generation and alleviate workforce pressures.

Artificial intelligence (AI)-assisted automatic radiology report gen-
eration has emerged as a promising approach to address these chal-
lenges. By automatically translating radiological findings into struc-
tured and clinically relevant narratives, such systems have the potential 
to significantly reduce reporting time, streamline clinical workflows, 
and enhance diagnostic efficiency. Compared to manual report draft-
ing, which takes several minutes [1], automated systems can generate 
reports in less than one second per case. This rapid turnaround time en-
ables near-instantaneous availability of reports, which has been shown 
to reduce diagnostic delays by nearly half when immediate reporting is 
implemented [4].

Despite these benefits, existing deep learning-based report genera-
tion methods—especially those built on encoder–decoder
architectures—still face key limitations. Chief among them is the lack 
of transparency and interpretability. The high-level features extracted 
by visual encoders are often abstract and not clinically meaningful, 
leading to errors, irrelevant details, or missing critical information in 
the generated text. This ‘‘black-box’’ nature of current models limits 
clinicians’ ability to validate or trust the generated reports, presenting 
a significant barrier to their integration in clinical practice.

To address these challenges, we propose a novel framework for 
radiology report generation that emphasizes explainability, accuracy, 
and adaptability. Fig.  1 illustrates the core motivation behind our 
approach, highlighting the transition from unexplainable features to an 
interpretable, controlled keyword list that serves as the foundation for 
report generation. Central to our framework is the systematic multi-
label classification process that generates an interpretable keyword list. 
Initially, general language models are used to extract relevant keywords 
from medical imaging data. These keywords are then verified using a 
radiology-specific dictionary, such as RadLex, and ranked by frequency 
to cluster them into meaningful categories for multi-label classification. 
By changing the report generation process from the unexplainable fea-
tures to the controllable keyword list, our approach not only enhanced 
the interpretability by also mitigate the impact of uncontrollable fea-
tures, which is a key aspect of the ‘‘Garbage in – garbage out’’ principle, 
to mislead the report generation. This principle emphasizes that the 
quality of input data directly affects the quality of the generated output. 
By filtering out unrelated or erroneous radiological information, our 
framework ensures that only relevant, accurate data are fed into the 
system, thereby improving the quality of the automatically generated 
reports.

The ‘‘Garbage in – garbage out’’ concept [5], widely recognized 
in health data management, underscores the importance of accurate, 
valid, and comprehensive data collection. Poor input data inevitably 
leads to unreliable outputs, as seen in clinical documentation and 
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healthcare analytics. By ensuring that our input data—keywords ex-
tracted from radiological images and verified using domain-specific 
dictionaries—is precise and relevant, we enhance both the quality 
control of report generation and the transparency of the AI workflow. 
This transparency enables medical professionals, particularly radiolo-
gists, to easily visualize and refine the keyword list, facilitating quality 
assurance and the potential for manual adjustments to improve report 
accuracy and relevance.

In addition to improving data quality, our framework incorpo-
rates a frequency-based multi-label classification strategy to address 
keyword imbalance, where rare but clinically significant terms may 
be overlooked. By clustering keywords based on their frequency, our 
model reduces prediction errors while ensuring accurate identification 
of critical information. These keywords are then utilized by a text-to 
text large language model (TT-LLM), pretrained on medical datasets, to 
generate human-like radiology reports. Unlike traditional text decoders 
that rely on black-box features in computer vision, our text-to text 
LLM transforms interpretable keywords into coherent, natural language 
reports that maintain clinical relevance and readability. Our framework 
not only improves the quality and transparency of radiology report 
generation but also offers practical benefits for clinical workflows. 
Radiologists can easily review and modify the keyword list, providing a 
straightforward quality control mechanism and enabling personalized 
enhancements to report content. Furthermore, the generated reports are 
both comprehensive and interpretable, empowering clinicians to make 
informed decisions with confidence.

We evaluate our approach using two public datasets, IU-XRay and 
MIMIC-CXR, demonstrating its superior performance compared to state-
of-the-art methods. The results show that our framework produces high-
quality, human-like radiology reports that capture essential clinical 
information while maintaining transparency and adaptability. Through 
ablation studies, we validate the contributions of each component, 
including automatic keyword adaptation, frequency-based multi-label 
classification, and text-to text LLM-based report generation.

The main contributions are as follows:

• Framework Innovation: We introduce a deep learning-based 
framework that replaces black-box features in computer vision 
with a transparent keyword list, integrating automatic keyword 
adaptation, frequency-based multi-label classification, and text-to 
text LLM-based report generation.

• Automatic Keyword Adaptation: We propose a dynamic mech-
anism to generate and verify keywords using general language 
models and radiology-specific dictionaries, ensuring robust key-
word extraction across diverse clinical settings.

• Frequency-Based Multi-Label Classification: We address key-
word imbalance by clustering terms based on their frequency, 
reducing prediction errors and accurately identifying rare but 
important keywords.

• Text-to text LLM-Based Report Generation: We employ a pre-
trained text-to text LLM to transform verified keywords into co-
herent, human-like radiology reports, ensuring clarity, accuracy, 
and clinical utility.

• Comprehensive Validation: We validate our approach on public 
datasets, demonstrating superior performance compared to exist-
ing methods and highlighting the effectiveness of each framework 
component.

2. Related work

In this section, we first explore recent advancements in vision-
language applications within medical contexts, establishing the foun-
dation for our work and emphasizing the growing synergy between 
visual and textual data in healthcare. Additionally, we review current 
methodologies in radiology report generation for chest X-ray images, 
focusing on the mechanisms that inform and inspire our proposed 
framework.
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Fig. 1. Illustration of the motivation behind the proposed method. Conventional approaches employing an encoder–decoder structure rely on black-box features to generate 
radiology reports, often resulting in missed critical information. In contrast, our method leverages a visible keyword list, derived through multi-label classification, to replace 
unexplainable black-box features. This ensures that the generated radiology reports are not only comprehensive in covering essential information but also maintain high quality 
and enhanced explainability.
2.1. Vision-language applications in medical scene

As the demand for automated language processing increases in 
various fields constrained by limited manpower and time, it has be-
come essential to develop algorithms capable of efficiently processing 
both simple, large-scale language data and complex contexts. With 
advances in deep learning and growing computational power, language 
models like BERT [6] and Transformer [7] have been introduced for 
natural language processing (NLP) tasks, revolutionizing automated 
language processing. 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 architec-
tures, these models reduce workload and improve performance across 
diverse NLP tasks.

More recently, the application of transformer structures in com-
puter vision has highlighted structural similarities in models used for 
both visual and language processing tasks. This synergy has driven 
the rise of vision-language integration as a promising research area, 
where text can aid in image understanding and images can enhance 
language processing by providing the high-level features for interpre-
tation. Vision-language applications in natural images include image 
captioning, visual recognition, and text-to-image generation.

In medical imaging, vision-language applications hold even greater 
potential, as image interpretation directly impacts diagnostic efficiency. 
Integrating medical images with associated text is especially valuable, 
allowing for the automated generation of descriptive analysis and 
assisting in identifying key diagnostic features, which is critical in light 
of the current radiologist shortage.

Building on advancements in vision-language applications for nat-
ural images, similar approaches have been increasingly adopted in the 
medical imaging domain to tackle diverse tasks. These include image–
text classification support [8–10], question-answering using images and 
associated questions [11,12], and medical object detection with text 
guidance [12,13]. In these tasks, images often serve as the primary data 
source, with text providing auxiliary contextual information. Paired 
image–text datasets are therefore essential for capturing the intricate 
relationships between visual and textual elements.

A significant advancement in vision-language modeling is the Con-
trastive Language-Image Pre-Training (CLIP) framework, proposed by 
OpenAI [14]. CLIP enables training models using large-scale image–text 
pairs, reducing the need to train models from scratch and providing 
a robust zero-shot predictor. Leveraging CLIP as a pre-trained model 
has led to numerous applications in the medical domain. These include 
fine-tuning pre-trained checkpoints for wide-range of tasks [9,15,16] 
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Furthermore, CLIP has been employed as a zero-shot predictor for 
Classification [17–19], and medical visual question answering [20–22].

The CLIP framework introduces a paradigm shift in medical vision-
language applications by enabling downstream tasks to benefit from 
pre-trained models through fine-tuning and optimization. Its adaptabil-
ity and efficiency suggest a growing trend in leveraging CLIP-driven 
models in medical vision-language research.

Despite its potential, general vision-language models, including 
CLIP, face limitations when applied to new and dynamic medical 
contexts. Models trained on specific datasets may struggle to generalize 
across varying clinical environments, particularly when encountering 
unfamiliar diseases or diagnostic scenarios absent from training data. 
While CLIP partially mitigates this issue through its large-scale training, 
it still encounters challenges when predictions fall outside the prede-
fined scope of its training datasets. For instance, tasks with undefined 
prediction ranges may lead to suboptimal performance, which is a 
common scenarios in radiology report generation which is not limited 
in the writing style. This underscores the need for further innovations 
to enhance the adaptability of vision-language models in the medical 
domain, particularly in scenarios with high variability and uncertainty.

To address this, we propose an automatic keyword adaptation mech-
anism that leverages sample reports to dynamically generate relevant 
keywords for new scenes, thereby relieve the problem of the application 
of vision-language models to unfamiliar disease contexts. This adaptive 
approach allows our model to overcome limitations in generalization, 
enhancing its robustness and effectiveness across a range of clinical 
applications.

2.2. Radiology report generation

Radiology reports describe and summarize the observed features in 
medical images, including X-rays, computed tomography scans, and 
magnetic resonance images [23]. They provide essential insights into 
a patient’s condition and are vital 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 [24].

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 translat-
ing them into textual descriptions. Monshi et al. [25] This integration 
of deep learning has attracted attention due to its potential to enhance 
both the efficiency and accuracy of radiology reporting.
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In the early stages of radiology report generation research, founda-
tional datasets and benchmarks such as IU X-ray [26] and MIMIC-CXR 
[27] were introduced, offering chest X-ray images paired with free-text 
radiology reports. The IU X-ray dataset consists of 7470 image–report 
pairs, while the larger MIMIC-CXR dataset includes 377,110 images 
linked to 227,835 radiographic studies, alongside additional informa-
tion 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 cur-
rent 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 Jing et al. [28] introduced a deep learn-
ing framework for radiology report generation based on an encoder–
decoder architecture. In this model, a Convolutional Neural Network 
(CNN) functions as the feature extractor, capturing detailed visual 
information from medical images, while a Long Short-Term Memory 
(LSTM) network serves as the text decoder, generating radiology re-
ports that mimic human-written descriptions. This encoder–decoder 
framework 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 [29–31]. 
Attention mechanisms have also been introduced to better align the 
encoded features with the content of the reports [32,33]. For the 
development of decoder, more sophisticated designs [34,35] are being 
used to generate text that captures the detailed and specific language 
used in radiology reports. Additionally, the connection between the 
encoder and decoder has been strengthened by using Graph Convolu-
tion Networks (GCNs), which help the system better understand the 
relationships between the report content and the image features.

A pioneering effort in this area, RadGraph, focused on extracting 
clinical entities and their relationships from radiology reports to con-
struct a knowledge graph [36]. Leveraging an information extraction 
schema, RadGraph achieved a micro F1 score of 0.82 for MIMIC-CXR 
and 0.73 for the CheXpert test sets in relation extraction. Building 
on RadGraph’s foundation, recent studies have explored knowledge-
based mechanisms and graph structures to better model relationships 
within radiology reports [37,38]. These approaches typically involve 
identifying key entities and relationships, then constructing a knowl-
edge graph to capture the underlying structure and dependencies. This 
process mirrors human reasoning, offering an interpretable feature set 
and improving the quality of generated reports.

Despite these advancements, the traditional encoder–decoder
pipeline has significant limitations. The quality of generated reports 
heavily depends on the black-box features extracted by the encoder, 
which are constrained by the training data. This dependency limits 
the model’s adaptability to new clinical settings, reducing its utility 
across diverse environments. Additionally, the text decoder in the 
standard pipeline often starts training from scratch, relying 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 address these shortcomings, recent studies have incorporated 
large language models (LLMs) pretrained on extensive language
datasets or commercial LLMs to enhance report quality. For instance, 
Wang et al. [39] employed Llama2, a frozen LLM, for radiology re-
port generation. This approach uses tokenizers and visual mappers to 
translate visual features into language-understandable tokens, resulting 
in reports with high readability and a human-like style. Similarly, 
Soleimani et al. [40] investigated the feasibility of using ChatGPT for 
radiology report generation. Their method involved using the online 
LLMs Claude.ai to extract keywords from the input data, which were 
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then fed into a predefined template via ChatGPT to produce the 
report. However, these approaches still rely on unexplainable features 
extracted by models or tools as input, making them susceptible to 
limitations in flexibility and robustness across varied clinical contexts.

