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 a b s t r a c t

As the workload of radiologists continues to increase, writing radiology reports remains a time-consuming and 
error-prone task. In recent years, Automated Radiology Report Generation (ARRG) has emerged as a research 
hotspot aimed at addressing this challenge. This review analyses the main ARRG research streams, including 
template-based, retrieval-based, encoder-decoder, foundation-model-based, and hybrid approaches. We trace the 
evolution of ARRG from early template and retrieval paradigms to encoder-decoder and more recent foundation-
model-based approaches, while also discussing the growing roles of multimodal, knowledge integration and rein-
forcement learning strategies, and we compare their respective strengths and limitations. We further summarise 
the commonly used public, restricted, and private datasets in ARRG research, while distinguishing between 
datasets that can directly support report generation and auxiliary resources mainly used for pretraining, ground-
ing, or evaluation. In addition, we examine the clinical implications of radiology report format, with particular 
attention to the trade-offs between free-text and structured reporting and their consequences for model design. 
We also review mainstream evaluation methods for ARRG, including quantitative metrics (e.g., NLG and CE met-
rics) and qualitative assessment, and discuss why factual correctness, report organization, and clinical usefulness 
are not fully captured by surface-level language similarity alone. Finally, we discuss ethical and governance is-
sues that are especially salient for ARRG, such as privacy, bias, hallucination, omission of key abnormalities, 
negation errors, and responsibility allocation in clinical workflows. We hope that this review will serve as a 
useful reference for future ARRG research and for the safe translation of these systems into clinical practice.

1.  Introduction

Medical imaging, encompassing modalities such as radiography, CT, 
MRI, and ultrasound, is a noninvasive diagnostic tool that provides in-
formation about internal structures, tissues, and organs of the human 
body, including the location, morphology, and metabolic characteris-
tics of lesions, without causing physical harm to the patient (Achenbach 
et al., 2022; Beddiar et al., 2023; Liao et al., 2023; Wang et al., 2024b). 
This method is highly repeatable, making it suitable for monitoring dis-
ease progression and changes over time. For instance, in tumour follow-
ups or treatment evaluations, medical imaging can dynamically mon-
itor disease progression and assess therapeutic efficacy by comparing 
pre- and post-treatment images (Aerts et al., 2014; Emaminejad et al., 
2015; Popovici et al., 2017; Scalco & Rizzo, 2017). Therefore, medical 
imaging plays a critical role in clinical practice, providing indispens-
able support for accurate diagnosis, treatment guidance, as well as dis-
ease screening and prevention (Reale-Nosei et al., 2024). In diagnosis, 
medical imaging enables the clear identification and evaluation of ab-
normalities such as tumours, vascular diseases, and fractures, offering 
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high-resolution images as a basis for clinical decisions. During treat-
ment, imaging technology assists doctors in precisely locating lesions, 
guiding surgical procedures or radiation therapy plans, ensuring accu-
rate radiation dose distribution in the target area, and maximizing the 
protection of healthy tissues (Lecchi et al., 2008). In disease screening 
and prevention, medical imaging is widely applied in early detection 
programs, such as mammography for breast cancer screening and low-
dose CT for lung cancer screening, facilitating early diagnosis and inter-
vention to reduce mortality rates (Javaid et al., 2024; Mazzone et al., 
2018; Ren et al., 2022). Thus, with its efficiency, safety, and high re-
peatability, medical imaging holds a pivotal position in modern clinical 
medicine.

The essential role of medical imaging in clinical diagnosis and 
treatment has led to a continuous increase in the number of imag-
ing examinations, posing significant challenges to healthcare systems. 
The interpretation of the massive volume of medical imaging data re-
lies on professional radiologists. However, the global shortage of ra-
diologists has become increasingly severe. For instance, according to 
statistics (The Royal College of Radiologists, 2023), in 2023, the UK
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clinical radiology workforce grew by 6.3%, but the demand for CT and 
MRI reporting surged by 11%. In the same year, the UK faced a 30% 
shortage of clinical radiologists, which is projected to rise to 40% by 
2028 (The Royal College of Radiologists, 2023). The growing demand 
for imaging examinations has resulted in excessive workloads, reduced 
reading times, and fatigue among radiologists, sometimes preventing 
them from fulfilling their duties satisfactorily (Kaur et al., 2022). Some 
previous studies (Gatt et al., 2003; Marrie, 1997) have shown that de-
lays in the generation of imaging reports have, in some cases, led to 
reports being interpreted by general physicians rather than trained ra-
diologists. Discrepancies between interpretations by clinical physicians 
and radiologists can occasionally be significant, potentially affecting the 
treatment process for some patients (Benger & Lyburn, 2003; Kaur et al., 
2022).

In response to this challenge, research on automated radiology report 
generation (ARRG) has garnered widespread attention. ARRG leverages 
deep learning technologies to automatically analyse medical images and 
generate reports, alleviating the workload of radiologists, accelerating 
the report generation process, and improving diagnostic efficiency. It 
can also serve as a guidance tool for less experienced radiologists, help-
ing them identify potential abnormalities and reducing the risk of missed 
diagnoses (Liu et al., 2021a; Yang et al., 2022; You et al., 2021). Some 
people (Liao et al., 2023) suggest that the earliest work was in 2015, 
when Shin et al. utilized natural language processing (NLP) techniques 
to extract semantic labels from radiology reports and employed deep 
convolutional neural networks (CNNs) to map CT/ MRI images to dif-
ferent topic categories (Shin et al., 2016a). Additionally, they developed 
a model to generate keyword descriptions associated with CT/ MRI im-
ages and predict the presence of common diseases in the images. Other 
studies (Sloan et al., 2024), however, identify 2016 as the starting point, 
coinciding with the release of the Indiana University X-ray Dataset (IU X-
ray) (Demner-Fushman et al., 2016) and Shin et al. utilized this dataset 
to develop a method for automatically annotating medical images by 
employing a CNN as the encoder and a recurrent neural network (RNN) 
as the decoder (Shin et al., 2016b). Subsequently, by 2018, research 
on ARRG began to gain widespread attention. From 2020 onwards, the 
number of publications in this field has grown rapidly, and it is expected 
that this trend will become increasingly prominent in the future (Sloan 
et al., 2024).

ARRG, as a specialized branch of image captioning (Liao et al., 2023; 
Luan et al., 2023; Sloan et al., 2024; Wang et al., 2022a), focuses on 
generating diagnostic reports for medical images, such as X-rays, CT 
scans, MRIs, and ultrasounds. It achieves this by leveraging the com-
bined strengths of computer vision (CV) (Elyan et al., 2022; Javaid et al., 
2024) and natural language processing (NLP) (Chng et al., 2023; Zhang 
et al., 2019b).

Before beginning ARRG research, it is crucial to determine the for-
mat of the diagnostic report to be generated, as this will influence the 
design of the ARRG model. For instance, if the goal is to produce a 
structured report, the model design might incorporate template-based 
methods or draw inspiration from template-based approaches, possibly 
adopting hybrid methods.

As for the data, ideal ARRG research requires high-quality medical 
images, which involves two key aspects. On the one hand, the medical 
images must be clear and meet the technical standards for radiologi-
cal examinations. For example, a qualified chest X-ray (Chand et al., 
2013) should fully display both lung apices and costophrenic angles, 
ensuring that the distances between the inner edges of the clavicles and 
the spine are equal to prevent image rotation. On the other hand, an 
ideal dataset should also include complete and standardized diagnos-
tic reports. These reports must be detailed and accurate, reflecting the 
pathological findings in the images and conforming to the standards of 
medical documentation. However, datasets that meet these criteria are 
exceedingly rare in practice.

From a methodological perspective, ARRG research can be under-
stood along two complementary dimensions: methodological paradigms 

and enhancement mechanisms. The methodological paradigms include 
template-based (Abela et al., 2022; Pino et al., 2021), retrieval-based 
(Charalampakos et al., 2021; Kougia et al., 2021; Liao et al., 2023; Ni 
et al., 2020; Reale-Nosei et al., 2024; Syeda-Mahmood et al., 2020; Yang 
et al., 2021c; Zhang et al., 2018), encoder-decoder, foundation-model-
based, and hybrid approaches. Among them, the encoder-decoder 
framework remains one of the most classical and influential develop-
ment lines in ARRG (Liang et al., 2018; Shin et al., 2016b; Sloan et al., 
2024; Vinyals et al., 2015; Yao et al., 2017). Early encoder-decoder 
systems (Shin et al., 2016b) often employed CNN-RNN architectures, 
typically combining CNN visual encoders with RNN, LSTM (Hochre-
iter, 1997), or GRU (Cho et al., 2014; Chung et al., 2014, 2015) de-
coders, and were later extended to CNN-Hierarchical RNN (or Hierarchi-
cal LSTM) variants (Harzig et al., 2019; Huang et al., 2019; Jing et al., 
2017; Yin et al., 2019; Yuan et al., 2019; Zhang et al., 2020). Atten-
tion mechanisms were subsequently incorporated to improve image-
text alignment (Gajbhiye et al., 2022; Jing et al., 2017; Song et al., 
2022; Wang et al., 2018, 2022b; Yan et al., 2022; You et al., 2021). 
With the widespread success of Transformer (Vaswani, 2017) in image 
captioning (Herdade et al., 2019; Yu et al., 2019), Transformer-based 
and foundation-model-based ARRG approaches have become increas-
ingly prominent (Alfarghaly et al., 2021; Chen et al., 2020; Lovelace & 
Mortazavi, 2020; Nooralahzadeh et al., 2021; Wang et al., 2023b; Zhou 
et al., 2022). These more recent approaches can be viewed as extend-
ing or reconfiguring earlier encoder-decoder ideas while also introduc-
ing new large-scale pretraining and cross-modal modeling capabilities. 
In contrast, attention, multimodal fusion, and knowledge integration 
are better understood as cross-cutting modeling strategies, while rein-
forcement learning is more appropriately regarded as a cross-cutting 
optimization strategy, because these elements may be incorporated into 
different model families in different ways rather than constituting fully 
separate report-generation paradigms.

Within this evolving methodological landscape, several trends are 
especially notable. One of the major challenges in ARRG research is the 
scarcity of medical data, which has contributed to the growing impor-
tance of foundation models (Bannur et al., 2023a; Boecking et al., 2022; 
Delbrouck et al., 2022; Li et al., 2023c, 2024b; Nicolson et al., 2023; 
Wu et al., 2023a). Pre-trained on large-scale datasets, these models 
can be adapted to relatively smaller domain-specific datasets, thereby 
partially alleviating the problem of limited medical data (Liao et al., 
2023) while also supporting stronger cross-modal representation learn-
ing. In parallel, hybrid methods have emerged as an important direc-
tion because template-based, retrieval-based, and conventional encoder-
decoder methods each have limitations in ARRG tasks (Biswal et al., 
2020; Gao et al., 2024; Nie & Liu, 2023; Tanwani et al., 2022; Yang 
et al., 2021c). By combining the strengths of different paradigms, such 
methods can improve both the reliability and the expressive flexibility 
of generated reports.

Another important direction in ARRG research is the integration of 
medical knowledge and multimodal information. Some studies incor-
porate medical knowledge through techniques such as knowledge dis-
tillation (Huang et al., 2023; Liu et al., 2021a), knowledge embedding 
(Liu et al., 2021b), or knowledge graphs (Li et al., 2024b; Wang et al., 
2023a; Zhang et al., 2020), with the aim of improving factual ground-
ing and report accuracy (Gajbhiye et al., 2022; Hou et al., 2023b; Huang 
et al., 2023; Kim et al., 2023; Li et al., 2022; Liu et al., 2021a,b; Nishino 
et al., 2022). Meanwhile, because radiologists often rely on patients’ 
medical history, previous examinations, and relevant laboratory results 
when writing diagnostic reports, these real-world workflows have moti-
vated the incorporation of multimodal information into ARRG systems 
(Dalla Serra et al., 2022; Jeong et al., 2024; Liu et al., 2021a; Mondal 
et al., 2023; Nguyen et al., 2023, 2021; Shang et al., 2022).