In our proposed approach, we aim to replace the traditional
encoder–decoder structure with a hybrid system combining multi-label 
classification and an LLM. Instead of generating complex, opaque fea-
tures, the multi-label classification step identifies explicit, interpretable 
keywords describing the image. These keywords are then synthesized 
into a coherent, human-like radiology report by the LLM. This approach 
not only enhances interpretability but also enables more adaptable, 
high-quality text generation across diverse medical scenarios.

2.3. Keyword extraction in medical contexts

Keyword extraction is a fundamental task in natural language pro-
cessing (NLP) that involves identifying and isolating significant terms to 
distill complex texts into their essential elements. This process plays a 
pivotal role in enabling language models to perform downstream tasks 
effectively. In the medical domain, keyword extraction assumes even 
greater importance, given the specialized terminology and intricate 
structures inherent in medical texts. These complexities pose unique 
challenges for traditional machine learning and NLP methods.

Over the years, a variety of rule-based and model-driven approaches 
have been developed to address keyword extraction in healthcare. For 
instance, [90] proposed a framework that utilizes a medical dictionary 
to extract and organize keywords by matching and retrieving terms 
from clinical reports. This method captures critical clinical information 
by leveraging domain-specific lexicons. Similarly, [91] evaluated key-
word extraction techniques applied to pathology reports in electronic 
health records, introducing refined methodologies to enhance accuracy 
and relevance. These studies underscore the feasibility and utility of 
keyword extraction in medical NLP while highlighting the need for 
precise and domain-specific adaptations.

Radiology reports, however, present unique challenges for keyword 
extraction. Unlike pathology reports, they often lack well-established 
ground truth for keyword identification. Moreover, radiology reports 
exhibit significant variability in writing styles and terminologies across 
datasets, leading to domain shift—a phenomenon where models trained 
on one dataset struggle to generalize effectively to another. Addressing 
these issues necessitates innovative solutions that can adapt to diverse 
radiology datasets while maintaining high accuracy.

To overcome these challenges, our proposed framework introduces 
an automatic keyword adaptation mechanism. This approach combines 
a general-purpose language model with a specialized radiology dictio-
nary, enabling the extraction of relevant keywords even in the absence 
of predefined ground truth annotations. By dynamically adapting to 
varying styles and terminologies, the framework effectively mitigates 
the impact of domain shifts between datasets. Specifically, it sets 
the keywords dynamically before applying multi-label classification, 
ensuring consistency and relevance across diverse radiology contexts.

This mechanism not only improves the accuracy of keyword extrac-
tion but also enhances the alignment between extracted features and 
the textual content of radiology reports. By strengthening the connec-
tion between the visual and textual modalities, our framework ensures 
the generation of high-quality, interpretable radiology reports. This 
adaptability and robustness make our framework a powerful solution 
for vision-language integration in medical imaging applications.

2.4. 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 mul-
tiple findings or pathologies. In natural image processing, multi-label 
classification has been extensively studied, with several approaches 
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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.
 Work Year Model (Encoder) Model (Decoder) Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr 
 Jing et al. [28] 2017 CNN LSTM 0.517 0.386 0.306 0.247 0.447 0.217 0.327 
 Xue et al. [41] 2018 CNN LSTM 0.464 0.358 0.270 0.195 0.366 0.274 /  
 Harzig et al. [42] 2019 CNN(ResNet-152) LSTM 0.373 0.246 0.175 0.126 0.315 0.163 0.359 
 Xie et al. [32] 2019 CNN LSTM 0.443 0.337 0.236 0.181 0.347 / 0.374 
 Yuan et al. [43] 2019 CNN(ResNet-152) LSTM 0.529 0.372 0.315 0.255 0.453 0.343 /  
 Li et al. [44] 2019 CNN Transformer 0.482 0.325 0.226 0.162 0.339 / 0.280 
 Jing et al. [45] 2019 CNN LSTM 0.464 0.301 0.210 0.154 0.362 / 0.275 
 Chen et al. [29] 2020 Transformer Transformer 0.470 0.304 0.219 0.165 0.371 0.187 /  
 Zhang et al. [38] 2020 CNN (DenseNet-121) LSTM 0.441 0.291 0.203 0.147 0.367 / 0.304 
 Wang et al. [46] 2021 CNN LSTM 0.487 0.346 0.270 0.208 0.359 / 0.452 
 Alfarghaly et al. [47] 2021 CheXnet (DenseNet121-CNN) GPT2 0.387 0.245 0.166 0.111 0.289 0.164 0.257 
 Liu et al. [33] 2021 CNN(ResNet-50) LSTM 0.492 0.314 0.222 0.169 0.381 0.193 /  
 Liu et al. [48] 2021 Transformer Transformer 0.483 0.315 0.224 0.168 0.376 0.190 0.351 
 Yang et al. [49] 2021 CNN Transformer 0.496 0.327 0.238 0.178 0.381 / 0.382 
 Nooralahzadeh et al. [34] 2021 CNN Transformer 0.486 0.317 0.232 0.173 0.390 0.192 /  
 Yang et al. [50] 2021 CNN Transformer 0.497 0.319 0.230 0.174 0.399 / 0.407 
 Zhou et al. [51] 2021 CNN Transformer 0.536 0.391 0.314 0.252 0.448 0.228 0.339 
 Li et al. [52] 2022 CNN+Transformer Transformer 0.467 0.334 0.261 0.215 0.415 0.201 /  
 You et al. [31] 2022 Transformer Transformer 0.484 0.313 0.225 0.173 0.379 0.204 /  
 Wang et al. [53] 2022 CNN Transformer 0.505 0.340 0.247 0.188 0.382 0.208 /  
 Sirshar et al. [54] 2022 CNN LSTM 0.580 0.342 0.263 0.155 / / /  
 Yan et al. [55] 2022 CNN Transformer / / 0.256 / 0.341 / 0.380 
 Wang et al. [56] 2022 Transformer Transformer 0.496 0.319 0.241 0.175 0.377 / 0.449 
 Yu and Zhang [57] 2022 CNN(ResNet-152) Transformer 0.457 0.305 0.216 0.171 0.391 / 0.426 
 Chen et al. [58] 2022 CNN Transformer 0.475 0.309 0.222 0.170 0.375 0.191 /  
 Wang et al. [59] 2022 CNN(ResNet-101) Transformer 0.525 0.357 0.262 0.199 0.411 0.220 0.359 
 Nicolson et al. [60] 2022 Transformer Transformer 0.473 0.303 0.224 0.175 0.375 0.199 0.693 
 Delbrouck et al. [61] 2022 CNN BERT / / / 0.121 0.306 / /  
 You et al. [62] 2022 CNN (ResNet) Transformer 0.479 0.319 0.222 0.174 0.377 0.193 /  
 Wu et al. [63] 2022 CNN LSTM 0.458 0.324 0.238 0.180 0.369 0.206 0.287 
 Yan et al. [64] 2022 CNN Transformer 0.482 0.313 0.232 0.181 0.381 0.203 0.735 
 Wang et al. [65] 2022 Graph Convolution Network, CNN Transformer 0.450 0.301 0.213 0.158 0.384 / 0.340 
 Qin and Song [66] 2022 CNN Transformer 0.494 0.321 0.235 0.181 0.384 0.201 /  
 Tanwani et al. [67] 2022 CNN (ResNeXt-101) BERT, Transformer 0.580 0.440 0.320 0.270 / / /  
 Wang et al. [68] 2022 CNN (ResNet-101) Transformer 0.505 0.345 0.243 0.176 0.396 0.205 /  
 Kong et al. [69] 2022 Transformer Transformer 0.484 0.333 0.238 0.175 0.415 0.207 /  
 Li et al. [70] 2023 Transformer Transformer / / / 0.163 0.383 0.193 0.586 
 Yang et al. [71] 2023 CNN LSTM 0.478 0.344 0.248 0.180 0.398 / 0.439 
 Kale et al. [35] 2023 CNN(ResNet-152) BART 0.423 0.256 0.194 0.165 0.444 0.150 /  
 Huang et al. [72] 2023 CNN(ResNet-101) Transformer 0.525 0.360 0.251 0.185 0.409 0.242 /  
 Wang et al. [73] 2023 Transformer Transformer 0.483 0.322 0.228 0.172 0.380 0.192 0.435 
 Hou et al. [74] 2023 CNN Transformer 0.510 0.346 0.255 0.195 0.399 0.200 /  
 Wang et al. [39] 2023 Swin-Transformer LLAMA2 0.488 0.316 0.228 0.173 0.377 0.211 0.438 
 Kale et al. [75] 2023 CNN Transformer 0.402 0.322 0.285 0.170 0.567 0.455 0.473 
 Li et al. [76] 2023 VAE Transformer 0.530 0.365 0.263 0.200 0.405 0.218 0.501 
 Mohsan et al. [77] 2023 Transformer Transformer 0.532 0.344 0.233 0.158 0.387 0.218 0.500 
 Chen et al. [78] 2023 Transformer Transformer 0.505 0.334 0.245 0.190 0.394 0.210 0.592 
 Zhang et al. [79] 2024 CNN Transformer 0.482 0.310 0.221 0.165 0.377 0.195 /  
 Liu et al. [80] 2024 MiniGPT-4 MiniGPT-4 0.499 0.323 0.238 0.184 0.390 0.208 /  
 Zhou et al. [81] 2024 GPT4, CLIP BLIP-2 / / / 0.208 0.387 0.216 /  
 Yi et al. [82] 2024 CNN (ResNet 101) Transformer 0.500 0.349 0.256 0.194 0.402 0.218 /  
 Parres et al. [83] 2024 Swin Transformer BERT / / / 0.149 0.341 / /  
 Yi et al. [84] 2024 CNN (ResNet-101) Transformer 0.539 0.380 0.278 0.210 0.416 0.223 /  
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 prob-
lem. This pioneering work demonstrated that by incorporating label 
correlations, classifier chains could achieve more effective multi-label 
classification compared to binary relevance approaches [92].

With the advent of deep learning, particularly Convolutional Neural 
Networks (CNNs), multi-label classification saw significant advance-
ments, as deep learning models offered robust feature extraction ca-
pabilities. Numerous strategies have since been developed to optimize 
multi-label classification, including advanced network structures [93,
94,94,95], attention mechanisms [96–98], custom loss functions [99,
100], and specialized training methods for deep learning models [101]. 
These innovations have enhanced model performance on complex, 
imbalanced datasets, a frequent challenge in multi-label classification.

However, while natural image datasets such as MS-COCO, PAS-
CAL VOC, and ImageNet provide large volumes of labeled data for 
5 
multi-label classification, medical imaging datasets are often smaller 
and feature highly imbalanced label distributions. This imbalance can 
lead models to prioritize more frequent labels—often representing nor-
mal findings—at the expense of decreasing in detecting less common, 
clinically important abnormalities. To address this, various methods 
have been proposed to improve sensitivity for infrequent labels. Tech-
niques like label co-occurrence [102], attention mechanisms [103], and 
custom loss functions [104] have been adapted from natural image 
classification to support multi-label tasks in medical imaging.