Most ARRG studies have focused on 2D imaging. However, com-
pared with 2D imaging (e.g., X-rays), 3D imaging (e.g., CT and MRI) can 
provide a more comprehensive representation of a patient’s condition. 
As a result, some studies have explored ARRG methods for 3D medical
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Table 1 
Comparison of representative prior reviews related to ARRG and the positioning of the present review.
 Review  Year  Main emphasis Report-

format 
implications

Direct vs. 
auxiliary 
dataset roles

Method organization 
beyond simple 
taxonomy

Task-
specific 
ethics 
synthesis

 Position relative to the present review

(Monshi 
et al., 2020)

2020 Early survey of automatic 
radiology report generation 
methods, datasets, and 
evaluation

Limited No Mainly 
architecture-oriented

No Valuable early overview, but 
covered research stages are 
too early, less emphasis on 
data stratification, 
task-specific ethical risks

(Kaur et al., 
2022)

2022 Deep-learning research on 
radiology report generation, 
especially chest X-ray settings

Partial No Mainly 
method-focused

No Stronger focus on radiology 
reporting than broader 
medical-report surveys, but 
less emphasis on data 
stratification, task-specific 
ethical risks

(Messina 
et al., 2022)

2022 Explainability, evaluation, 
and physician-centred 
assessment for automatic 
report generation

Partial Partial Partial Limited Provides important 
evaluation and explainability 
perspectives, but less 
emphasis on task-specific 
ethics synthesis

(Liao et al., 
2023)

2023 Broad survey of deep 
learning approaches, 
datasets, and challenges in 
ARRG

Partial Yes Yes Limited Covers many ARRG 
components, but less 
emphasis on task-specific 
ethics synthesis

(Liu et al., 
2023a)

2023 Recent advances in datasets, 
models, and evaluation

Limited Limited Partial No Useful update-oriented 
review, but without 
task-specific ethical risks

(Pang et al., 
2023)

2023 A review of traditional ARRG 
frameworks

No No Mainly 
method-focused

No Intuitive ARRG structure but 
no data stratification and 
task-specific ethics synthesis

(Sloan et al., 
2024)

2024 Recent ARRG developments, 
including multimodal 
methods and evaluation

Partial No Yes Partial More current than earlier 
surveys, but still less focus on 
data stratification and 
task-specific ethical risks

(Liu et al., 
2025)

2025 State-of-the-art medical 
report generation beyond 
radiology-specific settings

Partial Limited Broad taxonomy Limited Provides wider 
generative-medical-report 
context, but less emphasis on 
task-specific ethics synthesis

Present 
review

2025 ARRG-focused synthesis 
spanning report formats, 
datasets, methods, 
evaluation, and ethics

Yes Yes Paradigms + 
mechanisms

Yes Emphasizes report-format 
implications, dataset-role 
stratification, comparative 
methodological synthesis, 
and ARRG-specific 
generative ethics risks

imaging, such as RadFM (Wu et al., 2023b), CT2Rep (Hamamci et al., 
2024c), and M3D-LaMed (Bai et al., 2024). Nevertheless, ARRG for 
3D imaging still faces substantial challenges, including data processing 
complexity, slice aggregation, and computational cost.

Evaluation is also a critical aspect of ARRG research. Common eval-
uation methods currently include quantitative metrics (such as natural 
language generation evaluation metrics and clinical efficacy evaluation 
metrics) and qualitative assessments. However, both types of evaluation 
methods have limitations, which will be discussed in detail in Section 6.

As ARRG technology advances, ethical and safety issues are becom-
ing increasingly important, including data privacy, algorithmic bias, 
clinical responsibility, and interpretability. These issues warrant suffi-
cient attention. For instance, strict data privacy protection measures, 
such as data anonymization and access controls, are needed to ensure 
patient privacy. Training data should be analysed and processed to min-
imize bias. The auxiliary role of ARRG models should be clearly de-
fined to prevent over-reliance, and corresponding clinical responsibility 
mechanisms should be established.

Existing reviews have already surveyed ARRG or closely related 
medical-report-generation research from different perspectives. One line 
of review work has focused on radiology report generation itself, dis-
cussing deep-learning methods, datasets, and evaluation (Monshi et al., 
2020; Pang et al., 2023). Some reviews were more specifically centered 
on chest radiographs or chest X-ray report generation (Kaur et al., 2022). 
Some broader surveys covered automatic medical imaging or medical 

report generation at a wider scope beyond radiology-specific report gen-
eration (Liao et al., 2023; Liu et al., 2025). Other reviews placed partic-
ular emphasis on explainability, evaluation, and physician-centred as-
sessment (Messina et al., 2022). More recent reviews have further sum-
marized recent advances in ARRG, including developments in datasets, 
model design, multimodal methods, and evaluation (Liu et al., 2023a, 
2025; Sloan et al., 2024).

However, the emphasis of these reviews differs. Some focus primar-
ily on methodological development and model architectures (Kaur et al., 
2022; Liao et al., 2023; Liu et al., 2023a; Monshi et al., 2020; Sloan 
et al., 2024), some place greater emphasis on explainability and eval-
uation (Messina et al., 2022), and some discuss medical report gener-
ation at a broader level without focusing specifically on report-format 
implications for ARRG system design (Liu et al., 2023a). In addition, 
although prior reviews discuss datasets and evaluation (Kaur et al., 
2022; Pang et al., 2023; Sloan et al., 2024), they do not always orga-
nize these resources in a way that explicitly distinguishes direct report-
generation datasets from auxiliary resources such as label-only, ground-
ing, or graph-annotated datasets. Issues related to safety, interpretabil-
ity, and data-related concerns are also occasionally acknowledged in 
prior reviews (Kaur et al., 2022; Liu et al., 2023a; Monshi et al., 2020; 
Pang et al., 2023), but are usually not developed in a task-specific way 
for generative radiology reporting. Table 1 summarizes these differences 
more explicitly. Against this background, our review aims to make the 
following contributions:
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1. Provides a more task-oriented review of data resources for ARRG
Compared with prior reviews that discuss datasets more broadly 

or without consistently separating their functional roles (Kaur et al., 
2022; Monshi et al., 2020; Pang et al., 2023; Sloan et al., 2024), 
this review focuses specifically on radiology-oriented image-text re-
sources for ARRG, including X-ray, CT, MRI, ultrasound (in multi-
modal settings), and PET/CT. More importantly, we distinguish be-
tween datasets that can be used directly for report generation and 
auxiliary resources that are mainly useful for pretraining, weak su-
pervision, anatomical grounding, knowledge-graph construction, or 
evaluation. We also clarify why pathology data, although clinically 
important as a diagnostic gold standard, usually plays a different role 
from radiology report data in the ARRG pipeline.

2. Organizes ARRG methods with greater emphasis on architectural evolu-
tion and enhancement mechanisms

Compared with prior reviews that are mainly architecture-
oriented or present methods largely category by category (Kaur 
et al., 2022; Monshi et al., 2020; Pang et al., 2023), we discuss 
ARRG methods along two complementary dimensions: methodolog-
ical paradigms and enhancement mechanisms. This structure high-
lights the historical encoder-decoder thread while still accommodat-
ing template-based, retrieval-based, foundation-model-based, and 
hybrid paradigms. We further discuss attention, multimodal fusion, 
knowledge integration, and reinforcement learning as mechanisms 
that may act either as central architectural components or as add-
ons, depending on the model family. Tables 7, 9, and 10 are used 
not simply to list scores but to support discussion of how model de-
sign choices interact with evaluation protocols.

3. Delivers a clinically oriented evaluation of ARRG applications, highlight-
ing the impact of radiology report formats on system design and arguing 
that hybrid reporting targets may be a promising direction

Compared with broader medical-report surveys and method-
focused ARRG reviews that do not place primary emphasis on report-
format implications (Liu et al., 2023a; Pang et al., 2023), this review 
provides an in-depth exploration of the clinical value of ARRG from 
a medical perspective. Through comparison, we evaluate the appli-
cation performance of free-text radiology format versus structured 
radiology format across different clinical scenarios, while assessing 
their respective advantages and limitations. The radiology report for-
mat significantly influences ARRG architectural design. For instance, 
structured reports, with their standardized nature, are particularly 
well-suited for template-based approaches. This architecture ensures 
completeness and consistency of key clinical elements, as demon-
strated in standardized reporting systems like the Breast Imaging 
Reporting and Data System (BI-RADS). Current clinical evidence con-
firms that both free-text and structured formats possess irreplaceable 
value. Accordingly, we argue that future ARRG systems may benefit 
from hybrid reporting targets that combine natural-language flexibil-
ity for complex or rare pathologies with structured anchors for crit-
ical diagnostic elements (e.g., lesion location, size, and morpholog-
ical characteristics). Such adaptive systems could better align with 
clinical needs while accommodating the diversity of disease mani-
festations.

4. Expands the ethical discussion by connecting general medical AI concerns 
to ARRG-specific generative risks

Prior reviews have rightly highlighted safety, explainability, and 
clinical responsibility in medical AI (Liao et al., 2023; Liu et al., 
2025; Messina et al., 2022; Sloan et al., 2024). Building on that 
broader discussion, this review devotes dedicated attention to ethical 
questions that are especially salient in ARRG, including hallucinated 
findings, failure to preserve negation, omission of clinically impor-
tant abnormalities, inconsistency between Findings and Impression, 
misuse of prior-study references, and the way apparently fluent text 
may obscure clinically unsafe content. Rather than claiming abso-
lute novelty, we position this discussion as a more explicit and task-
specific synthesis of ethical issues for generative radiology reporting.

Fig. 2 outlines key aspects of ARRG research, including review method-
ology, radiology report formats, experimental datasets, ARRG method-
ological paradigms and enhancement mechanisms, model evaluation 
methods, and ethical issues. The remaining structure of this article is 
as follows: Section 2 describes the review methodology adopted in this 
work, including the literature scope, search sources, time window, and 
inclusion and exclusion criteria. Section 3 provides a detailed intro-
duction to the two commonly used formats of radiology reports, dis-
cussing their respective advantages, disadvantages, and future trends. 
Section 4 reviews the datasets currently used in ARRG research, includ-
ing X-ray, CT, MRI, ultrasound, and PET/CT radiological imaging data, 
while analysing the characteristics of different data sources and their 
applications in ARRG tasks. Section 5 discusses ARRG through two com-
plementary lenses: methodological paradigms and enhancement mech-
anisms. Under this structure, template-based, retrieval-based, encoder-
decoder, foundation-model-based, and hybrid approaches are treated as 
methodological paradigms, while attention mechanisms, multimodal fu-
sion, knowledge integration, and reinforcement learning are discussed 
as mechanisms that may operate across different model families. Sec-
tion 6 explores the evaluation methods for ARRG, including quantitative 
evaluation metrics (such as natural language generation (NLG) evalua-
tion metrics, clinical efficacy (CE) evaluation metrics, etc) and qual-
itative evaluation methods (such as human evaluation, etc) to assess 
the quality and usability of generated reports. Additionally, this section 
compares the experimental results of existing ARRG studies to identify 
the state-of-the-art methods. Section 7 independently discusses ethical 
issues in ARRG research, focusing on key challenges such as data pri-
vacy protection, model fairness, responsibility allocation, patient con-
sent, and task-specific generative risks. Section 8 provides a discussion 
of the limitations of current ARRG research and presents an outlook on 
future trends in ARRG research. Section 9 summarizes the key contribu-
tions of this review.

2.  Review methodology

This article is intended as a comprehensive and transparent narra-
tive review rather than a formal systematic review or meta-analysis. 
To improve transparency and reproducibility, the literature identifica-
tion process was guided by four principles: broad coverage of relevant 
sources, explicit topic keywords, relevance to radiology report genera-
tion, and backward/forward reference checking from influential papers 
and prior reviews. The main database search covered PubMed, Scopus, 
IEEE Xplore, Web of Science, and Google Scholar was used as an addi-
tional source to identify potentially relevant records. The review win-
dow covered studies published from January 1, 2015 to April 14, 2026, 
which corresponds to the period in which ARRG emerged as a recog-
nizable research topic and then developed rapidly. The search scope 
focused on peer-reviewed articles and widely used preprints related to 
automated radiology report generation. Representative search terms in-
cluded combinations of “automated radiology report generation”, “ra-
diology report generation”, “medical report generation”, “structured re-
porting”, “image-to-text”, “multimodal radiology”, “knowledge graph”, 
and “large language model”, together with modality-specific terms such 
as “chest X-ray”, “CT”, and “MRI”.

The screening process was performed iteratively. In total, 804 
records were identified from the main databases and 94 additional 
records were identified through Google Scholar, yielding 898 records 
overall. After removing 279 duplicates, 619 records remained for title 
and abstract screening. At this stage, 431 records were excluded. The re-
maining 188 full-text reports were assessed for eligibility, and 64 were 
excluded with reasons. Ultimately, 124 studies were included in the core 
ARRG analytical corpus for methodological and experimental synthe-
sis. This number refers specifically to ARRG-focused studies analysed in 
depth, rather than to the total number of references cited in this review. 
Backward and forward citation tracing from influential ARRG studies, 
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Fig. 1. Schematic summary of the literature identification and screening process used in this review.

dataset papers, and prior reviews was also used to improve coverage 
and reduce the risk of missing influential work.

Inclusion criteria

1. Studies focused directly on automated radiology report generation 
or closely related radiology-specific report generation tasks.

2. Studies making a methodological, data-related, evaluative, or clin-
ically relevant contribution that directly informed the analysis of 
ARRG systems, datasets, report organization, or assessment.

3. Publications containing sufficient technical or clinical detail to sup-
port analysis.

Exclusion criteria

1. Studies focused solely on non-radiology domains such as pathology 
or ophthalmology or metrics evaluation without a clear radiology-
report-generation connection.

2. Purely image-classification or segmentation studies with no direct 
ARRG relevance, except where such datasets were subsequently 
reused as auxiliary resources.

3. Duplicated records across search sources or articles lacking sufficient 
information for reliable interpretation.

Fig. 1 provides a schematic summary of the literature identification 
and screening logic used in this review. The final corpus was organized 
into five analytical themes: report formats, datasets, methods, evalua-
tion, and ethics. Within the dataset section, we explicitly distinguish be-
tween direct report-generation datasets and auxiliary resources. Within 
the methods section, we distinguish between methodological paradigms 
and enhancement mechanisms. This design choice reflects the fact that 
ARRG is a rapidly evolving field in which many techniques, such as at-
tention or multimodal fusion, function differently across model families. 

We also note that the field is moving quickly; therefore, despite efforts 
to keep the review up to date, newly released datasets and models may 
emerge after the review window covered in this manuscript.

3.  Report formats

Radiology reports serve as a critical communication tool between 
radiologists and referring physicians (Bécares-Martínez et al., 2020; 
Caranci et al., 2020; European Society of Radiology (ESR), 2011; Ier-
ardi et al., 2020; Neri et al., 2020; Segrelles et al., 2017; Sobez et al., 
2019). An effective report should accurately address clinical questions, 
use clear, precise, and unambiguous language, provide explicit manage-
ment recommendations, and include relevant negative findings when 
appropriate (Bécares-Martínez et al., 2020; Caranci et al., 2020; Eu-
ropean Society of Radiology (ESR), 2011, 2023; Ierardi et al., 2020; 
The Royal College of Radiologists, 2023).

As mentioned in the introduction, before conducting ARRG research, 
it is essential to define the expected report format. The report format 
can influence the design of the ARRG system and generation strategy to 
some extent. However, there is currently no globally unified format for 
radiology reports. The most common formats can be categorized into 
traditional free-text reporting and structured reporting (European Soci-
ety of Radiology (ESR), 2011, 2018, 2023; Neri et al., 2022).

Free-text reporting refers to diagnostic reports written in a narrative, 
prose-style, unstructured format (European Society of Radiology (ESR), 
2011, 2018, 2023; Neri et al., 2022). In contrast, structured reporting is 
widely regarded as a potential method for improving the quality of ra-
diology reports (Dick et al., 2021; Ganeshan et al., 2018; Reiner, 2009), 
with its benefits extensively discussed and recognized (European Soci-
ety of Radiology (ESR), 2023; Powell & Silberzweig, 2015). In 2018, the 
European Society of Radiology (ESR) identified three key reasons for 
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Fig. 2. An outline of key aspects related to ARRG research.
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transitioning from traditional free-text reporting to structured report-
ing: quality, datafication/quantification, and accessibility. Both the ESR 
and the Radiological Society of North America (RSNA) have strongly 
promoted the adoption of structured reporting (European Society of Ra-
diology (ESR), 2018, 2023; Morgan et al., 2014). The RSNA developed 
the RadReport Template Library (RSNA, 2025) as part of its Structured 
Reporting Initiative. However, it is no longer being updated.

It is important to note that the term “structured reporting” has been 
somewhat ambiguous. In the past, it was often used interchangeably 
with “standardized reporting.” In 2020, Nobel et al. proposed the fol-
lowing definitions: structured reporting refers to the organization of ra-
diology report content in a structured manner through IT-based means, 
while standardized reporting refers to the optimization and unification 
of the content in radiology reports (Nobel et al., 2020). Before this, no 
clear distinction was made between standardized reporting and struc-
tured reporting, and the two terms were often considered synonyms. 
Nobel et al. argue that true structured reporting involves the use of 
specialized IT solutions to store report content in a structured format, 
facilitating data mining (Nobel et al., 2020). In contrast, standardized 
reporting emphasizes the high degree of content and language standard-
ization, as well as the structured organization of specific sections of a 
report, without necessarily relying on IT tools. Additionally, Nobel et al. 
divided structured reporting into two levels (Nobel et al., 2020): Level 
1 refers to structured layout, which presents results in a strict, prede-
fined order, creating and maintaining consistency, similar to a template 
or blueprint for a report. Level 2 refers to structured content, which in-
volves the organization and presentation of medical content within the 
report and represents the more technical aspect of IT-guided content 
generation. Examples mentioned in the literature are dropdown menus, 
pick lists, and point-and-click systems. Nobel et al. emphasized that es-
tablishing standardized structures should precede the implementation of 
structured reporting to maximize clinical practice benefits (Nobel et al., 
2020). They also noted that “Standardized reporting is about report con-
tent, structured reporting is an IT-based tool”.

In the ESR’s 2018 publication on structured reporting in radiology 
(European Society of Radiology (ESR), 2018), based on the descrip-
tion by (Weiss & Bolos, 2010), structured reporting was divided into 
three levels: structured format, including paragraphs and subheadings; 
organizational consistency; and the use of professional terminology, 
i.e., standardized language. In the ESR’s 2023 update (European Soci-
ety of Radiology (ESR), 2023), it was further stated that: “In contrast, 
a radiological report can be highly standardized with regard to content 
and language (standardized reporting) or structured in specific sections 
but without the use of a supporting IT tool (structured reporting Level 
1 (Nobel et al., 2020)).” Thus, whether following (Nobel et al., 2020), 
who argue that standardized structures should precede structured re-
porting, or the ESR’s 2018 (European Society of Radiology (ESR), 2018) 
and 2023 (European Society of Radiology (ESR), 2023) publications on 
structured reporting in radiology, the consensus is clear: the content of 
radiology reports should be standardized. In fact, much of the research 
on structured reporting in radiology focuses on report content, without 
strictly distinguishing between standardized reporting and structured 
reporting (with IT tools). For example, some studies regard BI-RADS 
(Breast Imaging-Reporting and Data System) (D’Orsi et al., 2013) as a 
classic example of structured reporting (Ganeshan et al., 2018).

Given that the focus of ARRG research is on the content of the gen-
erated report, rather than whether IT tools are used for importing, in 
this literature review, the concept of structured reporting is broader. It 
includes not only Level 1 and Level 2 structured reporting, but also stan-
dardized reporting, such as reports based on the classic BI-RADS (D’Orsi 
et al., 2013) structured template, which are also considered structured 
reporting (generalized structured reporting) in this literature review be-
cause they all use standardized terminology and formats.

For the purposes of ARRG, this broader operational definition is more 
useful than a purely terminological debate. The central modeling ques-
tion is whether the target report exhibits explicit section structure, stan-

dardized terminology, constrained attribute slots, or freer narrative ex-
pression. In other words, the issue is not only how the report is entered 
in the hospital information system, but how its linguistic and seman-
tic structure shapes supervision, decoding, and downstream evaluation. 
More standardized and structurally constrained targets are generally 
easier to supervise and evaluate automatically, whereas freer report 
styles preserve descriptive flexibility but make alignment, generation 
control, and evaluation more difficult.

The reason why there is currently no unified radiology report for-
mat worldwide is that both free-text reporting and structured reporting 
formats have their own advantages and disadvantages, and neither is 
perfect. As a crucial department in medical technology, the goal of the 
radiology department is to provide clinically valuable imaging informa-
tion and professional interpretation to clinicians, ultimately collaborat-
ing with clinical departments to create the best diagnostic and treatment 
plan for patients. Clinicians, in turn, combine the patient’s medical his-
tory, physical examination, and other information to make an overall 
judgment on the condition and reach a final diagnosis and treatment 
decision.

The ESR suggests that an ideal radiology report should include the 
following sections (European Society of Radiology (ESR), 2011):

1. Clinical Referral: A brief overview of the indication for the referral 
and the underlying reasons. This section typically aims to answer the 
clinical question posed by the referring physician.

2. Technique: A detailed description of the type of examination per-
formed and the imaging techniques or sequences used.

3. Findings: A comprehensive description of all imaging observations, 
prioritizing those most relevant to the referral indication, but also 
including incidental findings. In some cases, negative findings are 
also highlighted to help rule out certain differential diagnoses.

4. Impression/ Conclusion: A concise summary of the observations, 
usually consisting of one or two sentences. This often includes a 
prioritized list of diagnoses or differential diagnoses to guide sub-
sequent patient management.

5. Advice: The report may provide recommendations for further action. 
For example, the report may suggest further investigations to help 
clarify the diagnosis.

To understand the advantages and disadvantages of free-text report-
ing and structured reporting, let us consider the example of a mammog-
raphy report. For the structured report of a mammogram, the classic 
BI-RADS (D’Orsi et al., 2013) template will be used. In fact, some ra-
diologists strictly follow the BI-RADS (D’Orsi et al., 2013) structured 
template when writing mammography reports, such as those in the Radi-
ology Department of Xiamen University First Affiliated Hospital China, 
which established a Breast Imaging Diagnostic Center. The report tem-
plate used by this department is shown in Table 2 (the original template 
is in Chinese, while Table 2 displays the translated English version).