While these approaches have shown high performance in multi-
label classification for medical images, directly applying multi-label 
classification as a keyword prediction tool in radiology images presents 
additional challenges. Unlike natural image classification, the keyword 
requirements in radiology are dynamic, varying across different med-
ical contexts. Traditional multi-label methods assume a stable set of 
labels, but in radiology, label sets may shift based on the specific 
clinical environment or available data.
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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.
 Work Year Model (Encoder) Model (Decoder) Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr 
 Chen et al. [29] 2020 Transformer Transformer 0.353 0.218 0.145 0.103 0.277 0.142 /  
 Liu et al. [33] 2021 CNN(ResNet-50) LSTM 0.350 0.219 0.152 0.109 0.283 0.151 /  
 Liu et al. [48] 2021 Transformer Transformer 0.360 0.224 0.149 0.106 0.284 0.149 0.237 
 Yang et al. [49] 2021 CNN Transformer 0.363 0.228 0.156 0.115 0.284 / 0.203 
 Nooralahzadeh et al. [34] 2021 CNN Transformer 0.378 0.232 0.154 0.107 0.272 0.145 /  
 Yang et al. [50] 2021 CNN Transformer 0.386 0.237 0.157 0.111 0.274 / 0.111 
 Hou et al. [85] 2021 CNN Transformer 0.232 / / / 0.240 0.101 0.493 
 Zhou et al. [51] 2021 CNN Transformer 0.372 0.241 0.168 0.123 0.335 0.190 1.121 
 Yan et al. [86] 2021 Transformer BERT 0.373 / / 0.107 0.274 0.144 /  
 Wang et al. [30] 2022 Transformer Transformer 0.413 0.266 0.186 0.136 0.298 0.170 0.429 
 You et al. [31] 2022 Transformer Transformer 0.378 0.235 0.156 0.112 0.283 0.158 /  
 Wang et al. [53] 2022 CNN Transformer 0.395 0.253 0.170 0.121 0.284 0.147 /  
 Yan et al. [55] 2022 CNN Transformer / / 0.145 / 0.225 / 0.160 
 Wang et al. [56] 2022 Transformer Transformer 0.351 0.223 0.157 0.118 0.287 / 0.281 
 Yu and Zhang [57] 2022 CNN(ResNet-152) Transformer 0.347 0.235 0.149 0.106 0.280 / 0.552 
 Chen et al. [58] 2022 CNN Transformer 0.353 0.218 0.148 0.106 0.278 0.142  
 Wang et al. [59] 2022 CNN(ResNet-101) Transformer 0.344 0.215 0.146 0.105 0.279 0.138 /  
 Nishino et al. [87] 2022 CNN LSTM / / / 0.168 0.122 / /  
 Nicolson et al. [60] 2022 Transformer Transformer 0.392 0.247 0.171 0.126 0.286 0.154 0.389 
 Delbrouck et al. [61] 2022 CNN BERT / / / 0.116 0.259 / /  
 Wu et al. [63] 2022 CNN LSTM 0.34 0.212 0.145 0.103 0.270 0.139 0.109 
 Serra et al. [37] 2022 CNN(ResNet-101) Transformer 0.363 0.245 0.178 0.136 0.313 0.161 /  
 Yan et al. [64] 2022 CNN Transformer 0.356 0.222 0.151 0.111 0.280 0.140 0.154 
 Qin and Song [66] 2022 CNN Transformer 0.381 0.232 0.155 0.109 0.287 0.151 /  
 Wang et al. [68] 2022 CNN (ResNet-101) Transformer 0.363 0.235 0.164 0.118 0.301 0.136 /  
 Kong et al. [69] 2022 Transformer Transformer 0.423 0.261 0.171 0.116 0.286 0.168 /  
 Li et al. [70] 2023 Transformer Transformer / / / 0.109 0.284 0.150 0.281 
 Tanida et al. [88] 2023 CNN Transformer 0.373 0.249 0.175 0.126 0.264 0.168 0.495 
 Yang et al. [71] 2023 CNN LSTM 0.362 0.251 0.188 0.143 0.326 / 0.273 
 Huang et al. [72] 2023 CNN(ResNet-101) Transformer 0.393 0.243 0.159 0.113 0.285 0.160 /  
 Wang et al. [73] 2023 Transformer Transformer 0.386 0.250 0.169 0.124 0.291 0.152 0.362 
 Hou et al. [74] 2023 CNN Transformer 0.407 0.256 0.172 0.123 0.293 0.162 /  
 Wang et al. [39] 2023 Swin-Transformer LLAMA2 0.411 0.267 0.186 0.134 0.297 0.160 0.269 
 Kale et al. [75] 2023 CNN Transformer 0.253 0.188 0.169 0.163 0.348 0.268 0.331 
 Li et al. [76] 2023 VAE Transformer 0.363 0.229 0.158 0.107 0.289 0.157 0.246 
 Chen et al. [78] 2023 Transformer Transformer 0.400 0.245 0.165 0.119 0.28 0.150 0.190 
 Zhang et al. [79] 2024 CNN Transformer 0.362 0.229 0.157 0.113 0.284 0.153 /  
 Liu et al. [80] 2024 MiniGPT-4 MiniGPT-4 0.402 0.262 0.180 0.128 0.291 0.175 /  
 Zhou et al. [81] 2024 GPT4, CLIP BLIP-2 / / / 0.122 0.296 0.165 /  
 Yi et al. [82] 2024 CNN (ResNet 101) Transformer 0.398 0.248 0.169 0.121 0.281 0.149 /  
 Parres et al. [83] 2024 Swin Transformer BERT / / / 0.116 0.265 / /  
 Zhang et al. [89] 2024 Transformer Transformer 0.391 0.258 0.182 0.129 0.282 0.175 0.526 
 Yi et al. [84] 2024 CNN (ResNet-101) Transformer 0.400 0.253 0.171 0.120 0.296 0.154 /  
To address this limitation, we propose an automatic keyword adap-
tation mechanism that dynamically adjusts the keyword set for multi-
label classification based on the availability of ground-truth keywords 
and radiology reports. This adaptive approach enables multi-label clas-
sification to be robust across varied medical contexts, enhancing its 
applicability and relevance in radiology. Furthermore, to solve the com-
mon problem of label imbalance in keywords, we propose to utilize the 
frequency-based multi-label classification to cover both the common 
keywords and rare but clinical keywords for generating high-quality 
radiology report.

3. Methodology

In this section, we present our proposed method for radiology 
report generation, which integrates Automatic Keyword Adaptation, 
Frequency-Based Multi-Label Classification, and TT-LLM for radiol-
ogy report generation based on keywords. Section 3.1 provides an 
overview of our approach, while Section 3.2 details the process of 
automatic keyword adaptation, which extracts and adapts keywords 
from radiology reports to set up frequency-based multi-label classifi-
cation. In Section 3.3, we introduce the frequency-based multi-label 
classification, which utilizes frequency clusters to efficiently classify 
keywords and generate the corresponding keyword list. Section 3.4 
describes the application of TT-LLM in generating radiology reports 
based on the keyword list obtained from frequency-based multi-label 
6 
classification. Finally, Section 3.5 outlines the loss functions employed 
in the frequency-based multi-label classification and the fine-tuning of 
the TT-LLM.

3.1. Overview

Given a set of radiology X-ray images, the objective is to gen-
erate a detailed sequence that describes both normal and abnormal 
findings present in the images. Traditional deep learning models typi-
cally 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 TT-LLM.

To extract the relevant keywords from the images, our method em-
ploys 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 intro-
duce automatic keyword adaptation, which dynamically adjusts the 
multi-label classification process based on provided radiology reports. 
This adaptation mechanism tailors the keyword generation to partic-
ular medical contexts by leveraging the available reports, ensuring 
flexibility and relevance for diverse clinical environments.



Z. He et al. Computers in Biology and Medicine 196 (2025) 110625 
Fig. 2. 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.
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 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 
TT-LLM 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 Fig.  2, enables our method to adapt 
to various medical scenarios with minimal reliance on predefined key-
word lists, enhancing its generalizability and robustness across different 
datasets and clinical conditions.

3.2. Automatic keyword adaptation

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.
7 
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 al-
lows the identification of relevant terms that reflect the information 
contained in the reports.

For keyword extraction, we utilize the KeyBERT model [105,106] 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 in our pipeline 
[107]. 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 the radiology dictionary RadLex 
to verify the validity of the terms. If any keyword is missing from the 
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Fig. 3. Block diagram of the proposed automatic keyword adaptation process. Beginning with the provided radiology reports, candidate keywords are extracted using the KeyBERT 
tool [105]. Subsequently, the extracted keywords are filtered using the RadLex Dictionary [107], 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 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.
dictionary RadLex, 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 incom-
plete 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 adap-
tation process is shown in Fig.  3. 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.

3.3. Frequency-based multi-label classification

Medical imaging presents unique challenges for multi-label clas-
sification, 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 predom-
inantly on predicting common findings while neglecting less frequent, 
yet clinically significant, conditions. This issue becomes even more pro-
nounced in our dynamic keyword adaptation process, where keywords 
are generated based on provided radiology reports from specific medi-
cal 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.

3.3.1. Frequency categorization
In typical image classification tasks, such as natural image recogni-

tion, 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. The frequency cate-
gorization 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 conditions. This approach ensures that keywords 
related to rare conditions are given sufficient attention, preventing their 
underrepresentation in the final reports.
8 
3.3.2. 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. While the 
frequency of the keywords determines the categorization, to main-
tain 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. 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 contex-
tually appropriate keywords for generating the radiology report. The 
visualization of the Keyword List Fusion process is shown in Fig.  4. 
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. Specifically, while 
a base threshold of 0.5 is used as a general classification criterion, we 
further refine this threshold adaptively to better capture infrequent but 
important keywords. This is achieved by scaling the base threshold by 
the ratio of each keyword’s frequency to the total keyword frequency. 
As a result, lower-frequency keywords are given proportionally more 
opportunity to be selected, ensuring that semantically important yet 
rare terms are not overlooked during the fusion process.

3.4. Radiology report generation based on keywords with text-to-text large 
language model (TT-LLM)

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 train-
ing, LLMs pre-trained on medical corpora possess inherent capabilities 
for generating professional and contextually appropriate medical nar-
ratives. Fine-tuning these models with domain-specific data further 
enhances their adaptability to radiology-specific use cases.

In our framework, we employ the Text-to-Text Transformer (T5) 
model [108], utilizing the fine-tuning methodology demonstrated by 
Clinical-T5 [109], 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 
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Fig. 4. 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.
radiology reports. This process aligns the model’s generative capa-
bilities 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 com-
prehensive radiology reports that reflect the clinical context and main-
tain a coherent, professional tone. By focusing on the semantic align-
ment 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 re-
ports 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.

3.5. Loss function

Our method comprises three main components: automatic keyword 
adaptation, 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 adaptation 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.
9 
In contrast, the frequency-based multi-label classification compo-
nent 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, originally proposed by [36], 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)𝛾+ 𝑙𝑜𝑔(𝑝) (1)

𝐴𝑆𝐿(𝐿−) = (𝑝𝑚)𝛾− 𝑙𝑜𝑔(1 − 𝑝𝑚) (2)

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) (3)

Here, the probability margin 𝑚0 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 distribu-
tions 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, while P(X) 
defined as prediction and G(X) defined as ground-truth: 

𝐶𝐸(𝐿) = −
∑

𝐺(𝑥)𝑙𝑜𝑔𝑃 (𝑥) (4)

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 en-
hances 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.

4. Experiment

In this section, we first describe the two public datasets and the 
applied radiology dictionary RadLex in our experiments, and also the 
metrics and experimental settings in detail. Then, we present the key-
word distribution analysis for two datasets generated by our automatic 
keyword adaptation. After that, we present both quantitative analysis 
and qualitative analysis of the proposed framework. Finally, to validate 
the effectiveness of each part in the proposed framework, we present 
the ablation study based on these two datasets.

4.1. Datasets and dictionary details

We conduct the experiments on two public datasets, i.e., IU X-
ray [26] and MIMIC-CXR [110]. Moreover, we also introduce the 
radiology dictionary RadLex [107] used for Automatic Keyword Adap-
tation. We also show the basic dataset and dictionary information 
in Table  3.
IU X-ray. The IU X-ray dataset is a widely-used benchmark and radiol-
ogy report dataset proposed by the Indiana University. It contains 7566 
chest X-ray images associated with 3852 radiology reports in original 
version. We firstly follow the official split from [29] into training set, 
validation set and testing set, and then we filter the images that do not 
contains the radiology report. To simply the process of training, we 
assume that each image in the cases shared the same radiology report. 
Finally, we collect and construct 6659 pairs in training set, 295 pairs 
in validation set and 590 pairs in testing set.
MIMIC-CXR. The MIMIC-CXR dataset for radiology reports is currently 
the largest publicly available dataset of chest radiographs with free-text 
radiology reports. The latest version of the datasets contain 377,110 
images corresponding to 227,835 radiographic studies. We utilize the 
version from July 23, 2024 and follow the official split provided by 
the PhysioNet and also filter the images without associated radiology 
reports. Finally, we collect and construct 270,790 pairs in training set, 
2130 pairs in validation set and 3858 pairs in testing set.
RadLex. RadLex, developed by the Radiological Society of North Amer-
ica (RSNA), is a comprehensive ontology of radiology terms designed 
for use in radiology reporting and related research. For our experi-
ments, we utilize RadLex version 4.2, which contains a vast collection 
of 46,838 terms. While this extensive vocabulary is valuable for cover-
ing diverse radiological concepts, its size presents challenges for direct 
application in radiology report generation. To address this, we leverage 
an automatic keyword adaptation mechanism to dynamically match 
extracted keywords with relevant entries in the RadLex dictionary. 
This approach effectively reduces the size of the keyword set, making 
it more manageable and tailored to the specific requirements of our 
report generation tasks.