To better understand BI-RADS-based structured reports, let us briefly 
explain BI-RADS (D’Orsi et al., 2013). BI-RADS stands for the Breast 
Imaging-Reporting and Data System, a standardized reporting system 
developed by the American College of Radiology (ACR) aimed at im-
proving the quality and consistency of breast imaging reports. BI-RADS 
also provides a standardized format for breast imaging reports, which 
includes the following sections:

• Examination name
• Clinical history and indications
• Breast composition
• Findings (including masses, calcifications, architectural distortion, 
asymmetries, intramammary lymph nodes, skin lesions, solitary di-
lated ducts, and associated features)

• Impression (categorization of lesions based on imaging features and 
assessment using the BI-RADS (D’Orsi et al., 2013) classification sys-
tem (categories 0–6))
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Table 2 
Breast imaging structured report template (based on BI-RADS D’Orsi et al., 2013).
 Department of Diagnostic Radiology
 Name:  Age:  Sex:  Date:
 Patient ID:  Referring doctor:
 BILATERAL/UNILATERAL (RIGHT/LEFT) BREAST MAMMOGRAPHY
Mammography of both/right/left breast was performed using low dose radiation technique with adequate compression. Bilateral 
breast/Right breast/Left breast craniocaudal and mediolateral oblique views have been obtained.
 Additional mammography views were obtained (if any) (specify the view and the laterality).
 Previous mammogram dated (specify), reported as (BI-RADS 0/1/2/3/4/5/6) is available for comparison.
 Clinical presentation:
 Breast composition:  ACR Category a/ ACR Category b/ ACR Category c/ ACR Category d
 Finding:
 Location of lesion:

 Number:
 Size (cm):

 Mass:  Shape: None/ Oval/ Round/ Irregular
 Margins: None/ Circumscribed/ Obscured/ Microlobulated/ Indistinct/ Spiculated
 Density: None/ High/ Equal/ Low/ Fat-containing
 Typically benign: None/ Skin/ Vascular/ Coarse or “popcorn-like”/ Large rod-like/ Round/ Rim/ Dys-

trophic/ Milk of calcium/ Suture
 Calcifications:  Suspicious: None/ Amorphous/ Coarse heterogeneous/ Fine pleomorphic/ Fine linear or fine-

linear branching
 Distribution: None/ Diffuse/ Regional/ Grouped/ Linear/ Segmental

 Architectural distortion:  None/ Present
 Asymmetries:  None/ Global/ Focal/ Developing
 Intramammary lymph node:  None/ Present
 Skin lesion:  None/ Present
 Solitary dilated duct:  None/ Present
 Associated features: Skin retraction/Nipple retraction /Skin thickening/Trabecular thickening /Axillary 

adenopathy/ Architectural distortion/ Calcifications
 Impression:
 BI-RADS:  0/ 1/ 2/ 3/ 4A/ 4B/ 4C/ 5/ 6
 Advice: Recall for additional imaging and/or comparison with prior examination(s)/ Rou-

tine mammography screening/ Routine mammography screening/ Short-interval (6-
month) follow-up or continued surveillance mammography/ Tissue diagnosis/ Surgi-
cal excision when clinically appropriate

• Advice (recommendations based on the BI-RADS (D’Orsi et al., 2013) 
assessment, such as short-term follow-up, biopsy, etc.)

It is clear that the BI-RADS-based report template fully aligns with 
the European Society of Radiology’s requirements for an ideal radiology 
report. To visually compare free-text reporting and structured reporting, 
let us now look at how the same mammography results would be written 
in both formats.

Case: Female, 45 years old. Six months ago, the patient noticed non-
bloody discharge from the left breast. Initial mammography revealed hetero-
geneous calcifications in the anterior region of the upper outer quadrant at 
the 1 o’clock position of the left breast. The findings were categorized as BI-
RADS® Category 3, indicating a probably benign lesion, with a recommen-
dation for follow-up in 6 months. The patient is now undergoing a scheduled 
follow-up mammogram.

Tables 3 and 4 present the mammography results of the patient in 
free-text format and structured format, respectively.

By utilizing two different reporting formats for the same case (mam-
mography examination), we can directly compare their differences. It is 
evident that structured reporting adopts a “checklist” approach, ensur-
ing all questions posed by the referring clinician are comprehensively 
addressed using concise language. In contrast, free-text reporting is of-
ten hindered by verbose or ambiguous descriptions, requiring readers to 
review the entire report to extract treatment-related information. More-

over, structured reporting employs standardized terminology, which ef-
fectively avoids ambiguity (European Society of Radiology (ESR), 2018; 
Khurana et al., 2020) and facilitates comparative studies on disease 
treatment (European Society of Radiology (ESR), 2018). This provides 
clinicians with clearer guidance, thereby promoting appropriate care 
decisions (European Society of Radiology (ESR), 2018). Additionally, 
structured reporting enables easier comparisons in research and clinical 
practice (Dimarco et al., 2020; European Society of Radiology (ESR), 
2018).

To further evaluate free-text and structured reporting, we examine 
findings from several studies. A study on the impact of the structured 
LI-RADS template for hepatocellular carcinoma (HCC) based on CT and 
MRI (Flusberg et al., 2017) found that structured reporting improved the 
completeness and consistency of key HCC features, reducing communi-
cation errors. Similarly, a study on whole-body CT scans (Schwartz et al., 
2011) revealed that both clinicians and radiologists preferred structured 
reporting for its clarity and practicality, with higher satisfaction com-
pared to free-text reports.

In the context of pancreatic ductal adenocarcinoma (PDA), struc-
tured reporting significantly enhanced inter-reader consistency in evalu-
ating vascular involvement (e.g., portal vein, superior mesenteric artery) 
compared to free-text reporting (Dimarco et al., 2020). Free-text reports 
were more prone to ambiguity and omissions, potentially leading to mis-
interpretations of tumour resectability and unnecessary surgeries (Tem-
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Table 3 
Mammography report in free-text format.
UNILATERAL (LEFT) BREAST MAMMOGRAPHY
Mammography of left breast was performed 
using low dose radiation technique with 
adequate compression. Left breast 
craniocaudal and mediolateral oblique views 
have been obtained.
Compared with the previous mammogram 
dated 15/01/2023, reported as BI-RADS 3, 
there is an increase in the number of 
calcifications from the prior exam.
Clinical presentation: Non-bloody discharge left 
breast.
Finding:

The left breast exhibits a fatty composition. No 
well-defined mass is observed within the left 
breast. Regionally distributed heterogeneous 
calcifications are noted in the upper outer 
quadrant of the left breast. The blood vessels of 
the left breast are symmetrical, and no 
abnormalities are detected in the pectoralis major 
muscle. The skin and areola of the left breast show 
no thickening, and there is no nipple retraction. 
The subcutaneous tissue structures are clearly 
visible. No significantly enlarged lymph nodes are 
observed in the left axilla.
Impression:

BI-RADS® Category 3: Probably Benign Finding. 
Short interval follow-up of the left breast is 
recommended in 6 months.

pero et al., 2021). Structured reporting also improved the practicality 
of staging reports, reducing the need for direct image review (Marcal 
et al., 2015). Additionally, a study on multiphase CT for pancreatic can-
cer (Brook et al., 2015) highlighted that structured reports provided 
more comprehensive surgical planning details, such as aberrant hepatic 
arteries and anatomical variations, which were often omitted in free-text 
reports.

Beyond pancreatic cancer, structured MRI reports for suspected rec-
tal cancer (Nörenberg et al., 2017) improved surgical planning accu-
racy and increased referring surgeons’ confidence in clinical decisions. 
Similarly, structured CT reports for colon cancer staging (Granata et al., 
2022) were emphasized as essential for providing high-quality service to 
clinicians and patients while supporting research efforts. Overall, struc-
tured reporting has been shown to enhance patient outcomes through 
better surgical planning, earlier disease staging, and more comprehen-
sive treatment (Rocha et al., 2020).

Overall, referring physicians generally prefer structured reporting 
over traditional free-text reporting (Schwartz et al., 2011; Sistrom & 
Honeyman-Buck, 2005), largely due to its higher clarity (Schwartz et al., 
2011). Specifically, free-text reporting often varies in language, length, 
and descriptive style, making it difficult for clinicians to extract key pa-
tient care information (Ganeshan et al., 2018). Additionally, free-text re-
ports may lack critical preoperative tumour staging information, leading 
to inappropriate patient management (Marcal et al., 2015). Structured 
reporting, on the other hand, offers several advantages. It ensures the 
completeness and comparability of reports (European Society of Radi-
ology (ESR), 2018). It facilitates automated functions (e.g., TNM stag-
ing), integration with other clinical parameters (e.g., laboratory results), 
and data sharing (e.g., registries, biobanks) (European Society of Radi-
ology (ESR), 2018). Structured reporting reduces ambiguity, improves 
communication with referring clinicians, and decreases misdiagnoses 
(European Society of Radiology (ESR), 2018, 2023; Khurana et al., 2020; 
Park et al., 2010; The Royal College of Radiologists, 2023). Moreover, 
structured reporting enhances the consistency (Dimarco et al., 2020) 
and reproducibility (Brook et al., 2015; Eghtedari et al., 2021; Flusberg 

et al., 2017; Neri et al., 2022; Nörenberg et al., 2017; Sahni et al., 2015) 
of radiology reports, improving their readability and clarity. This facili-
tates data extraction and mining for research and educational purposes 
(European Society of Radiology (ESR), 2018, 2023; Goel et al., 2019; 
Khurana et al., 2020; Nobel et al., 2020; Pinto dos Santos et al., 2018; 
The Royal College of Radiologists, 2023). Finally, structured report data 
greatly advances artificial intelligence (AI) development, as structured 
data are more readily used as training and validation datasets (Pinto dos 
Santos & Baeßler, 2018; Pinto dos Santos et al., 2019). Structured re-
porting may also seamlessly integrate AI results into radiology (Euro-
pean Society of Radiology (ESR), 2023), while natural language pro-
cessing (NLP) has the potential to accelerate the adoption of structured 
reporting (Pinto dos Santos & Baeßler, 2018; Pinto dos Santos et al., 
2019).

Although most radiologists recognize the numerous advantages of 
structured reporting, its adoption in clinical practice remains quite lim-
ited (Jorg et al., 2023). A survey conducted among members of the Ital-
ian Society of Medical Radiology (Faggioni et al., 2017) revealed that 
56% of respondents had never used structured reporting in their work. In 
practical applications, structured reporting faces several challenges, in-
cluding the risk of oversimplifying complex cases (Faggioni et al., 2017), 
overly rigid report templates (Faggioni et al., 2017), and a lack of will-
ingness among radiologists to change their established reporting habits 
(Bergomi et al., 2024; Dos Santos et al., 2019; Faggioni et al., 2017; 
Haroun et al., 2019; Jorg et al., 2023; Schoeppe et al., 2018). One of the 
major limitations of structured reporting is its unsuitability for complex 
cases (Rocha et al., 2020). When dealing with such cases, radiologists 
may be forced to use templates that are not entirely appropriate, which 
can restrict the ability to accurately express findings (Olthof et al., 2020; 
Yousem, 2019). In contrast, free-text reporting offers greater flexibility, 
allowing radiologists to describe imaging findings in more detail.

Regarding the impact of reporting format on information extraction 
accuracy and efficiency, studies have found no significant differences 
between free-text reporting and structured reporting in terms of score, 
time, and efficiency (Sistrom & Honeyman-Buck, 2005). This suggests 
that both formats are similarly accurate and effective in conveying case-
specific information. Furthermore, a study on head MRI reports for pa-
tients with suspected stroke (Johnson et al., 2010) indicated that struc-
tured reporting neither improved nor worsened attending physicians’ 
perceptions of report clarity, implying that in certain contexts, the ben-
efits of structured reporting may not be as pronounced.

Additionally, the study (Dos Santos et al., 2019) suggests that struc-
tured reporting is highly valuable for preoperative staging. However, in 
the early postoperative period, where imaging findings are more vari-
able, structured reporting becomes less applicable, whereas free-text re-
porting proves more effective. Another major barrier to the adoption of 
structured reporting is radiologists’ personal writing preferences. Some 
radiologists argue that structured reporting limits their ability to express 
findings in a personalized manner and restricts their stylistic freedom, 
leading them to favor free-text reporting (Cramer et al., 2014; Haroun 
et al., 2019).

Beyond these issues related to usability and individual preferences, 
the implementation of structured reporting also involves significant 
challenges in terms of template development, testing, and validation 
(Pesapane et al., 2023), which require substantial time and resources. 
Moreover, predefined templates that are not regularly updated or ad-
justed may introduce inaccuracies, further affecting the reliability and 
clinical applicability of structured reporting (Haroun et al., 2019). Ta-
ble 5 summarizes the main advantages and disadvantages of structured 
reporting and free-text reporting.

In ARRG research, most generated reports adopt a free-text report-
ing format, likely because publicly available datasets predominantly 
provide free-text reports (Section 4 will introduce the experimental 
datasets). As mentioned earlier, both free-text reporting and structured 
reporting have their respective strengths and weaknesses. A potential 
future solution could be the adoption of a hybrid approach that com-
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Table 4 
Mammography report in structured format (based on BI-RADS D’Orsi et al., 2013).
 UNILATERAL (LEFT) BREAST MAMMOGRAPHY
Mammography of left breast was performed using low
dose radiation technique with adequate compression.
Left breast craniocaudal and mediolateral oblique
views have been obtained.
Compared with the previous mammogram dated
15/01/2023, reported as BI-RADS 3, there is an
increase in the number of calcifications from
the prior exam.
Clinical
presentation:

Non-bloody discharge
left breast.

Breast
composition:  ACR Category a
 Finding:
 Mass:  None

 Location :

Lateral portion on CC
view; Superior portion
on MLO view

 Calcifications:  Suspicious:  Coarse heterogeneous
 Distribution:  Regional

Architectural
distortion:  None
 Asymmetries:  None
Intramammary
lymph node:  None
 Skin lesion:  None
Solitary
dilated duct:  None
Associated
features:  None

 Impression:
BI-RADS® Category 3:
Probably Benign Finding.

 Advice:
Short interval follow-up of the left
breast is recommended in 6 months.

bines the advantages of both methods. For instance, flexible natural 
language could be used for complex descriptions, while structured tem-
plates could be employed for specific key sections, such as detailed de-
scriptions of lesions.

From an algorithmic perspective, the choice of report format also 
changes the learning problem. Free-text reports provide richer linguis-
tic variability, but they increase output diversity and make supervision 
and automatic evaluation more challenging because clinically similar 
reports may differ substantially in lexical form. In such settings, surface-
overlap metrics such as BLEU or ROUGE may become less informative, 
since reports that are clinically similar can still differ markedly in word-
ing. Structured reports reduce this variability and make supervision, 
slot-level evaluation, and factual checking easier, although they may 
oversimplify complex cases and constrain expressive description. This is 
one reason why a hybrid reporting target may be attractive for ARRG: it 
offers structured anchors for clinically critical content while preserving 
enough natural language flexibility to describe atypical findings (Del-
brouck et al., 2025; Li et al., 2025; Zhao et al., 2024).

4.  Datasets

In the research of ARRG, finding suitable datasets is a critical task. 
Ideal experimental datasets should include high-quality images that 
are clear and meet the technical requirements of medical imaging ex-
aminations. For instance, a qualified chest X-ray (Chand et al., 2013) 
should fully display both lung apices and costophrenic angles, with the 

clavicle medial edges equidistant from the vertebral column to ensure 
there is no rotation. Moreover, the X-ray should have adequate pene-
tration to faintly visualize the intervertebral discs below T9 and clearly 
show at least six anterior ribs and ten posterior ribs above the right 
hemidiaphragm, indicating sufficient inhalation. The medial edges of 
the scapulae should be positioned outside the lung fields to avoid ob-
scuring critical anatomical structures. These stringent requirements col-
lectively ensure the diagnostic value and quality of the chest X-ray im-
ages. In addition, an ideal dataset should come with complete and stan-
dardized diagnostic reports. These reports must be detailed and accu-
rate, while adhering to standardized medical documentation formats. 
However, datasets meeting these criteria are rare in practice. Ethical 
considerations and patient privacy protection are major obstacles, with 
many medical institutions exercising caution in data sharing and im-
posing strict restrictions on access. Additionally, the cost of annotating 
high-quality diagnostic reports is significant, requiring professional ex-
pertise, which further limits the availability of comprehensive datasets.

While datasets containing only medical images (sometimes accom-
panied by their corresponding segmentation masks) are relatively ac-
cessible on open platforms like Kaggle and HuggingFace, and have 
contributed to foundational medical imaging tasks such as segmenta-
tion and classification (Ehab et al., 2024; Huang et al., 2024), datasets 
required for ARRG are more complex. They typically necessitate the 
integration of raw medical images, and detailed diagnostic reports. 
Such multimodal datasets are extremely scarce in the public domain, 
with most remaining either non-public or under restricted access. This 
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Table 5 
A summary of the advantages and disadvantages of free-text reporting and structured reporting.
Reporting
format  Advantages  Disadvantages

Free-text
Reporting

1. High flexibility: Suitable for detailed descriptions of complex
cases, allowing adjustments based on specific situations.

2. Rich expression: Allows the use of natural language for more
detailed and personalized descriptions.
3. Quick recording: Doctors can quickly document observations
without following a fixed format.

1. Inconsistent language: Varied descriptive styles and language among
doctors may lead to ambiguity or misinterpretation.
2. Lack of standardization: Difficult to systematically analyse,
hindering data mining and statistical analysis.
3. Potential omission of critical information: Important details, such as
preoperative tumour staging, may be missed.
4. Not conducive to automated processing: Difficult to integrate with
AI or other automated tools.

Structured
Reporting

1. High completeness and comparability: Ensures key
information is not omitted, facilitating comparisons.
2. Reduced ambiguity: Standardized language and
format improve communication efficiency with clinicians.
3. Improved consistency and reproducibility: Reports are more
standardized, facilitating follow-up research and analysis.
4. Facilitates data extraction and mining: Suitable for research
and education.
5. Promotes AI development: Structured data is more suitable
as training and validation datasets for AI.

1. Lack of flexibility: Fixed templates may not suit complex or special
cases.
2. Limits personalized expression: Doctors’ descriptions may be
constrained by templates, unable to fully express details.
3. Learning curve: Doctors may need extra time to learn and adapt.
4. Template updates may lag: Failure to update templates promptly
may result in outdated or inaccurate content.

scarcity not only limits researchers’ freedom to develop models but also 
hinders the further advancement and practical application of ARRG 
technology.

This section will enumerate the datasets commonly used in ARRG 
research, including publicly available, restricted-access, and private 
datasets. These frequently utilized experimental datasets encompass 
both two-dimensional (2D) and three-dimensional (3D) data. It is worth 
noting that this review focuses specifically on radiology-related medi-
cal data; thus, the datasets discussed primarily include those involving 
X-rays, CT, MRI, PET-CT and ultrasound (US) imaging. Medical data 
from other fields, such as pathology or optometry, are not included in 
the scope of this literature review. Additionally, this section will high-
light certain datasets frequently mentioned in ARRG literature reviews, 
which, when used independently, are not fully suitable for ARRG tasks. 
For instance, datasets like ChestX-ray8 dataset (Wang et al., 2017), 
ChestX-ray14 (Wang et al., 2017), and CheXpert dataset (Irvin et al., 
2019) only provide disease labels without accompanying diagnostic re-
ports. These datasets are typically employed for model pretraining (Li 
et al., 2019a,b, 2018; Rodin et al., 2019; Xiong et al., 2019; Yuan et al., 
2019; Zhang et al., 2020) or fine-tuning (Jing et al., 2020), or are used 
in conjunction with other datasets that include diagnostic reports (Wang 
et al., 2018; Xue & Huang, 2019). The primary reason is that an ideal 
dataset for ARRG tasks not only requires high-quality medical images 
but also necessitates comprehensive and standardized diagnostic re-
ports. Without such reports, these datasets alone cannot fully satisfy the 
requirements of ARRG tasks. Nonetheless, these datasets remain valu-
able for research purposes. Their large scale and rich annotations make 
them particularly useful for learning generalizable medical imaging fea-
tures during pretraining. Subsequently, models can be fine-tuned with 
datasets that include complete diagnostic reports to enhance the quality 
of generated outputs for ARRG tasks.

4.1.  Public datasets

Public datasets refer to datasets that are freely accessible and down-
loadable by any researcher or the general public without requiring spe-
cial permissions or institutional approval.

4.1.1. Indiana University X-ray (IU X-ray dataset) (Demner-Fushman 
et al., 2016)

The Indiana University X-ray Dataset (Demner-Fushman et al., 2016) 
was released in 2016. It is also known as the OpenI dataset. This publicly 

available dataset was collected by Indiana University, USA, and consists 
of 7470 frontal or lateral chest X-rays and 3955 corresponding radiology 
reports. Each radiology report is divided into four sections: Comparison, 
Indication, Findings, and Impression, which are largely aligned with the 
ESR guidelines. However, the reports are unstructured presented as free 
text. The official source does not provide a clear data splitting method. 
Some studies (Chen et al., 2022; Huang et al., 2023; Liu et al., 2021a; 
Wang et al., 2023b) have adopted the data splitting method proposed 
by Chen et al. to ensure reproducibility (Chen et al., 2020). Further-
more, the dataset includes manually annotated Medical Subject Head-
ings (MeSH) (FB, 1963) and RadLex (Langlotz, 2006) terms, along with 
automated annotations of MeSH terms (FB, 1963) and negation infor-
mation using the Medical Text Indexer (MTI) (Mork et al., 2013) and 
MetaMap (Aronson & Lang, 2010) tools. Fig. 3 is an example of an X-
ray and report pair from the IU X-ray dataset (Demner-Fushman et al., 
2016). The top-left image is a frontal chest X-ray, the bottom-left image 
is a lateral chest X-ray, and the right part is the corresponding diagnostic 
report and MeSH (FB, 1963) terms.

In the context of literature reviews, the IU X-ray dataset (Demner-
Fushman et al., 2016) is one of the most commonly used datasets. Its 
widespread usage is primarily due to its public accessibility, as well as 
the pairing of the all chest X-rays with corresponding radiology reports, 
making it ideal for research on image-to-text tasks. Additionally, the 
dataset’s moderate size reduces computational requirements, making it 
suitable for early-stage model design and training.

Despite its advantages, the IU X-ray dataset (Demner-Fushman et al., 
2016) has several limitations due to its scale. First, the dataset is rela-
tively small. Compared to larger datasets, such as MIMIC-CXR (Johnson 
et al., 2019a,b) and PadChest dataset (Bustos et al., 2020), the smaller 
size of the IU X-ray dataset (Demner-Fushman et al., 2016) may re-
strict the generalizability of models. Some people (Chen et al., 2022, 
2020) suggested that dataset size significantly impacts model perfor-
mance. To address the issue of insufficient data, pre-trained models or 
data augmentation techniques can be utilized (Chen et al., 2020). Sec-
ond, the dataset only includes a single examination record for each pa-
tient, making it unsuitable for supporting longitudinal studies, such as 
follow-ups or comparative analyses across multiple time points. Finally, 
the dataset is primarily derived from outpatient examinations, lacking 
chest X-rays from hospitalized patients, such as those showing central 
venous catheters or similar projections. This limitation may affect the 
accuracy and generalizability of models trained on this dataset (Sloan 
et al., 2024).
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Fig. 3. This is an example of an X-ray and report pair from the IU X-ray dataset 
(Demner-Fushman et al., 2016). The top-left image is a frontal chest X-ray, the 
bottom-left image is a lateral chest X-ray, and the right part is the corresponding 
diagnostic report and MeSH (FB, 1963) terms.