4.2. Implementation details

The proposed framework employs a unified subnetwork architecture 
for frequency-based multi-label classification, with ConvNeXt [111] 
selected as the backbone network due to its advanced feature extraction 
capabilities. The process begins 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 remain unseen during training, the 
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keyword frequency analysis is limited to the training sets, as illustrated 
in Table  3. To manage the distribution of keywords, a logarithmic 
split strategy (log x) is applied based on the maximum frequency 
observed in each dataset. For IU X-ray, frequency clusters are di-
vided into three ranges: [10,100], [100,1000] and [1000,10,000]. 
Meanwhile, for MIMIC-CXR, five clusters are defined as [10,100], 
[100,1000],[1000,10,000],[10,000,100,000], and [100,000+]. This
approach ensures a balanced representation of keywords across fre-
quency ranges, thereby improving classification performance.

For radiology report generation, the framework employs a modified 
version of the Text-to-Text Transformer (T5) model [108], following 
the fine-tuning methodology described in [109]. Pre-trained check-
points are sourced from HuggingFace’s repository [112] to minimize 
initialization and training costs. The model is fine-tuned using the ex-
tracted keywords and corresponding radiology reports, which enables it 
to generate domain-specific, contextually accurate reports. This process 
adapts the model’s language generation capabilities to align with the 
stylistic and clinical requirements of radiology documentation.

The training process is optimized for both tasks. For multi-label 
classification, the network is trained for 120 epochs per frequency 
cluster with a batch size of 4. The Adam optimizer is used with an initial 
learning rate of 0.0001. For the fine-tuning of the language model, the 
training is performed over 10 epochs with a batch size of 2, using the 
Adam optimizer and an initial learning rate of 0.00005. All experiments 
are 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.

4.3. Evaluation metrics and details

The primary objective of this study is radiology report generation, 
and accordingly, the evaluation metrics focus on assessing the quality 
of the generated reports. For the two datasets utilized in this work, IU 
X-ray and MIMIC-CXR, we benchmark the performance of our proposed 
framework against a wide range of state-of-the-art (SOTA) radiology 
report generation models, as listed in Tables  1 and 2 in the ‘‘Related 
Work’’ section. To ensure a fair and comprehensive comparison, we 
re-implement the models proposed by [29,60] using their open-source 
code, aligning with our dataset splits, and include their results in 
the evaluation. For other SOTA models where re-implementation is 
not feasible, the reported performance values are taken directly from 
their original publications. It is worth noting that if a model does 
not provide results for one of the two datasets, we only report the 
metrics presented in its original paper and avoid relying on results from 
secondary sources, even if such comparisons are available.

The evaluation metrics used for radiology report generation align 
with those commonly adopted in SOTA works. These include Bilingual 
Evaluation Understudy (BLEU) scores (BLEU-1, BLEU-2, BLEU-3, BLEU-
4) [113], Recall-Oriented Understudy for Gisting Evaluation (ROUGE-
L) [114], Consensus-based Image Description Evaluation (CIDEr) [115], 
and Metric for Evaluation of Translation with Explicit ORdering (ME-
TEOR) [116]. In addition to language-based metrics, we incorporate 
Clinical Evaluation (CE) metrics to assess the clinical accuracy and 
usefulness of the generated reports—an increasingly important stan-
dard in recent works. Specifically, we adopt the CheXpert clinical 
evaluation metrics [117], which include F1 Score, Precision, and Recall 
calculated over a set of 14 clinical labels. Furthermore, we report the 
RadGraph evaluation scores [36], including both the Entity F1 Score 
and the Relation F1 Score, which evaluate how well the generated 
report captures the structured clinical entities and their relationships.

While these metrics collectively provide a robust assessment of the 
quality of generated reports, it should be noted that not all papers 
report all metrics. Consequently, some cells in the evaluation tables 
may remain blank, indicating the absence of corresponding metric 
results in the original publications.
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Table 3
Dataset descriptions for the IU X-ray and MIMIC-CXR datasets, including details of keyword cluster information derived from 
the automatic keyword adaptation process. Additionally, the table provides information on the radiology dictionary used in 
the experiments and presents the proportion of keywords in the two experimental datasets relative to the full version of the 
dictionary.
 Setting Description  
 Applied Radiology Dictionary  
 Dictionary Name RadLex [107]  
 Dictionary Version 4.2  
 Dictionary Source https://radlex.org/  
 Total Number of Keywords 46,838  
 Dataset 1: IU X-ray  
 Basic Information  
 Open Source https://openi.nlm.nih.gov/faq  
 Total Cases 3,851  
 Total Images 7,553  
 Total Pairs(1 Image/1 Report)  
 Train Set 6,669  
 Test Set 589  
 Validation Set 295  
 Keyword Information  
 Maximum Keyword Frequency 5502  
 Corresponding Highest Frequent Keyword ‘‘no’’  
 Keyword Frequency Cluster Split Number 3  
 Corresponding Keyword Frequency Cluster [10,100], [100,1000], [1000,10000]  
 Ratio of keyword compared with Dictionary 5.315%  
 Keyword Cluster Description  
 Number of Keywords in each cluster  
 Cluster [10,100] 160  
 Cluster [100,1000] 73  
 Cluster [1000,10000] 15  
 The highest frequency in each cluster  
 Cluster [10,100] 96  
 Cluster [100,1000] 967  
 Cluster [1000,10000] 5502  
 Dataset 2: MIMIC-CXR  
 Basic Information  
 Open Source https://physionet.org/content/mimic-cxr/2.1.0/  
 Total Cases 227,835  
 Total Images 276,488  
 Total Pairs(1 Image/1 Report)  
 Train Set 270,507  
 Test Set 3,858  
 Validation Set 2,123  
 Keyword Information  
 Maximum Keyword Frequency 196051  
 Corresponding Highest Frequent Keyword ‘‘pneumothorax’’  
 Keyword Frequency Cluster Split Number 5  
 Corresponding Keyword Frequency Cluster [10,100], [100,1000], [1000,10000], [10000,100000], [100000+] 
 Ratio of keyword compared with Dictionary 18.603%  
 Keyword Cluster Description  
 Number of Keywords in each cluster  
 Cluster [10,100] 429  
 Cluster [100,1000] 247  
 Cluster [1000,10000] 133  
 Cluster [10000,100000] 54  
 Cluster [100000+] 5  
 The highest frequency in each cluster  
 Cluster [10,100] 99  
 Cluster [100,1000] 999  
 Cluster [1000,10000] 9841  
 Cluster [10000,100000] 96119  
 Cluster [100000+] 196051  
Additionally, following established practices in radiology report 
generation research, all performance comparisons are conducted ex-
clusively on the test sets of each dataset. This ensures consistency and 
comparability across different models and datasets, providing a reliable 
benchmark for evaluating the effectiveness of our framework.

4.4. Analysis of automatic keyword adaptation

It is important to note that ground-truth keywords for each radi-
ology report were not provided by radiologists in either the IU X-ray 
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or MIMIC-CXR datasets. Given the scale of these datasets—exceeding 
200,000 cases—manual annotation by radiologists is not feasible due 
to resource constraints. Moreover, the number of keywords per re-
port can vary significantly depending on the stylistic conventions of 
the radiologist. To better understand this, Fig.  5 presents examples 
of manually extracted keywords, verified using the RadLex radiology 
dictionary. Additionally, Fig.  6 highlights representative failure cases 
where predicted keywords are compared with manually identified ones. 
These examples reveal that clinically relevant terms, such as ‘‘cardio-
mediastinal’’, are often overlooked by automatic extraction methods. 

https://radlex.org/
https://openi.nlm.nih.gov/faq
https://physionet.org/content/mimic-cxr/2.1.0/


Z. He et al.

Fig. 5. 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. Keywords were manually annotated and verified in the RadLex radiology dictionary. 
The total keyword list length reflects the number of identified keywords in each case.

Fig. 6. 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.

Fig. 7. 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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Fig. 8. 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.
This underscores the potential value of allowing radiologists to man-
ually supplement the predicted keyword list before frequency-based 
multi-label classification, thereby improving report accuracy.

Prior to conducting experiments on the IU X-ray and MIMIC-CXR 
datasets, we analyzed the keyword statistics across training, validation, 
and test sets. The results, presented in Table  4, show that the MIMIC-
CXR dataset, due to its larger sample size, has a higher average number 
of keywords per case compared to the IU X-ray dataset. Fig.  7 further 
illustrates that medium-length keyword lists occur most frequently in 
both datasets, and their distributions generally approximate a normal 
distribution. Furthermore, we observed that applying filters to remove 
extremely low-frequency keywords and those not listed in the RadLex 
dictionary significantly reduces the total number of keywords. These 
filtering steps demonstrate the effectiveness of our automatic keyword 
adaptation mechanism in minimizing classification workload while 
improving the accuracy of subsequent keyword prediction.

To better support downstream generation, we also examined the 
frequency distribution of extracted keywords in the training sets of 
the IU X-ray and MIMIC-CXR datasets. The keyword frequency in each 
dataset was examined, and the distributions were visualized in Figs. 
9 and 10, with additional statistical details, such as cluster splits and 
highest frequencies, summarized in Table  3. To manage the distribution 
of keywords, we employed a logarithmic split (logx) strategy based on 
the maximum observed frequency in each dataset. While the logarith-
mic method was used in this study to reduce the number of clusters, it 
is not a fixed requirement; the frequency-based clusters can be flexibly 
adjusted based on specific needs. To simplify the network and mitigate 
extreme class imbalance, keywords with a frequency of less than 10 
were excluded.

The frequency distributions revealed a general trend: as the dataset 
scale increases, the imbalance in keyword frequency becomes more 
pronounced. For instance, in the smaller IU X-ray dataset, the most 
frequent keyword, ‘‘no’’, appears over 5000 times, leading to three 
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clusters spanning frequencies from 10 to 5000. In contrast, the larger 
MIMIC-CXR dataset exhibits a more significant imbalance, with the 
keyword ‘‘pneumothorax’’ appearing over 190,000 times. To address 
this, we divided the MIMIC-CXR dataset into five clusters, covering 
frequencies from 10 to over 100,000.

To validate the effectiveness of our automatic keyword adapta-
tion approach, we compared the reduced keyword set against the full 
RadLex dictionary. Table  3 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 key-
words 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 
Fig.  8.

The Keyword-Based Strategy involves extracting unique keywords 
from sample radiology reports by splitting text into individual words 
and removing duplicates. These unique keywords are then matched 
against those generated by the adaptation mechanism, with the cover-
age ratio calculated as the percentage of matching keywords relative to 
the total unique keywords in the report. In the Text-Based Strategy, the 
generated keywords are directly searched within the radiology reports, 
and matching words or phrases are highlighted. The coverage ratio is 
computed as the proportion of the total length of matched words or 
phrases to the total text length of the report.

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 mean-
ingful 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.
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Table 4
Average keyword list length in the IU X-ray and MIMIC-CXR datasets. The keyword list length refers to the number of keywords associated with 
each case. The row ‘‘Before Filtering’’ indicates the initial keyword lists generated through the keyword extraction from the automatic keyword 
adaptation process. The row ‘‘After Filtering (Low Frequency)’’ represents the keyword lists after removing terms that appear fewer than 10 
times, aiming to address extreme class imbalance and reduce the complexity of multi-label classification. The row ‘‘After Filtering (Radiology 
Dictionary)’’ further refines the keyword lists by validating them against the RadLex dictionary to ensure clinical appropriateness; these filtered 
lists are used as the final keyword sets for frequency-based multi-label classification. The row ‘‘Input to TT-LLM’’ shows the average number 
of keywords provided as input to the TT-LLM, based on predictions from the classification network. Since the validation and test sets are not 
involved in training, the TT-LLM input lengths are not reported for these splits.
 Train/Test/Val Before filtering After filtering (Low frequency) After filtering (Radiology dictionary) Input to TT-LLM 
 IU X-ray  
 Train 38.54 17.18 10.85 13.61  
 Test 30.73 14.05 8.86 /  
 Val 33.02 15.15 9.51 /  
 MIMIC-CXR  
 Train 41.27 17.64 11.39 18.90  
 Test 46.44 19.24 12.56 /  
 Val 41.01 17.31 11.18 /  
Table 5
Coverage ratio of keywords generated through Automatic Keyword Adaptation in the test and validation sets of the IU X-ray and MIMIC-CXR 
datasets, evaluated using two strategies. In the Keyword-Based Strategy, radiology reports are split into unique keywords by removing duplicates, 
and the coverage ratio is calculated as the percentage of matched keywords from the generated keyword set relative to the total unique keywords 
in the report. In the Text-Based Strategy, the generated keyword set is searched directly within the report text, with matching words or phrases 
highlighted. The coverage ratio is then computed as the proportion of the total character length of matched words or phrases to the total 
character length of the report.
 Set Total number of images Keyword-based cover ratio Text-based cover ratio 
 Dataset 1: IU X-ray  
 Test Set 589 57.53% 54.61%  
 Validation Set 295 56.33% 53.54%  
 Dataset 2: MIMIC-CXR  
 Test Set 3,858 59.20% 56.26%  
 Validation Set 2,123 64.13% 63.50%  
Fig. 9. 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.
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 Tables  7–9 for the MIMIC-CXR test set.