4.1.2. China set - The Shenzhen set - Chest X-ray database (Candemir 
et al., 2013; Jaeger et al., 2013)

The Shenzhen Chest X-ray Dataset (Candemir et al., 2013; Jaeger 
et al., 2013) was jointly created by the Shenzhen No. 3 People’s Hos-
pital, Guangdong Medical College, Shenzhen, China, and the National 
Library of Medicine, Maryland, USA. The dataset contains chest X-ray 
images sourced from outpatient clinics, including 336 cases showing tu-
berculosis manifestations and 326 normal cases, totaling 662 images. 
All images are in PNG format with a resolution of approximately 3K × 
3K, providing clear quality that fully meets the standards of high-quality 
chest X-rays. The dataset consists of two parts: chest X-ray images and 
corresponding clinical readings documents. The documents record basic 
patient information (such as gender and age) as well as diagnostic re-
sults, including the location of lesions and the type of tuberculosis. The 
clinical readings documents contain information about lesion locations, 
making it possible to transform them into radiology reports or even 
structured reports. Combined with the dataset’s clear, high-quality im-
ages that meet the requirements of qualified chest X-rays (Chand et al., 
2013) and the use of easily viewable and processable PNG format, the 
Shenzhen Chest X-ray dataset (Candemir et al., 2013; Jaeger et al., 2013) 
has the potential to be an ideal research dataset for ARRG. However, this 
dataset also has some limitations. First, the dataset is relatively small. 
ARRG research typically requires large-scale paired image-text datasets 
for model training. A previous study (Chen et al., 2020) has shown that 
the size of a dataset affects model performance. Compared to commonly 
used ARRG datasets, such as MIMIC-CXR (Johnson et al., 2019a,b), the 
Shenzhen dataset is Candemir et al. (2013) and Jaeger et al. (2013) 
relatively small, which may limit its effectiveness when used indepen-
dently. Second, the dataset focuses on a single disease type. The Shen-
zhen dataset (Candemir et al., 2013; Jaeger et al., 2013) primarily tar-
gets tuberculosis and does not include data for other pulmonary diseases 
(e.g., pneumonia, tumours). In contrast, ARRG research often requires 
diverse disease types to improve the generalizability of models.

Given these limitations, it may be beneficial to combine the Shen-
zhen dataset (Candemir et al., 2013; Jaeger et al., 2013) with other 
datasets (e.g., IU X-ray dataset Demner-Fushman et al., 2016, MIMIC-
CXR dataset Johnson et al., 2019a,b). Specific approaches could include 
using the Shenzhen Chest X-ray dataset (Candemir et al., 2013; Jaeger 
et al., 2013) for model fine-tuning or pretraining, while leveraging other 

Fig. 4. This is a chest X-ray image from the Shenzhen Chest X-ray dataset (Can-
demir et al., 2013; Jaeger et al., 2013). The corresponding clinical reading states 
“Male, 32 years old, secondary PTB in the right upper field". The lesion is indi-
cated with blue arrows.

datasets for validation. For example, the high-quality images and pre-
cise lesion information in the Shenzhen dataset (Candemir et al., 2013; 
Jaeger et al., 2013) could be used to train models, which can then be 
evaluated and validated using larger and more diverse datasets, such as 
IU X-ray dataset (Demner-Fushman et al., 2016) or MIMIC-CXR dataset 
(Johnson et al., 2019a,b). Fig. 4 is a chest X-ray image from the Shen-
zhen Chest X-ray dataset (Candemir et al., 2013; Jaeger et al., 2013). 
The corresponding clinical reading states: “Male, 32 years; secondary 
PTB in the right upper field”. The lesion is indicated with blue arrows.

4.1.3. INbreast dataset (Moreira et al., 2012)
The INbreast dataset (Moreira et al., 2012) is provided by a breast 

center located in a university hospital (Centro Hospitalar de S. Jo ao 
[CHSJ], Breast Centre, Porto). It contains 115 cases with a total of 410 
images, including 90 cases from patients with bilateral breast involve-
ment (four images per case) and 25 cases from mastectomy patients 
(two images per case). The dataset includes screening, diagnostic, and 
follow-up mammography images. The image types cover normal cases, 
masses, calcifications, architectural distortions, asymmetries, and vari-
ous combinations of lesions. The annotations in INbreast dataset (Mor-
eira et al., 2012) are performed and validated by radiology experts, 
providing detailed lesion contour information in XML format. Addition-
ally, the dataset includes patient information such as age, breast density 
(based on ACR standards), and BI-RADS (D’Orsi et al., 2013) classifica-
tion. Biopsy results are also available for some cases. This dataset has 
been applied in ARRG research (Sun et al., 2019). Fig. 5 is an exam-
ple from the INbreast dataset (Moreira et al., 2012). The top-left image 
shows the CC view of both breasts, while the top-right image shows the 
MLO view of both breasts. The text below is the corresponding diag-
nostic report, originally written in Portuguese and translated into En-
glish as: The imaging study documented a nodule located in the upper 
outer quadrant (QSE) of the left breast, measuring 6 cm in diameter. An 
ultrasound-guided core biopsy was performed, collecting 4 fragments 
for anatomical-pathological analysis. A fine-needle aspiration biopsy of 
the axillary lymph node was also performed. Preoperative marking with 
carbon was carried out. Imaging findings are highly suggestive of ma-
lignancy - Bi-RADS 5.

4.1.4.  Lumbar spine MRI dataset (Al-Kafri et al., 2019; Sudirman 
et al., 2019a)

The Lumbar Spine MRI dataset (Al-Kafri et al., 2019; Sudirman 
et al., 2019a) originates from Irbid Specialty Hospital in Jordan and 
includes MRI scans of 515 patients (initially 575 cases were collected, 
but 515 were retained after data cleaning). After downloading the data 
(Sudirman et al., 2019a), there are 575 3D MRI datasets and 575 corre-
sponding diagnostic reports available. The dataset features T1-weighted 
and T2-weighted images with sagittal and axial views. It includes anno-
tations by radiologists identifying pathological regions and diagnostic 
information (Sudirman et al., 2019b), such as intervertebral disc protru-
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Fig. 5. This is an example from the INbreast dataset (Moreira et al., 2012). 
The top-left image shows the CC view of both breasts, while the top-right im-
age shows the MLO view of both breasts. The text below is the corresponding 
diagnostic report, originally written in Portuguese.

sion, thecal sac compression, central or foraminal stenosis, and endplate 
degeneration, among other conditions. This dataset comprises multi-
slice scans, exhibiting 3D characteristics, and serves as a valuable re-
source for studying lumbar spine-related pathologies. Fig. 6 represents a 
case from the Lumbar Spine MRI dataset (Al-Kafri et al., 2019; Sudirman 
et al., 2019a). From left to right and top to bottom, it includes a localizer 
image, two T2 axial images, two T1 axial images, a T2 sagittal image, a 
T1 sagittal image, and the corresponding radiological report.

4.1.5. COVID-19 CT report (COV-CTR) dataset (Li et al., 2023b)
The COVID-19 CT Report (COV-CTR) dataset (Li et al., 2023b) is 

a public medical database derived from the public COVID-CT dataset 
(Yang et al., 2020). It consists of lung CT scan images (2D data) and 
their corresponding diagnostic reports, which are available in both Chi-
nese and English. The dataset includes 728 images, with 349 classified 
as COVID-19 positive cases and 379 as non-COVID-19 cases. These im-
ages were sourced from published research papers and were analysed 
by three Chinese radiologists with over five years of experience, who 
generated the diagnostic reports. Additionally, the dataset includes 68 
medical tags, comprising 50 abnormal tags and 18 normal tags. Exam-
ples of studies that have applied this dataset include (Li et al., 2023b; 
Song et al., 2024; Wang et al., 2021; Zhang et al., 2024a, 2023a). Fig. 7 
is an example from the COV-CTR dataset (Li et al., 2023b). From top 
to bottom, it displays a lung CT image, along with the corresponding 
Chinese and English reports.

4.1.6. CTRG-Brain-263K dataset (Tang et al., 2024)
CTRG-Brain-263K is a dataset dedicated to brain CT images, which 

was released by Tang et al., comprising 263,670 brain CT scan images 
and 10,009 diagnostic reports written by radiology experts (Tang et al., 
2024). Among these cases, 6007 are abnormal, while 4002 are normal, 
with an abnormal-to-normal ratio of approximately 1.5:1. The reports 
in this dataset were written and reviewed by eight professional radiol-
ogists. This dataset includes fully detailed Chinese reports, which were 
initially translated using the Baidu Medical Translation API and sub-
sequently manually reviewed to ensure high-quality bilingual (Chinese-
English) versions. Additionally, the dataset covers seven key medical ob-
servation categories: cerebral hemispheres, brain parenchyma, midline 
structures, sulcus and fissures, brainstem and cerebellum, bone window, 
and maxillary sinus. Fig. 8 provides an example from the CTRG-Brain-
263K dataset (Tang et al., 2024). From top to bottom, it displays brain 
CT images, followed by the corresponding Chinese and English reports.

4.1.7. CTRG-Chest-548K dataset (Tang et al., 2024)
CTRG-Chest-548K is a large-scale chest CT image report generation 

dataset proposed by Tang et al., comprising 548,696 chest CT images 
and 1804 diagnostic reports, with each case typically containing multi-
ple CT scan images (Tang et al., 2024). This dataset covers a wide range 
of pathological conditions, from mild abnormalities to severe lesions, 
while also including a small number of completely normal cases. Sim-
ilar to the CTRG-Brain-263K dataset (Tang et al., 2024), all diagnostic 
reports in this dataset were written and reviewed by eight professional 
radiologists. The reports were then translated using the Baidu Medi-
cal Translation API and manually verified to ensure high-quality and 
accurate medical terminology and descriptions. The CTRG-Chest-548K 
dataset (Tang et al., 2024) encompasses eight major medical observa-
tion categories, including thoracic structures, ribs, lung window, heart, 
pleura, liver, kidneys, and thyroid.

4.1.8. Pathology education informational resource (PEIR) digital 
library dataset (PEIR Digital Library, 2025)

The Pathology Education Informational Resource (PEIR) Digital Li-
brary dataset (PEIR Digital Library, 2025) contains a vast array of med-
ical data, including pathological and radiological information. The ra-
diological section currently features a collection of 4732 selected radi-
ology teaching images, copyrighted by the Department of Pathology at 
the University of Alabama at Birmingham. This collection encompasses 
imaging of 20 major human organs and systems, with modalities in-
cluding ultrasound, X-ray, CT, and MRI. Each case typically consists of 
several images, accompanied by sentence-level descriptions that include 
diagnostic information and, in some instances, patient history and clini-
cal details. In summary, each medical imaging image is accompanied by 
a sentence-level description. Fig. 9 illustrates seven contrast-enhanced 
CT images from the same case within the PEIR Digital Library dataset 
(PEIR Digital Library, 2025), along with their corresponding descrip-
tions.

4.1.9. ImageCLEF 2015 liver CT annotation dataset (Marvasti et al., 
2015)

The ImageCLEF 2015 Liver CT Annotation dataset (Marvasti et al., 
2015) was designed for a semantic annotation challenge focused on liver 
CT images (3D). It includes 50 training datasets and 10 test datasets, 
and corresponding structured reports. Each dataset contains a cropped 
CT volume of the liver, a liver mask defining the liver region, a region of 
interest (ROI) marking the lesion area, and 73 semantic features (UsE) 
annotated based on the ONLIRA ontology. The goal of the task is to 
generate a standardized radiology report composed of UsE features us-
ing the cropped liver CT volume and the LiCO (Liver Case Ontology). 
The relevant literature indicates that this dataset is a public dataset; 
however, during the process of writing this literature review, no acces-
sible source for obtaining the dataset was found. Nonetheless, since the 
dataset was used in some studies (Loveymi et al., 2020, 2021), it is still 
considered a public dataset.

4.1.10. Radiology objects in COntext (ROCO) dataset (Pelka et al., 
2018)

The ROCO dataset, created by Pelka et al., was derived from the 
PubMed Central Open Access subset (Pelka et al., 2018). It includes 
81,825 radiological images and over 6127 non-radiological images, cov-
ering a wide range of medical imaging modalities such as CT, MRI, X-
ray, ultrasound, and PET. Each image in the dataset is accompanied 
by detailed captions, and preprocessed to extract keywords and medi-
cal semantic information, including Unified Medical Language System 
(UMLS) Concept Unique Identifiers (CUIs) and Semantic Types (Sem-
Types). Fig. 10 presents an example from the ROCO dataset (Pelka et al., 
2018), featuring a cardiac color Doppler ultrasound image along with 
its associated medical semantic information.