Our deep learning framework consistently outperforms SOTA ap-
proaches 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: 
an 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), a 78.0% increase in CIDEr (1.996 vs. 
1.121), 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, high-
lighting the effectiveness of our keyword-based mechanism. The results 
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Fig. 10. 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.
Fig. 11. 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 TT-LLM.
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 align-
ment 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.

4.6. Qualitative analysis of radiology report generation

In addition to the quantitative evaluation of radiology report gener-
ation, 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 select high-performing 
SOTA methods and generate their radiology reports using their pub-
licly available source code. The generated reports are 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 Fig.  11 for the IU X-ray 
dataset and Fig.  12 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 
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most relevant information associated with the radiology images. For 
instance, in Sample 1 of the IU X-ray dataset, our framework identifies 
and incorporates keywords such as ‘‘pneumothorax’’, ‘‘vasculature’’, 
‘‘effusion’’, and ‘‘granuloma’’, while in Sample 2 of the MIMIC-CXR 
dataset, it highlights terms like ‘‘consolidation’’, ‘‘atelectasis’’, ‘‘en-
gorged’’, ‘‘enlargement’’, and ‘‘aorta’’. These keywords are 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 struc-
ture 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 in-
tegrity 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 TT-LLM. 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 TT-LLM offers a robust and interpretable solution 
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Fig. 12. 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.
for radiology report generation, producing reports that are both struc-
turally coherent and clinically relevant.

4.7. Ablation study

The integration of frequency-based multi-label classification and 
automatic keyword adaptation enables our framework to achieve state-
of-the-art performance in radiology report generation. To better un-
derstand the contributions of each component, we conduct an ablation 
study to evaluate the roles of automatic keyword adaptation, frequency-
based multi-label classification, and radiology report generation within 
the framework.

4.7.1. Performance of multi-label classification across network architec-
tures

As the link between chest radiology images and their associated key-
words, the accuracy of the multi-label classification plays a critical role 
in the overall performance of radiology report generation. However, 
evaluating multi-label classification performance is 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 use the keywords 
extracted by the automatic keyword adaptation mechanism as pseudo 
ground truth. This allows us to monitor classification performance and 
compare the impact of different network architectures.

In addition to the ConvNeXt backbone used in our experiments, we 
evaluate the performance of several alternative network architectures, 
including ResNeXt [118], ResNet [119], VGG16 [120], EfficientNet 
[121], NASNet [122], and Res2Net [123]. These networks are tested in 
the multi-label classification stage and subsequently in radiology report 
generation, using the same TT-LLM to ensure consistency. As there is 
no directly comparable work on keyword extraction and prediction 
from radiology reports, we focus 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 indicates that ConvNeXt achieves the high-
est 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 scenarios, ConvNeXt emerges as a reasonable choice 
for the multi-label classification subnetwork. Furthermore, the perfor-
mance 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 
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ConvNeXt generates the highest-quality radiology reports, further val-
idating its suitability for the task. Additionally, sensitivity and speci-
ficity 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 insuf-
ficient 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.

4.7.2. Influence of keyword numbers and the combination of high- and 
low-frequency keywords on radiology report generation performance

Before evaluating the effectiveness of frequency-based keyword 
clustering, we first investigate how the number of keywords per case 
influences radiology report generation performance within our frame-
work. To this end, we link several commonly used language evaluation 
metrics—BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR, ROUGE-L, and 
CIDEr—with the length of the keyword list in each case. The corre-
sponding trends are visualized in Fig.  13 for the IU X-ray dataset and 
Fig.  14 for the MIMIC-CXR dataset. These plots reveal a consistent 
trend across both datasets: as the number of keywords increases, the 
performance of the report generation model tends to decrease. This 
observation suggests that generating accurate and coherent reports 
becomes more challenging as the keyword list grows longer—likely 
due to the increased semantic complexity and the greater demand for 
contextual alignment among keywords.

Building upon this insight, we proceed to evaluate the efficiency of 
our frequency-based clustering strategy, particularly the integration of 
high- and low-frequency keywords within the radiology report gener-
ation pipeline. 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 signifi-
cantly influence the quality of the generated reports, as missing critical 
information or introducing incorrect keywords may degrade the results. 
To analyze this effect, we examine 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 spe-
cific keyword clusters and generate radiology reports using only the 
corresponding keywords. First, we validate the generated reports using 
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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 the Natural Language Generation 
(NLG) Metrics. 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.
 Work Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr  
 Paper Report Performance  
 Jing et al. [28] 0.517 0.386 0.306 0.247 0.447 0.217 0.327  
 Xue et al. [41] 0.464 0.358 0.27 0.195 0.366 0.274 /  
 Harzig et al. [42] 0.373 0.246 0.175 0.126 0.315 0.163 0.359  
 Xie et al. [32] 0.443 0.337 0.236 0.181 0.347 / 0.374  
 Yuan et al. [43] 0.529 0.372 0.315 0.255 0.453 0.343 /  
 Li et al. [44] 0.482 0.325 0.226 0.162 0.339 / 0.28  
 Jing et al. [45] 0.464 0.301 0.21 0.154 0.362 / 0.275  
 Chen et al. [29] 0.47 0.304 0.219 0.165 0.371 0.187 /  
 Zhang et al. [38] 0.441 0.291 0.203 0.147 0.367 / 0.304  
 Wang et al. [46] 0.487 0.346 0.27 0.208 0.359 / 0.452  
 Alfarghaly et al. [47] 0.387 0.245 0.166 0.111 0.289 0.164 0.257  
 Liu et al. [33] 0.492 0.314 0.222 0.169 0.381 0.193 /  
 Liu et al. [48] 0.483 0.315 0.224 0.168 0.376 0.19 0.351  
 Yang et al. [49] 0.496 0.327 0.238 0.178 0.381 / 0.382  
 Nooralahzadeh et al. [34] 0.486 0.317 0.232 0.173 0.39 0.192 /  
 Yang et al. [50] 0.497 0.319 0.23 0.174 0.399 / 0.407  
 Zhou et al. [51] 0.536 0.391 0.314 0.252 0.448 0.228 0.339  
 Li et al. [52] 0.467 0.334 0.261 0.215 0.415 0.201 /  
 You et al. [31] 0.484 0.313 0.225 0.173 0.379 0.204 /  
 Wang et al. [53] 0.505 0.34 0.247 0.188 0.382 0.208 /  
 Sirshar et al. [54] 0.58 0.342 0.263 0.155 / / /  
 Yan et al. [55] / / 0.256 / 0.341 / 0.38  
 Wang et al. [56] 0.496 0.319 0.241 0.175 0.377 / 0.449  
 Yu and Zhang [57] 0.457 0.305 0.216 0.171 0.391 / 0.426  
 Chen et al. [58] 0.475 0.309 0.222 0.17 0.375 0.191 /  
 Wang et al. [59] 0.525 0.357 0.262 0.199 0.411 0.22 0.359  
 Nicolson et al. [60] 0.4732 0.3039 0.2242 0.1754 0.3758 0.1997 0.6935  
 Delbrouck et al. [61] / / / 0.121 0.306 / /  
 You et al. [62] 0.479 0.319 0.222 0.174 0.377 0.193 /  
 Wu et al. [63] 0.458 0.324 0.238 0.18 0.369 0.206 0.287  
 Yan et al. [64] 0.482 0.313 0.232 0.181 0.381 0.203 0.735  
 Wang et al. [65] 0.45 0.301 0.213 0.158 0.384 / 0.34  
 Qin and Song [66] 0.494 0.321 0.235 0.181 0.384 0.201 /  
 Tanwani et al. [67] 0.58 0.44 0.32 0.27 / / /  
 Wang et al. [68] 0.505 0.345 0.243 0.176 0.396 0.205 /  
 Kong et al. [69] 0.484 0.333 0.238 0.175 0.415 0.207 /  
 Li et al. [70] / / / 0.163 0.383 0.193 0.586  
 Yang et al. [71] 0.478 0.344 0.248 0.18 0.398 / 0.439  
 Kale et al. [35] 0.423 0.256 0.194 0.165 0.444 0.15 /  
 Huang et al. [72] 0.525 0.36 0.251 0.185 0.409 0.242 /  
 Wang et al. [73] 0.483 0.322 0.228 0.172 0.38 0.192 0.435  
 Hou et al. [74] 0.51 0.346 0.255 0.195 0.399 0.20 /  
 Wang et al. [39] 0.488 0.316 0.228 0.173 0.377 0.211 0.438  
 Kale et al. [75] 0.402 0.322 0.285 0.17 0.567 0.455 0.473  
 Li et al. [76] 0.53 0.365 0.263 0.2 0.405 0.218 0.501  
 Mohsan et al. [77] 0.532 0.344 0.233 0.158 0.387 0.218 0.5  
 Chen et al. [78] 0.505 0.334 0.245 0.19 0.394 0.21 0.592  
 Zhang et al. [79] 0.482 0.31 0.221 0.165 0.377 0.195 /  
 Liu et al. [80] 0.499 0.323 0.238 0.184 0.39 0.208 /  
 Zhou et al. [81] / / / 0.208 0.387 0.216 /  
 Yi et al. [82] 0.5 0.349 0.256 0.194 0.402 0.218 /  
 Parres et al. [83] / / / 0.149 0.341 / /  
 Yi et al. [84] 0.539 0.380 0.278 0.210 0.416 0.223 /  
 Re-Train Performance  
 R2Gen ([29]) 0.4514 0.2988 0.2163 0.1631 0.3377 0.201 0.5988  
 Cvt2Distgen2 ([60]) 0.4182 0.2758 0.2037 0.1594 0.3315 0.1923 0.6784  
 Our Performance 0.7190 ± 0.2101 0.6250 ± 0.2713 0.5645 ± 0.3057 0.5215 ± 0.3376 0.6392 ± 0.2554 0.3861 ± 0.2218 3.2749 ± 1.0106 
single clusters. Then, we extend the experiments to mixed clusters 
by combining specific frequency ranges to generate the corresponding 
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.
17 
We used the same training settings as in the original experiments 
and leveraged pre-trained language model checkpoints to reduce com-
putational cost. This ensures that the radiology report generation pro-
cess 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.
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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 the Natural Language Generation 
(NLG) Metrics. 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.
 Work Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr  
 Paper Report Performance  
 Chen et al. [29] 0.353 0.218 0.145 0.103 0.277 0.142 /  
 Liu et al. [33] 0.35 0.219 0.152 0.109 0.283 0.151 /  
 Liu et al. [48] 0.36 0.224 0.149 0.106 0.284 0.149 0.237  
 Yang et al. [49] 0.363 0.228 0.156 0.115 0.284 / 0.203  
 Nooralahzadeh et al. [34] 0.378 0.232 0.154 0.107 0.272 0.145 /  
 Yang et al. [50] 0.386 0.237 0.157 0.111 0.274 / 0.111  
 Hou et al. [85] 0.232 / / / 0.24 0.101 0.493  
 Zhou et al. [51] 0.372 0.241 0.168 0.123 0.335 0.19 1.121  
 Yan et al. [86] 0.373 / / 0.107 0.274 0.144 /  
 Wang et al. [30] 0.413 0.266 0.186 0.136 0.298 0.17 0.429  
 You et al. [31] 0.378 0.235 0.156 0.112 0.283 0.158 /  
 Wang et al. [53] 0.395 0.253 0.17 0.121 0.284 0.147 /  
 Yan et al. [55] / / 0.145 / 0.225 / 0.16  
 Wang et al. [56] 0.351 0.223 0.157 0.118 0.287 / 0.281  
 Yu and Zhang [57] 0.347 0.235 0.149 0.106 0.28 / 0.552  
 Chen et al. [58] 0.353 0.218 0.148 0.106 0.278 0.142 /  
 Wang et al. [59] 0.344 0.215 0.146 0.105 0.279 0.138 /  
 Nishino et al. [87] / / / 0.168 0.122 / /  
 Nicolson et al. [60] 0.3928 0.2478 0.1713 0.1267 0.2863 0.1545 0.3892  
 Delbrouck et al. [61] / / / 0.116 0.259 / /  
 Wu et al. [63] 0.34 0.212 0.145 0.103 0.27 0.139 0.109  
 Serra et al. [37] 0.363 0.245 0.178 0.136 0.313 0.161 /  
 Yan et al. [64] 0.356 0.222 0.151 0.111 0.28 0.14 0.154  
 Qin and Song [66] 0.381 0.232 0.155 0.109 0.287 0.151 /  
 Wang et al. [68] 0.363 0.235 0.164 0.118 0.301 0.136 /  
 Kong et al. [69] 0.423 0.261 0.171 0.116 0.286 0.168 /  
 Li et al. [70] / / / 0.109 0.284 0.15 0.281  
 Tanida et al. [88] 0.373 0.249 0.175 0.126 0.264 0.168 0.495  
 Yang et al. [71] 0.362 0.251 0.188 0.143 0.326 / 0.273  
 Huang et al. [72] 0.393 0.243 0.159 0.113 0.285 0.16 /  
 Wang et al. [73] 0.386 0.25 0.169 0.124 0.291 0.152 0.362  
 Hou et al. [74] 0.407 0.256 0.172 0.123 0.293 0.162 /  
 Wang et al. [39] 0.411 0.267 0.186 0.134 0.297 0.16 0.269  
 Kale et al. [75] 0.253 0.188 0.169 0.163 0.348 0.268 0.331  
 Li et al. [76] 0.363 0.229 0.158 0.107 0.289 0.157 0.246  
 Chen et al. [78] 0.4 0.245 0.165 0.119 0.28 0.15 0.19  
 Zhang et al. [79] 0.362 0.229 0.157 0.113 0.284 0.153 /  
 Liu et al. [80] 0.402 0.262 0.18 0.128 0.291 0.175 /  
 Zhou et al. [81] / / / 0.122 0.296 0.165 /  
 Yi et al. [82] 0.398 0.248 0.169 0.121 0.281 0.149 /  
 Parres et al. [83] / / / 0.116 0.265 / /  
 Zhang et al. [89] 0.391 0.258 0.182 0.129 0.282 0.175 0.526  
 Yi et al. [84] 0.400 0.253 0.171 0.120 0.296 0.154 /  
 Re-Train Performance  
 R2Gen ([29]) 0.3058 0.1834 0.1221 0.0868 0.2386 0.1299 0.1466  
 Cvt2Distgen2 ([60]) 0.2952 0.1839 0.1263 0.0927 0.2473 0.1308 0.1814  
 Our Performance 0.5599 ± 0.1607 0.4379 ± 0.1736 0.3557 ± 0.1824 0.2953 ± 0.1958 0.4699 ± 0.1687 0.2842 ± 0.1018 1.9964 ± 1.4518 
The evaluation results for different clusters are presented in
Table  13 (IU X-ray) and Table  14 (MIMIC-CXR), with visualized exam-
ples of the generated reports and their corresponding keywords shown 
in Fig.  15 (IU X-ray) and Fig.  16 (MIMIC-CXR).

The results reveal distinct trends between the datasets. For the 
IU X-ray dataset with three clusters, the general observation is that 
high-frequency keywords yield better radiology report accuracy com-
pared to low-frequency keywords, even when the latter includes more 
keywords. Specifically, although the clusters [10,100] and [100,1000] 
contain more keywords than [1000,10,000], the latter achieves higher 
performance, likely due to the higher quality of multi-label classifi-
cation in the high-frequency cluster. Visualization of the generated 
reports confirms that high-frequency clusters include more relevant 
information, resulting in superior report quality. This trend extends to 
mixed clusters, where combining multiple clusters generally improves 
performance compared to individual clusters.

However, this pattern does not hold for the MIMIC-CXR dataset. 
In this case, the highest-frequency cluster [100,000+] demonstrates 
18 
lower performance. Analysis of the reports generated by this cluster 
reveals that it contains only five keywords, making it challenging 
to produce high-quality reports with such limited information. These 
findings indicate that while high-frequency keywords provide general 
information, low-frequency keywords are essential for capturing rare 
but clinically significant details. The mixed-cluster results for MIMIC-
CXR support this modified rule: although the individual performance 
of [10,100], [100,1000], and [1000,10,000] is lower, their combined 
performance is competitive, and further improvement is observed when 
including the [100,000+] cluster.

This analysis highlights a key optimization insight: while individual 
low-frequency clusters may perform poorly, combining them with high-
frequency clusters can significantly enhance overall performance. This 
suggests a potential avenue for improving multi-label classification by 
balancing high-frequency and low-frequency keywords to maximize the 
quality of radiology report generation.
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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.
 Work Precision Recall F1 Score  
 Paper Report Performance  
 Chen et al. [29] 0.333 0.273 0.276  
 Liu et al. [33] 0.352 0.298 0.303  
 Yang et al. [49] 0.458 0.348 0.371  
 Nooralahzadeh et al. [34] 0.240 0.428 0.308  
 Yang et al. [50] 0.420 0.339 0.352  
 Yu and Zhang [57] 0.447 0.593 0.503  
 Chen et al. [58] 0.334 0.275 0.278  
 Nicolson et al. [60] 0.367 0.418 0.391  
 Serra et al. [37] 0.428 0.459 0.443  
 Yan et al. [64] 0.353 0.310 0.297  
 Qin and Song [66] 0.342 0.294 0.292  
 Kong et al. [69] 0.482 0.563 0.519  
 Tanida et al. [88] 0.461 0.475 0.447  
 Huang et al. [72] 0.371 0.318 0.321  
 Wang et al. [73] 0.364 0.309 0.311  
 Hou et al. [74] 0.416 0.418 0.385  
 Wang et al. [39] 0.392 0.387 0.389  
 Chen et al. [78] 0.489 0.340 0.401  
 Zhang et al. [79] 0.38 0.342 0.335  
 Liu et al. [80] 0.465 0.482 0.473  
 Yi et al. [82] 0.319 0.509 0.393  
 Zhang et al. [89] 0.486 0.493 0.462  
 Yi et al. [84] 0.392 0.335 0.342  
 Re-Train Performance  
 R2Gen ([29]) 0.5047 ± 0.2413 0.3838 ± 0.2109 0.4361 ± 0.2094 
 Cvt2Distgen2([60]) 0.4627 ± 0.2310 0.3423 ± 0.2566 0.3935 ± 0.2280 
 Our Performance 0.7448 ± 0.1215 0.6610 ± 0.1820 0.7004 ± 0.1513 
Fig. 13. 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.
4.7.3. Performance of radiology report generation with different large lan-
guage models and pretrained materials

Large language models (LLMs), particularly Transformer-based ar-
chitectures, are highly effective in natural language processing tasks, 
19 
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.
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Fig. 14. 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.

Fig. 15. Visualization of ablation study results validating the frequency-based multi-label classification on the IU X-ray dataset. Blue text highlights the predicted keywords within 
their respective clusters.
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Fig. 16. Visualization of ablation study results validating the frequency-based multi-label classification on the MIMIC-CXR dataset. Blue text highlights the predicted keywords 
within their respective clusters.
However, balancing computational cost and performance is a crit-
ical challenge when applying LLMs to radiology report generation. 
In medical settings, the availability of large-scale computational re-
sources, 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 utilized a modified version of the Text-
to-Text Transformer (T5) model [108], a medium-sized LLM, and 
adopted the pretrained configuration of Clinical-T5 [109] to initialize 
the model. To evaluate the impact of different LLM versions and 
pretrained settings, we compared the performance of the original T5 
21 
model with its advanced variant Flan-T5 [124], as well as with larger 
LLMs, including BART [125] and Pegasus [126], provided by Microsoft 
and Google.

For pretrained materials, we tested two configurations: (1) check-
points 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 LLM performance with-
out 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 
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Fig. 17. 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 proposed 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.

Table 9

Performance comparison between the proposed method and other state-of-the-art radi-
ology 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.
 Work RadGraph entity F1 RadGraph relation F1 
 Paper Report Performance  
 Delbrouck et al. [61] 0.441 0.299  
 Parres et al. [83] / 0.354  
 Re-Train Performance  
 R2Gen ([29]) 0.2545 ± 0.1395 0.1096 ± 0.1248  
 Cvt2Distgen2([60]) 0.2497 ± 0.1494 0.1056 ± 0.1279  
 Our Performance 0.5980 ± 0.1651 0.3840 ± 0.2106  

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 
22 
inputs is not a particularly complex task for 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 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 LLMs a practical and scalable choice for diverse 
medical applications, balancing computational efficiency with clinical 
effectiveness.

5. Conclusion

This paper presents a novel framework for radiology report gen-
eration that integrates automatic keyword adaptation and frequency-
based multi-label classification to improve both performance and trans-
parency. By replacing traditional black-box visual features with in-
terpretable keyword lists, our approach enhances explainability while 