Expert Systems With Applications 331 (2026) 133320 

13 



L. Huang et al.

Fig. 6. It represents a case from the Lumbar Spine MRI dataset (Al-Kafri et al., 2019; Sudirman et al., 2019a). From left to right and top to bottom, it includes a 
localizer image, two T2 axial images, two T1 axial images, a T2 sagittal image, a T1 sagittal image, and the corresponding radiological report.

Fig. 7. An example from the COV-CTR dataset (Li et al., 2023b). From top to 
bottom, it displays a lung CT image, along with the corresponding Chinese and 
English reports.

Fig. 8. An example from the CTRG-Brain-263K dataset (Tang et al., 2024). From 
top to bottom, it displays brain CT images, followed by the corresponding Chi-
nese and English reports..

4.1.11.  Radiology object in COntext version 2 (ROCOv2) dataset
The ROCOv2 dataset (Rückert et al., 2024) is a multimodal dataset 

comprising 79,789 radiological images extracted from the PubMed Open 
Access subset, along with detailed captions and associated medical se-

Fig. 9. It is an example from PEIR (PEIR Digital Library, 2025), which consists 
of seven contrast-enhanced CT images of the same case and their corresponding 
descriptions (free-text reporting).

mantic information. Compared to its predecessor, the ROCO dataset, 
ROCOv2 represents an updated version that includes 35,705 new im-
ages added to PubMed since 2018. Additionally, it features manually cu-
rated medical concepts, including clinical modalities, anatomy (X-rays), 
and directionality (X-rays). Fig. 11 shows an example from the ROCOv2 
dataset (Rückert et al., 2024), featuring a whole-body F18-FDG PET/CT 
scan showing multiple enlarged lymph nodes in the left supraclavicular 
area.

4.1.12. Rad-ReStruct dataset (Pellegrini et al., 2023)
The Rad-ReStruct dataset (Pellegrini et al., 2023), developed by Pel-

legrin et al. based on the IU X-Ray dataset (Demner-Fushman et al., 
2016), aims to advance research in structured radiology reporting. This 
dataset comprises 3720 images and 3597 structured reports annotated in 
a fine-grained and hierarchically organized manner, containing a large 
number of questions. Pellegrin et al. modeled the structured reporting 
task as a hierarchical Visual Question Answering (VQA) task. Its hierar-
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Fig. 10. It presents an example from the ROCO dataset (Pelka et al., 2018), 
featuring a cardiac color Doppler ultrasound image along with its associated 
medical semantic information.

Fig. 11. It presents an example from the ROCOv2 dataset (Rückert et al., 2024), 
featuring a whole-body F18-FDG PET/CT scan showing multiple enlarged lymph 
nodes in the left supraclavicular area.

chical reporting template consists of three levels, focusing respectively 
on the presence of abnormalities (e.g., diseases, findings, or abnormal 
regions), specific elements (e.g., particular diseases), and detailed at-
tributes (e.g., severity or location).

4.1.13. CheXpert dataset (Irvin et al., 2019)
The CheXpert dataset (Irvin et al., 2019) is a large public dataset for 

chest radiograph interpretation, consisting of 224,316 chest radiographs 
collected from 65,240 patients at Stanford Hospital. This dataset pro-
vides 14 chest disease labels, including No Finding, Enlarged Cardiom., 
Cardiomegaly, Lung Lesion, Lung Opacity, Edema, Consolidation, Pneu-
monia, Atelectasis, Pneumothorax, Pleural Effusion, Pleural Other, Frac-
ture, and Support Devices. Each label is annotated as positive, negative, 
or uncertain based on the interpretation of the radiographs.

Although the CheXpert dataset (Irvin et al., 2019) does not contain 
radiology diagnostic reports, it can be combined with other datasets, 
such as the IU X-ray dataset (Demner-Fushman et al., 2016), which in-
cludes complete radiology reports. The CheXpert dataset (Irvin et al., 
2019) can play a significant role in ARRG research in several ways. First, 
as a large-scale dataset with labeled data, it can be used as pretraining 
data (Zhang et al., 2020). Second, it can be used for disease classifica-
tion tasks (Yuan et al., 2019). The CheXpert dataset (Irvin et al., 2019) 
dataset provides 14 chest disease labels, making it a suitable choice for 
training multi-label disease classification models. Third, it can provide 
prior knowledge for constructing chest abnormality graphs (Zhang et al., 
2020). Lastly, other datasets that include radiology diagnostic reports, 
such as the IU X-ray dataset (Demner-Fushman et al., 2016), can be used 
for fine-tuning.

4.1.14. CheXpert plus dataset (Chambon et al., 2024; Medicine, 
2024)

CheXpert Plus (Chambon et al., 2024; Medicine, 2024) is an extended 
version of the original CheXpert dataset (Irvin et al., 2019), expanding it 
from a conventional chest radiograph classification dataset into a large-
scale multimodal resource that integrates chest X-ray images, radiology 
reports, DICOM metadata, patient demographic information, pathology 
labels, and RadGraph annotations. According to the official release, the 
dataset contains 223,462 paired chest X-rays and radiology reports from 
187,711 studies involving 64,725 patients. The reports are divided into 

up to 11 subsections, such as Findings, Impression, History, Comparison, 
and Technique, making the dataset more suitable for report-level and 
section-aware modeling. In addition, CheXpert Plus (Chambon et al., 
2024; Medicine, 2024) provides labels for 14 chest pathologies, support-
ing not only ARRG research but also multimodal pretraining, medical 
information extraction, and clinically oriented evaluation.

4.1.15. ChestX-ray8 dataset & ChestX-ray14 dataset (Wang et al., 
2017)

The ChestX-ray8 dataset (Wang et al., 2017) is a publicly avail-
able dataset released by the National Institutes of Health (NIH). It con-
tains 108,948 frontal chest X-ray images collected from 32,717 unique 
patients. This dataset includes eight common thoracic pathology key-
words, covering the following common thoracic diseases: Atelectasis, 
Cardiomegaly, Effusion, Infiltration, Mass, Nodule, Pneumonia, and 
Pneumothorax. Additionally, images without any detected pathological 
findings are labeled as “Normal”.

The ChestX-ray14 dataset (Wang et al., 2017) is a publicly available 
dataset released by the National Institutes of Health (NIH). It is an ex-
tended version of the ChestX-ray8 dataset (Wang et al., 2017). Building 
upon the original 8 thoracic diseases, it adds 6 new pathologies (Consol-
idation, Edema, Emphysema, Fibrosis, Pleural Thickening, and Hernia), 
covering a total of 14 common thoracic diseases. Compared to ChestX-
ray8 dataset (Wang et al., 2017), the ChestX-ray14 dataset (Wang et al., 
2017) has been significantly expanded and includes 112,120 frontal 
chest X-ray images.

Similar to the CheXpert dataset (Irvin et al., 2019), ChestX-ray 8 
(Wang et al., 2017) and ChestX-ray14 (Wang et al., 2017) are also fre-
quently used in conjunction with other datasets containing complete 
radiology reports, such as IU X-ray (Demner-Fushman et al., 2016) or 
MIMIC-CXR datasets (Johnson et al., 2019a,b). These datasets are typ-
ically employed for model pretraining, fine-tuning, or disease classifi-
cation experiments. Subsequently, datasets with complete radiology re-
ports (e.g., IU X-ray Demner-Fushman et al., 2016 or MIMIC-CXR John-
son et al., 2019a,b) are integrated to advance research on ARRG. For 
example, some studies (Biswal et al., 2020; Li et al., 2019a,b, 2018) 
use ChestX-ray8 (Wang et al., 2017) for pretraining; similarly, other 
studies utilize ChestX-ray14 (Wang et al., 2017) for pretraining (Xiong 
et al., 2019), fine-tuning (Jing et al., 2020), and disease classification 
(Wang et al., 2018; Xue & Huang, 2019), followed by the incorporation 
of datasets with complete radiology reports to carry out ARRG research.

4.1.16. DeepLesion dataset (Yan et al., 2018)
DeepLesion dataset (Yan et al., 2018) is a large-scale medical imag-

ing dataset released by the Clinical Center of the National Institutes of 
Health (NIHCC). The dataset contains 32,120 axial CT slices from 10,594 
CT scans (studies) of 4427 independent patients. Each image contains 
1 to 3 lesions, with bounding boxes and size measurements, totaling 
32,735 lesions. The dataset covers various regions of the body, includ-
ing the lungs, liver, bones, and more. Each lesion is meticulously anno-
tated with information such as type, location, size, and bounding box 
provided by radiologists. The lesions in DeepLesion (Yan et al., 2018) 
are highly diverse, including both benign and malignant tumours, cysts, 
inflammations, and lesions of various sizes, shapes, and appearances. It 
also includes challenging cases such as small lesions, low-contrast le-
sions, and lesions located in complex anatomical structures. While the 
dataset does not contain full radiology reports, it can be used for pre-
training, fine-tuning, and other tasks in studies like those of ARRG.

4.2.  Restricted dataset

Restricted datasets are datasets that require researchers to submit 
an application and obtain authorization before gaining access. These 
datasets are typically managed by medical institutions or research or-
ganizations and require applicants to comply with ethical approvals or 
data use agreements.
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4.2.1. Medical information mart for intensive care chest X-Ray 
(MIMIC-CXR dataset) (Johnson et al., 2019a,b)

The Medical Information Mart for Intensive Care Chest X-Ray 
(MIMIC-CXR) (Johnson et al., 2019a,b) is currently one of the largest 
ARRG datasets. It includes 377,110 chest X-ray images and 227,835 
corresponding unstructured textual reports. The data was collected be-
tween 2011 and 2016, including 64,588 patients from the Beth Israel 
Deaconess Medical Center, primarily from its emergency department 
services in Boston, MA. The initial release of MIMIC-CXR dataset (John-
son et al., 2019a,b) was in DICOM format, but for ease of use, the images 
were later converted to JPEG format, resulting in the MIMIC-CXR-JPG 
dataset (Johnson et al., 2019b), which contains 377,110 chest X-ray im-
ages and 227,827 corresponding unstructured textual reports. In some 
literature reviews, MIMIC-CXR dataset (Johnson et al., 2019a,b) and 
MIMIC-CXR-JPG dataset (Johnson et al., 2019a,b) are treated as the 
same dataset and collectively referred to as MIMIC-CXR, while in oth-
ers, they are analysed separately. In this review, we consider these two 
datasets as a single dataset and refer to them collectively as MIMIC-CXR 
(Johnson et al., 2019a,b). This dataset also includes MeSH (FB, 1963) 
to facilitate tag-based research. It provides official splits for training, 
testing, and validation, making it easier to compare the performance 
of different ARRG models. Researchers wishing to access MIMIC-CXR 
dataset (Johnson et al., 2019a,b) must register on the PhysioNet plat-
form, complete a CITI training course, and sign a Data Use Agreement 
(DUA) to ensure ethical use of the data. During the review process, it 
was found that the MIMIC-CXR dataset (Johnson et al., 2019a,b) is one 
of the primary datasets used in ARRG research. Its standout advantage 
lies in being the largest ARRG dataset to date. Some studies (Ying, 2019) 
suggested that larger datasets often improve model performance. How-
ever, accessing the MIMIC-CXR dataset (Johnson et al., 2019a,b) is a 
relatively complex process, requiring the submission of relevant appli-
cations and awaiting approval.