Z. He et al. Computers in Biology and Medicine 196 (2025) 110625 
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.
 Network Frequency cluster Accuracy Sensitivity Specificity F1-Score MCC  
 ConvNeXt [10,100] 0.9967 ± 0.0045 0.9078 ± 0.2029 0.9974 ± 0.0039 0.8490 ± 0.2064 0.8562 ± 0.2003 
 ConvNeXt [100,1000] 0.9917 ± 0.0112 0.9220 ± 0.2188 0.9939 ± 0.0077 0.8572 ± 0.2031 0.8625 ± 0.1987 
 ConvNeXt [1000,10000] 0.9108 ± 0.0721 0.9514 ± 0.1031 0.8889 ± 0.0715 0.8811 ± 0.1016 0.8181 ± 0.1508 
 ConvNeXt Average Performance 0.9664 0.9270 0.9601 0.8624 0.8456  
 ResNeXt [10,100] 0.9888 ± 0.0116 0.5877 ± 0.4604 0.9927 ± 0.0106 0.4760 ± 0.3991 0.4888 ± 0.4038 
 ResNeXt [100,1000] 0.9672 ± 0.0282 0.3678 ± 0.4118 0.9905 ± 0.0156 0.3570 ± 0.3837 0.3584 ± 0.3906 
 ResNeXt [1000,10000] 0.7862 ± 0.1696 0.9692 ± 0.1033 0.6866 ± 0.2400 0.7706 ± 0.1635 0.6395 ± 0.2551 
 ResNeXt Average Performance 0.9141 0.6416 0.8899 0.5345 0.4956  
 ResNet [10,100] 0.7586 ± 0.0063 0.4426 ± 0.3205 0.7617 ± 0.0032 0.0343 ± 0.0268 0.0463 ± 0.0717 
 ResNet [100,1000] 0.5873 ± 0.0147 0.7311 ± 0.2288 0.5830 ± 0.0087 0.0963 ± 0.0575 0.1045 ± 0.0757 
 ResNet [1000,10000] 0.6204 ± 0.0675 0.8748 ± 0.0811 0.4822 ± 0.0525 0.6186 ± 0.0876 0.3545 ± 0.1234 
 ResNet Average Performance 0.6554 0.6828 0.6090 0.2497 0.1684  
 VGG16 [10,100] 0.7498 ± 0.0273 0.6285 ± 0.3044 0.7513 ± 0.0271 0.0448 ± 0.0245 0.0815 ± 0.0643 
 VGG16 [100,1000] 0.5745 ± 0.0696 0.8921 ± 0.0767 0.3993 ± 0.0493 0.5967 ± 0.0866 0.3041 ± 0.1249 
 VGG16 [1000,10000] 0.5745 ± 0.0696 0.8921 ± 0.0767 0.3993 ± 0.0493 0.5967 ± 0.0866 0.3041 ± 0.1249 
 VGG16 Average Performance 0.6330 0.7564 0.5734 0.2455 0.1631  
 EfficientNet [10,100] 0.5771 ± 0.0208 0.7590 ± 0.2982 0.5713 ± 0.0122 0.1089 ± 0.0728 0.1141 ± 0.1001 
 EfficientNet [100,1000] 0.7907 ± 0.0644 0.9531 ± 0.1558 0.7851 ± 0.0674 0.2139 ± 0.1019 0.2903 ± 0.1016 
 EfficientNet [1000,10000] 0.4775 ± 0.0741 0.9183 ± 0.0689 0.2308 ± 0.0422 0.5543 ± 0.0855 0.1860 ± 0.1361 
 EfficientNet Average Performance 0.6151 0.8768 0.5291 0.2923 0.1968  
 NASNet [10,100] 0.7099 ± 0.0911 0.6785 ± 0.1437 0.7408 ± 0.0879 0.6160 ± 0.1377 0.3994 ± 0.1984 
 NASNet [100,1000] 0.6897 ± 0.0882 0.7980 ± 0.2429 0.6868 ± 0.0920 0.1314 ± 0.0661 0.1674 ± 0.0881 
 NASNet [1000,10000] 0.7346 ± 0.0752 0.6249 ± 0.1454 0.8022 ± 0.0796 0.6214 ± 0.1170 0.4276 ± 0.1673 
 NASNet Average Performance 0.7114 0.7005 0.7432 0.4562 0.3314  
 Res2Net [10,100] 0.7280 ± 0.0679 0.6667 ± 0.1226 0.7671 ± 0.0722 0.6318 ± 0.1025 0.4240 ± 0.1478 
 Res2Net [100,1000] 0.6014 ± 0.0210 0.7260 ± 0.3019 0.5978 ± 0.0127 0.1100 ± 0.0763 0.1124 ± 0.1031 
 Res2Net [1000,10000] 0.7096 ± 0.0652 0.6727 ± 0.0974 0.7366 ± 0.0608 0.6197 ± 0.0980 0.3949 ± 0.1409 
 Res2Net Average Performance 0.6797 0.6885 0.7005 0.4538 0.3104  
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.
 Network Frequency cluster Accuracy Sensitivity Specificity F1-score MCC  
 ConvNeXt [10,100] 0.9920 ± 0.0042 0.7745 ± 0.2510 0.9943 ± 0.0039 0.6166 ± 0.2146 0.6379 ± 0.2068 
 ConvNeXt [100,1000] 0.9896 ± 0.0067 0.4036 ± 0.4123 0.9943 ± 0.0052 0.3303 ± 0.3292 0.3449 ± 0.3422 
 ConvNeXt [1000,10000] 0.9450 ± 0.0252 0.4598 ± 0.2993 0.9616 ± 0.0214 0.3281 ± 0.2044 0.3253 ± 0.2181 
 ConvNeXt [10000,100000] 0.7349 ± 0.0716 0.5293 ± 0.2120 0.7713 ± 0.0748 0.3537 ± 0.1437 0.2333 ± 0.1669 
 ConvNeXt [100000+] 0.6764 ± 0.2196 0.8142 ± 0.3013 0.5294 ± 0.3905 0.6812 ± 0.2714 0.2743 ± 0.4250 
 ConvNeXt Average Performance 0.8676 0.5963 0.8502 0.4620 0.3631  
 ResNeXt [10,100] 0.9270 ± 0.0422 0.4005 ± 0.4365 0.9563 ± 0.0321 0.3257 ± 0.3518 0.3062 ± 0.3770 
 ResNeXt [100,1000] 0.9199 ± 0.0338 0.2404 ± 0.2903 0.9611 ± 0.0264 0.2237 ± 0.2489 0.1964 ± 0.2681 
 ResNeXt [1000,10000] 0.9326 ± 0.0267 0.2467 ± 0.3512 0.9615 ± 0.0183 0.1910 ± 0.2498 0.1683 ± 0.2712 
 ResNeXt [10000,100000] 0.8793 ± 0.1537 0.3772 ± 0.3453 0.9038 ± 0.1675 0.2484 ± 0.2244 0.2429 ± 0.2462 
 ResNeXt [100000+] 0.9327 ± 0.0276 0.4141 ± 0.3035 0.9628 ± 0.0179 0.3651 ± 0.2403 0.3424 ± 0.2540 
 ResNeXt Average Performance 0.9183 0.3358 0.9491 0.2708 0.2512  
 ResNet [10,100] 0.9786 ± 0.0189 0.0320 ± 0.1519 0.9878 ± 0.0180 0.0161 ± 0.0750 0.0122 ± 0.0844 
 ResNet [100,1000] 0.5510 ± 0.2712 0.5849 ± 0.4168 0.5511 ± 0.2893 0.0865 ± 0.0866 0.0492 ± 0.1508 
 ResNet [1000,10000] 0.5207 ± 0.1976 0.7319 ± 0.2175 0.4072 ± 0.2698 0.5238 ± 0.1811 0.1303 ± 0.3690 
 ResNet [10000,100000] 0.5226 ± 0.1423 0.6777 ± 0.2385 0.4372 ± 0.2156 0.4928 ± 0.1664 0.1185 ± 0.2687 
 ResNet [100000+] 0.5812 ± 0.2338 0.9810 ± 0.1054 0.1600 ± 0.3175 0.6873 ± 0.2082 0.0639 ± 0.2118 
 ResNet Average Performance 0.6308 0.6015 0.5087 0.3613 0.0748  
 VGG16 [10,100] 0.9474 ± 0.0284 0.0911 ± 0.2520 0.9931 ± 0.0165 0.0885 ± 0.2378 0.0857 ± 0.2442 
 VGG16 [100,1000] 0.9243 ± 0.0371 0.3762 ± 0.3910 0.9687 ± 0.0290 0.3370 ± 0.3307 0.3161 ± 0.3434 
 VGG16 [1000,10000] 0.9724 ± 0.0249 0.3575 ± 0.2386 0.9961 ± 0.0065 0.4750 ± 0.2981 0.4996 ± 0.3201 
 VGG16 [10000,100000] 0.9595 ± 0.0247 0.3820 ± 0.2395 0.9933 ± 0.0112 0.4911 ± 0.2533 0.5180 ± 0.2709 
 (continued on next page)
reducing errors inherent in conventional methods. Extensive exper-
iments 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 [127–129]. 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 balanc-
ing computational efficiency. This approach aligns with the principle 
23 
of ‘‘Garbage in, Garbage out’’ [5], underscoring the importance of 
high-quality, context-appropriate inputs for reliable outputs.

Our findings also highlight the potential and limitations of com-
mercial 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 [130] can 
provide sufficient data through slicing techniques, but chest X-ray 
datasets paired with radiology reports remain relatively small in scale, 
limiting the generalizability of LLMs in this area.
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Table 11 (continued).
 Network Frequency cluster Accuracy Sensitivity Specificity F1-score MCC  
 VGG16 [100000+] 0.9475 ± 0.0244 0.4195 ± 0.3397 0.9691 ± 0.0170 0.3450 ± 0.2549 0.3361 ± 0.2727 
 VGG16 Average Performance 0.9502 0.3253 0.9841 0.3473 0.3511  
 EfficientNet [10,100] 0.3351 ± 0.2945 0.6354 ± 0.4489 0.3321 ± 0.2998 0.0197 ± 0.0229 0.0088 ± 0.0974 
 EfficientNet [100,1000] 0.5481 ± 0.0810 0.4881 ± 0.4030 0.5504 ± 0.0831 0.0702 ± 0.0649 0.0133 ± 0.1354 
 EfficientNet [1000,10000] 0.3764 ± 0.1092 0.9632 ± 0.1539 0.0420 ± 0.1416 0.5149 ± 0.1270 0.0087 ± 0.0946 
 EfficientNet [10000,100000] 0.7566 ± 0.1122 0.6925 ± 0.2181 0.7976 ± 0.1102 0.6547 ± 0.1879 0.4803 ± 0.2577 
 EfficientNet [100000+] 0.8942 ± 0.0369 0.7125 ± 0.3557 0.9052 ± 0.0287 0.3846 ± 0.2205 0.3934 ± 0.2420 
 EfficientNet Average Performance 0.5821 0.6983 0.5255 0.3288 0.1774  
 NASNet [10,100] 0.9006 ± 0.0781 0.1789 ± 0.3504 0.9074 ± 0.0794 0.0314 ± 0.0743 0.0293 ± 0.1094 
 NASNet [100,1000] 0.5848 ± 0.2759 0.4076 ± 0.4199 0.5920 ± 0.2942 0.0757 ± 0.1251 0.0103 ± 0.1804 
 NASNet [1000,10000] 0.5840 ± 0.1277 0.6231 ± 0.2059 0.5634 ± 0.1472 0.5081 ± 0.1691 0.1808 ± 0.2629 
 NASNet [10000,100000] 0.7117 ± 0.1012 0.6415 ± 0.1834 0.7633 ± 0.1010 0.6021 ± 0.1556 0.3918 ± 0.2261 
 NASNet [100000+] 0.9020 ± 0.0254 0.7494 ± 0.2998 0.9090 ± 0.0220 0.3465 ± 0.1603 0.3758 ± 0.1752 
 NASNet Average Performance 0.7366 0.5201 0.7470 0.3128 0.1976  
 Res2Net [10,100] 0.9360 ± 0.0465 0.1200 ± 0.2959 0.9440 ± 0.0478 0.0235 ± 0.0596 0.0206 ± 0.0914 
 Res2Net [100,1000] 0.6378 ± 0.3871 0.3514 ± 0.4504 0.6481 ± 0.4158 0.0449 ± 0.0972 0.0434 ± 0.1590 
 Res2Net [1000,10000] 0.5090 ± 0.1638 0.6685 ± 0.2054 0.4207 ± 0.2780 0.4880 ± 0.1484 0.0735 ± 0.2964 
 Res2Net [10000,100000] 0.6024 ± 0.1261 0.8840 ± 0.1906 0.4416 ± 0.1795 0.6039 ± 0.1540 0.3430 ± 0.2169 
 Res2Net [100000+] 0.9474 ± 0.0368 0.6511 ± 0.3107 0.9729 ± 0.0255 0.6295 ± 0.2728 0.6187 ± 0.2852 
 Res2Net Average Performance 0.7265 0.5350 0.6854 0.3580 0.2111  
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.
 Setting Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr  
 IU X-ray Test set  
 ConvNeXt 0.7190 ± 0.2101 0.6250 ± 0.2713 0.5645 ± 0.3057 0.5215 ± 0.3376 0.6392 ± 0.2554 0.3861 ± 0.2218 3.2749 ± 3.0106 
 ResNeXt 0.4802 ± 0.1282 0.4299 ± 0.1599 0.3965 ± 0.1831 0.3718 ± 0.2032 0.4484 ± 0.1561 0.2732 ± 0.1366 2.4615 ± 1.9166 
 ResNet 0.2453 ± 0.0655 0.2196 ± 0.0817 0.2025 ± 0.0935 0.1899 ± 0.1038 0.2291 ± 0.0698 0.1395 ± 0.0797 1.2574 ± 0.9790 
 VGG16 0.3170 ± 0.0846 0.2838 ± 0.1055 0.2617 ± 0.1209 0.2454 ± 0.1341 0.2960 ± 0.0902 0.1803 ± 0.1030 1.6250 ± 1.2653 
 EfficientNet 0.1803 ± 0.0481 0.1614 ± 0.0600 0.1488 ± 0.0687 0.1396 ± 0.0763 0.1684 ± 0.0513 0.1026 ± 0.0586 0.9241 ± 0.7196 
 NASNet 0.2332 ± 0.0622 0.2088 ± 0.0776 0.1925 ± 0.0889 0.1805 ± 0.0986 0.2177 ± 0.0663 0.1326 ± 0.0758 1.1952 ± 0.9306 
 Res2Net 0.2144 ± 0.0572 0.1920 ± 0.0714 0.1770 ± 0.0817 0.1660 ± 0.0907 0.2002 ± 0.0610 0.1220 ± 0.0697 1.0990 ± 0.8557 
 MIMIC-CXR Test set  
 ConvNeXt 0.5599 ± 0.1607 0.4379 ± 0.1736 0.3557 ± 0.1824 0.2953 ± 0.1958 0.4699 ± 0.1687 0.2842 ± 0.1018 1.9964 ± 1.4518 
 ResNeXt 0.3557 ± 0.1001 0.2775 ± 0.1081 0.2247 ± 0.1133 0.1860 ± 0.1209 0.2945 ± 0.1044 0.1795 ± 0.0629 0.6221 ± 0.9035 
 ResNet 0.3415 ± 0.0961 0.2664 ± 0.1038 0.2157 ± 0.1088 0.1785 ± 0.1161 0.2827 ± 0.1002 0.1724 ± 0.0604 0.5972 ± 0.8673 
 VGG16 0.3572 ± 0.1006 0.2787 ± 0.1086 0.2256 ± 0.1138 0.1868 ± 0.1214 0.2957 ± 0.1048 0.1803 ± 0.0632 0.6247 ± 0.9073 
 EfficientNet 0.4096 ± 0.1153 0.3195 ± 0.1245 0.2587 ± 0.1304 0.2141 ± 0.1392 0.3391 ± 0.1202 0.2067 ± 0.0725 0.7163 ± 1.0403 
 NASNet 0.4336 ± 0.1221 0.3383 ± 0.1318 0.2739 ± 0.1381 0.2267 ± 0.1474 0.3590 ± 0.1272 0.2189 ± 0.0767 0.7584 ± 1.1014 
 Res2Net 0.4093 ± 0.1152 0.3193 ± 0.1244 0.2585 ± 0.1303 0.2140 ± 0.1391 0.3388 ± 0.1201 0.2066 ± 0.0724 0.7157 ± 1.0395 
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.
 Setting Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr  
 IU X-ray Test  
 Single Cluster  
 Cluster [10,100] 0.0038 ± 0.0552 0.0016 ± 0.0300 0.0010 ± 0.0189 0.0006 ± 0.0110 0.0702 ± 0.0595 0.0238 ± 0.0310 0.0141 ± 0.0853 
 Cluster [100,1000] 0.1555 ± 0.1520 0.0989 ± 0.1151 0.0712 ± 0.0974 0.0532 ± 0.0852 0.1859 ± 0.1262 0.1008 ± 0.0765 0.2240 ± 0.4427 
 Cluster [1000,10000] 0.4443 ± 0.1833 0.3149 ± 0.1824 0.2407 ± 0.1889 0.1913 ± 0.1974 0.3645 ± 0.1799 0.2162 ± 0.1207 0.6171 ± 1.0652 
 Mixed Cluster  
 Cluster [10,100]+[100,1000] 0.2083 ± 0.1654 0.1337 ± 0.1284 0.0973 ± 0.1081 0.0734 ± 0.0936 0.2108 ± 0.1348 0.1146 ± 0.0791 0.3096 ± 0.4984 
 Cluster [10,100]+[1000,10000] 0.4568 ± 0.1799 0.3207 ± 0.1798 0.2402 ± 0.1833 0.1857 ± 0.1881 0.3686 ± 0.1669 0.2161 ± 0.1131 0.6073 ± 1.0344 
 Cluster [100,1000]+[1000,10000] 0.5013 ± 0.2028 0.3828 ± 0.2381 0.3140 ± 0.2633 0.2680 ± 0.2811 0.4331 ± 0.2354 0.2729 ± 0.1675 1.2750 ± 2.1064 
 Cluster All Keywords 0.7190 ± 0.2101 0.6250 ± 0.2713 0.5645 ± 0.3057 0.5215 ± 0.3376 0.6392 ± 0.2554 0.3861 ± 0.2218 3.2749 ± 3.0106 
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 be-
hind generated reports, often relegating them to post-generation editing 
tasks [131]. 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 
24 
keyword lists. These lists allow radiologists to validate and refine 
extracted features before finalizing reports which is shown in Fig.  17, 
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.

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 
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Table 14
Performance comparison of radiology report generation on the MIMIC-CXR dataset across different keyword clusters. Results are presented as mean ±standard deviation with 
precision up to four decimal places. The bolded ‘‘Cluster All Keywords’’ represents the configuration used in our proposed pipeline, serving as a baseline for comparison with other 
state-of-the-art methods.
 Setting Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr  
 MIMIC-CXR Test  
 Single Cluster  
 Cluster [10,100] 0.0849 ± 0.0877 0.0442 ± 0.0532 0.0251 ± 0.0382 0.0143 ± 0.0258 0.1428 ± 0.0589 0.0530 ± 0.0318 0.0109 ± 0.0474  Cluster [100,1000] 0.0280 ± 0.0654 0.0159 ± 0.0422 0.0098 ± 0.0306 0.0060 ± 0.0215 0.1138 ± 0.0618 0.0416 ± 0.0302 0.0075 ± 0.0608  Cluster [1000,10000] 0.1912 ± 0.1219 0.1110 ± 0.0853 0.0676 ± 0.0681 0.0439 ± 0.0530 0.1841 ± 0.0766 0.0948 ± 0.0486 0.0733 ± 0.1944  Cluster [10000,100000] 0.3442 ± 0.1514 0.2260 ± 0.1293 0.1573 ± 0.1202 0.1133 ± 0.1121 0.2841 ± 0.1158 0.1727 ± 0.0696 0.2703 ± 0.6024  Cluster [100000+] 0.0403 ± 0.0946 0.0256 ± 0.0671 0.0177 ± 0.0534 0.0127 ± 0.0433 0.1699 ± 0.0894 0.0618 ± 0.0454 0.0116 ± 0.0759 
 Mixed Cluster  
 Cluster ([10,100]+[100,1000]+[1000,10000]) 0.2516 ± 0.1239 0.1438 ± 0.0916 0.0878 ± 0.0778 0.0566 ± 0.0648 0.1950 ± 0.0785 0.1046 ± 0.0522 0.1124 ± 0.3530  Cluster ([10,100]+[100,1000]+[1000,10000])+[10000,100000] 0.3825 ± 0.1549 0.2527 ± 0.1216 0.1763 ± 0.1070 0.1281 ± 0.0980 0.2670 ± 0.1099 0.1712 ± 0.0787 0.1695 ± 0.4255  Cluster ([10,100]+[100,1000]+[1000,10000])+[100000+] 0.2811 ± 0.1389 0.1690 ± 0.1010 0.1075 ± 0.0854 0.0702 ± 0.0728 0.2171 ± 0.0883 0.1174 ± 0.0610 0.1206 ± 0.3657  Cluster [10000,100000]+[100000+] 0.4053 ± 0.1535 0.2778 ± 0.1390 0.2007 ± 0.1327 0.1495 ± 0.1286 0.3172 ± 0.1287 0.1923 ± 0.0825 0.3079 ± 0.6729  Cluster All Keywords 0.5599 ± 0.1607 0.4379 ± 0.1736 0.3557 ± 0.1824 0.2953 ± 0.1958 0.4699 ± 0.1687 0.2842 ± 0.1018 1.9964 ± 1.4518 
Table 15
Performance comparison of radiology report generation on the IU X-ray dataset across different text-to-text large language model versions and their pretraining materials. Results 
are reported as mean ±standard deviation with precision up to four decimal places. Additionally, the trainable model parameters are provided to indicate the complexity of each 
language model. The suffixes ‘‘-base’’ and ‘‘-small’’ denote the model size of the respective versions.
 Language model Pretrain material Trainable model parameters Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr  
 T5-base General 222 M 0.6459 ± 0.1808 0.5520 ± 0.2157 0.4840 ± 0.2425 0.4290 ± 0.2946 0.5894 ± 0.2294 0.3452 ± 0.1619 1.5191 ± 1.5254  T5-base Medical 222 M 0.6906 ± 0.2187 0.6163 ± 0.2683 0.5678 ± 0.3050 0.5333 ± 0.3357 0.6300 ± 0.2717 0.3777 ± 0.1973 2.8264 ± 2.4610  Flan-T5-Small General 77.0 M 0.6707 ± 0.2112 0.6010 ± 0.2594 0.5550 ± 0.2957 0.5215 ± 0.3248 0.6618 ± 0.2618 0.3915 ± 0.2064 3.1248 ± 2.6836  Flan-T5-Small Medical 77.0 M 0.6970 ± 0.1818 0.6149 ± 0.2353 0.5594 ± 0.2755 0.5191 ± 0.3087 0.6609 ± 0.2405 0.4055 ± 0.1880 3.0916 ± 2.7142  Flan-T5-base General 247 M 0.6724 ± 0.2287 0.5923 ± 0.2757 0.5414 ± 0.3146 0.5064 ± 0.3423 0.6158 ± 0.2774 0.3579 ± 0.2179 2.7875 ± 2.6798  Flan-T5-base Medical 247 M 0.7141 ± 0.1661 0.6107 ± 0.2066 0.5362 ± 0.2372 0.4766 ± 0.2807 0.6412 ± 0.2139 0.3807 ± 0.1421 2.1922 ± 1.9878  BART General 139 M 0.6750 ± 0.1528 0.6023 ± 0.1881 0.5486 ± 0.2114 0.5042 ± 0.2518 0.5914 ± 0.2211 0.3747 ± 0.1547 1.6933 ± 0.9086  BART Medical 139 M 0.6958 ± 0.1295 0.6089 ± 0.1695 0.5458 ± 0.1983 0.4949 ± 0.2375 0.5905 ± 0.2022 0.3834 ± 0.1351 1.8835 ± 1.0064  Pegasus General 272 M 0.6691 ± 0.1886 0.5903 ± 0.2272 0.5320 ± 0.2553 0.4840 ± 0.2980 0.6452 ± 0.2364 0.3717 ± 0.1697 1.9380 ± 1.8382  Pegasus Medical 272 M 0.7108 ± 0.1685 0.6238 ± 0.2094 0.5594 ± 0.2382 0.5061 ± 0.2744 0.6722 ± 0.2224 0.4009 ± 0.1502 2.3568 ± 2.0371  Ours / 60.5 M 0.7190 ± 0.2101 0.6250 ± 0.2713 0.5645 ± 0.3057 0.5215 ± 0.3376 0.6392 ± 0.2554 0.3861 ± 0.2218 3.2749 ± 3.0106 
Table 16
Performance comparison of radiology report generation on the MIMIC-CXR dataset across different text-to-text large language model versions and their pretraining materials. Results 
are reported as mean ±standard deviation with precision up to four decimal places. Additionally, the trainable model parameters are provided to indicate the complexity of each 
language model. The suffixes ‘‘-base’’ and ‘‘-small’’ denote the model size of the respective versions.
 Language model Pretrain material Trainable model parameters Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE-L METEOR CIDEr  
 T5-base General 222 M 0.4215 ± 0.1831 0.3176 ± 0.1810 0.2495 ± 0.1816 0.2020 ± 0.1813 0.3788 ± 0.1710 0.2153 ± 0.1136 0.6195 ± 1.3788  T5-base Medical 222 M 0.5392 ± 0.1728 0.4139 ± 0.1839 0.3315 ± 0.1918 0.2733 ± 0.1971 0.4457 ± 0.1777 0.2745 ± 0.1126 1.1082 ± 1.7353  Flan-T5-Small General 77.0 M 0.4521 ± 0.1720 0.3484 ± 0.1722 0.2780 ± 0.1726 0.2264 ± 0.1823 0.4090 ± 0.1613 0.2284 ± 0.0997 0.5560 ± 1.0986  Flan-T5-Small Medical 77.0 M 0.5337 ± 0.1713 0.4096 ± 0.1814 0.3279 ± 0.1895 0.2702 ± 0.1947 0.4438 ± 0.1784 0.2726 ± 0.1110 1.0907 ± 1.6834  Flan-T5-base General 247 M 0.4536 ± 0.1703 0.3485 ± 0.1702 0.2774 ± 0.1710 0.2253 ± 0.1806 0.4063 ± 0.1606 0.2278 ± 0.0993 0.5574 ± 1.1004  Flan-T5-base Medical 247 M 0.5500 ± 0.1657 0.4215 ± 0.1788 0.3374 ± 0.1882 0.2776 ± 0.1940 0.4457 ± 0.1741 0.2769 ± 0.1107 1.1310 ± 1.6780  BART General 139 M 0.4730 ± 0.1613 0.3571 ± 0.1621 0.2800 ± 0.1633 0.2246 ± 0.1738 0.3945 ± 0.1560 0.2292 ± 0.0961 0.5461 ± 1.0467  BART Medical 139 M 0.5223 ± 0.2960 0.4245 ± 0.3278 0.3458 ± 0.3483 0.2864 ± 0.3619 0.4501 ± 0.3020 0.2753 ± 0.2751 1.3830 ± 3.4673  Pegasus General 272 M 0.4505 ± 0.1706 0.3456 ± 0.1700 0.2750 ± 0.1703 0.2230 ± 0.1797 0.4034 ± 0.1583 0.2268 ± 0.0993 0.5414 ± 1.0983  Pegasus Medical 272 M 0.5538 ± 0.1621 0.4329 ± 0.1727 0.3515 ± 0.1798 0.2914 ± 0.1916 0.4677 ± 0.1635 0.2819 ± 0.1004 0.9722 ± 1.4213  Ours / 60.5 M 0.5599 ± 0.1607 0.4379 ± 0.1736 0.3557 ± 0.1824 0.2953 ± 0.1958 0.4699 ± 0.1687 0.2842 ± 0.1018 1.9964 ± 1.4518 
occasional semantic mismatches, where generated text misrepresents or 
contradicts the intended meaning of the keywords. Inspired by works 
like [132], 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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