4.2.2.  MIMIC Derivatives dataset
The MIMIC-CXR dataset (Johnson et al., 2019a,b), known for its ex-

tensive data resources and widespread application in research, has in-
spired the creation of multiple derivative datasets. These datasets are 
also hosted on the PhysioNet platform. Similar to accessing the MIMIC-
CXR dataset (Johnson et al., 2019a,b), researchers must complete a cer-
tification process before using these derivative datasets. The research 
necessity of these derivative datasets lies in the fact that the original 
MIMIC-CXR corpus, although highly valuable, does not explicitly pro-
vide all of the structured signals needed for downstream ARRG develop-
ment. Derivative resources fill different gaps. Some remove problematic 
prior-study references that may otherwise encourage hallucinated ref-
erences to prior studies (Ramesh et al., 2022a,b), some provide region-
level grounding and anatomical localization (Krishna et al., 2017; Serra 
et al., 2023a,b), and some add temporally sensitive annotations (Bannur 
et al., 2023a,b) or graph-structured supervision (Krishna et al., 2017) 
that are useful for factual evaluation, disease progression modelling, and 
multimodal alignment. Accordingly, these derivatives are not merely 
larger variants of MIMIC-CXR, but resources that add structured signals 
useful for downstream ARRG-related analysis and modelling. Although 
only a limited number of ARRG studies have drawn on such deriva-
tives directly, these resources are relevant to tasks involving ground-
ing, temporal information, graph-structured evaluation, and clinically 
informed report generation. In other words, these derivatives do not 
merely enlarge MIMIC-CXR; they convert it into a richer ecosystem for 
pretraining, grounding, error analysis, and clinically informed report
generation.

• MIMIC-ABN Dataset (Ni et al., 2020): Ni et al. developed a deriva-
tive dataset called MIMIC-ABN dataset (Ni et al., 2020), which 
was created from the MIMIC-CXR dataset (Johnson et al., 2019a,b). 
MIMIC-ABN dataset (Ni et al., 2020) includes only abnormal images 
and their corresponding reports from MIMIC-CXR dataset (John-

son et al., 2019a,b), excluding normal images and reports. In other 
words, every image in the dataset contains at least one abnormality 
(such as pneumonia, tuberculosis, or pneumothorax) and does not 
include reports labeled as “no findings. Some studies have utilized 
this dataset (Hou et al., 2024, 2023a; Liu et al., 2024; Mei et al., 
2024; Yan et al., 2021).

• MIMIC-CXR with Prior References Omitted (CXR-PRO) Dataset 
(Ramesh et al., 2022a,b): Ramesh et al. introduced the CXR-PRO 
dataset (Ramesh et al., 2022a,b), which differs from MIMIC-CXR 
dataset (Johnson et al., 2019a,b) by employing GILBERT to trans-
form the task of removing references to prior reports into a Named 
Entity Recognition (NER) task. As a result, the CXR-PRO dataset 
(Ramesh et al., 2022a,b) eliminates all references to prior reports 
in the radiology texts, retaining only descriptions relevant to the 
current image for each report. This prevents the generation model 
from outputting erroneous references to nonexistent prior reports. 
The dataset contains 374,139 free-text radiology reports and their 
corresponding chest X-ray images. Similarly, some studies have also 
applied this dataset. (Bernardi & Cimitile, 2024; Ranjit et al., 2023).

• Chest ImaGenome Dataset (Krishna et al., 2017): The Chest Im-
aGenome dataset (Krishna et al., 2017), developed by Wu et al. based 
on the MIMIC-CXR dataset (Wu et al., 2021), was inspired by the 
Visual Genome effort in the computer vision community (Krishna 
et al., 2017). This dataset includes annotations for 242,072 chest X-
ray images, with each image represented by a scene graph that de-
scribes 29 anatomical regions, 1256 combinations of relational anno-
tations, and provides bounding box coordinates and attributes for the 
anatomical regions. Additionally, the dataset includes over 670,000 
localized comparison relationships (e.g., improved, worsened, or no 
change) between anatomical regions, making it particularly use-
ful for studying temporal trends in sequential imaging exams. As a 
gold standard, the dataset also provides a manually annotated refer-
ence scene graph dataset containing 500 unique patients, supporting 
model evaluation and benchmarking. The Chest ImaGenome dataset 
(Krishna et al., 2017) does not include complete radiology reports. 
However, in the experiments conducted by Serra et al., this dataset 
was utilized to train a multi-task Faster R-CNN (Ren et al., 2016) 
model with the primary goal of achieving anatomical localization 
and finding detection (Serra et al., 2023b). Through this model, the 
researchers extracted a type of visual feature called “Finding-Aware 
Anatomical Tokens. These tokens effectively integrate anatomical re-
gion information with associated findings and serve as visual features 
input into a multimodal Transformer model. Combined with textual 
input (such as clinical indication information), these features are ul-
timately used to generate radiology reports. In Serra et al.’s another 
experiment, the Chest ImaGenome dataset (Krishna et al., 2017) was 
used to provide annotations of anatomical regions in chest X-ray im-
ages as well as mappings between report sentences and correspond-
ing anatomical regions (Serra et al., 2023a). It was also utilized to 
train the Faster R-CNN model (Ren et al., 2016) for extracting visual 
features of anatomical structures (referred to as anatomical tokens). 
These annotations supported the implementation of the sentence-
anatomy dropout strategy, enabling the model to generate partial 
reports corresponding to specific anatomical regions based on the 
input.

• MS-CXR Dataset (Boecking et al., 2022): The MS-CXR dataset 
(Boecking et al., 2022), developed by Boecking et al., contains 1162 
image-sentence pairs covering eight different cardiopulmonary radi-
ological findings, with approximately equal samples for each finding. 
This dataset complements the MIMIC-CXR v.2 dataset, particularly in 
the areas of phrase grounding and radiological finding annotations. 
Specifically, it includes: reviewed and edited annotations, consist-
ing of 1026 pairs of bounding boxes and corresponding phrases; and 
manually created annotations from scratch, consisting of 136 pairs 
of bounding boxes and corresponding phrases. Although the MS-CXR 
dataset (Boecking et al., 2022) lacks comprehensive radiology re-
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ports, it still holds certain value in ARRG research. Specifically, the 
MS-CXR dataset (Boecking et al., 2022) can be utilized as a data 
source for radiology visual grounding and can also be employed to 
evaluate the performance of ARRG models in multitasking scenar-
ios, such as Visual Question Answering (VQA) and Phrase Grounding 
(Bannur et al., 2024; Chen et al., 2024c; Li et al., 2023c; Park et al., 
2024).

• MS-CXR-T Dataset (Bannur et al., 2023a,b): Bannur et al. extended 
and meticulously annotated the MIMIC-CXR v2 dataset to create MS-
CXR-T (Bannur et al., 2023a,b). This multimodal benchmark dataset 
is designed to evaluate models in biomedical vision-language pro-
cessing, specifically for temporal tasks in radiology, including tem-
poral image classification and temporal sentence similarity analy-
sis. The temporal image classification task comprises 1326 pairs of 
chest X-ray images, addressing five pathological findings: consolida-
tion, edema, pleural effusion, pneumonia, and pneumothorax. Each 
pathology is labeled with one of three progression categories: “Im-
proving, “Stable, or “Worsening. The temporal sentence similarity 
task includes 361 sentence pairs, annotated as either “Paraphrase or 
“Contradiction, capturing variations in temporal semantics. The goal 
of MS-CXR-T dataset (Bannur et al., 2023a,b) is to bridge the gap in 
benchmark datasets for temporal tasks in the biomedical domain, 
supporting the evaluation of vision and language models in quanti-
fying disease progression and addressing time-sensitive challenges. 
The MS-CXR-T dataset (Bannur et al., 2023a,b) does not provide full 
radiology reports either.

• RadGraph Dataset (Jain et al., 2021): RadGraph (Jain et al., 2021) 
is a dataset focused on entity and relation extraction from radiology 
reports. It is based on reports from MIMIC-CXR dataset (Johnson 
et al., 2019a,b) and CheXpert dataset (Irvin et al., 2019), annotated 
by experienced radiologists following a carefully designed extrac-
tion framework. The dataset includes four entity types (anatomi-
cal structures and three observation categories) and three relation 
types (located_at, modify, and suggestive_of). It provides both man-
ually annotated data and automatically generated annotations cre-
ated using a deep learning model, covering entity and relation la-
bels in 220,763 MIMIC-CXR (Johnson et al., 2019a,b) reports and 
500 CheXpert dataset (Irvin et al., 2019) reports. Although the Rad-
Graph dataset (Jain et al., 2021) itself does not directly include visual 
information such as X-ray images, the annotations can be mapped to 
corresponding images in the MIMIC-CXR (Johnson et al., 2019a,b) 
and CheXpert dataset (Irvin et al., 2019) datasets, enabling multi-
modal research that integrates textual and visual information.

• RadGraph2 Dataset (Dejl et al., 2024; Khanna et al., 2023): Rad-
Graph2 (Dejl et al., 2024; Khanna et al., 2023) comprises 800 chest 
radiology reports annotated with fine-grained entities and relation-
ships, building upon and enhancing the original RadGraph dataset 
(Jain et al., 2021). This dataset introduces new entity and relation-
ship types to capture temporal changes, such as the progression, im-
provement, or complete resolution of medical conditions, as well as 
the placement, repositioning, or removal of medical devices. These 
additions address the limitation of previous datasets that focused 
solely on findings from single scans. The extracted information is 
represented as a knowledge graph, enabling structured and auto-
mated processing. In addition to these manually annotated reports, 
RadGraph2 dataset (Dejl et al., 2024; Khanna et al., 2023) includes 
over 220,000 automatically annotated reports generated by a high-
performance benchmark model, which achieved F1 scores of 0.88 on 
the MIMIC-CXR-JPG dataset (Johnson et al., 2019a,b) and 0.74 on 
the CheXpert dataset (Irvin et al., 2019) dataset.

4.2.3.  Pathology detection in chest radiographs (PadChest) dataset 
(Bustos et al., 2020)

PadChest dataset (Bustos et al., 2020) is a large-scale, high-resolution 
chest X-ray dataset containing over 160,000 images from 67,000 pa-
tients. These data were collected between 2009 and 2017 in the Radiol-

ogy Department of San Juan Hospital in Spain and were interpreted and 
reported by physicians. The dataset includes 174 radiographic findings, 
19 differential diagnoses, and 104 anatomical locations, with labels or-
ganized in a hierarchical classification system and mapped to the stan-
dardized Unified Medical Language System (UMLS) terminology. Pad-
Chest dataset (Bustos et al., 2020) is the first dataset to include radi-
ology reports in Spanish and also provides bilingual support (Spanish 
and English), offering a unique opportunity for cross-lingual research, 
especially for validating model generalization in different language en-
vironments. To access the PadChest dataset (Bustos et al., 2020) need to 
fill out the application form and complete the approval process (BIMCV, 
2025).

The PadChest dataset (Bustos et al., 2020) not only contains chest 
X-ray images but also provides corresponding fields, including: Study-
Date, PatientSex, ViewPosition, Modality, Manufacturer, PhotometricIn-
terpretation, PixelRepresentation, Data representation of the pixel sam-
ples, PixelAspectRatio, SpatialResolution, BitsStored, WindowCenter, 
WindowWidth, Rows, Columns, XRayTubeCurrent, ExposureTime, Du-
ration of x-ray exposure, Exposure, ExposureInuAs, RelativeXRayExpo-
sure, and others. Fig. 12 is an example from the PadChest dataset (Bustos 
et al., 2020), where the top one is the chest X-ray image and the bot-
tom one represents a subset of the corresponding fields. This dataset has 
been applied in several studies (Bannur et al., 2024; Castro et al., 2024).

4.2.4.  Digital database for screening mammography (DDSM ) dataset 
(Heath et al., 2001)

The Digital Database for Screening Mammography (DDSM) dataset 
(Heath et al., 2001) is a collaborative effort involving co-principal inves-
tigators from Massachusetts General Hospital (D. Kopans, R. Moore), the 
University of South Florida (K. Bowyer), and Sandia National Laborato-
ries (P. Kegelmeyer). This dataset contains 2620 mammographic images 
of scanned films, stored in DICOM format, covering normal, benign, and 
malignant cases, and includes verified pathological information. The 
dataset also provides annotations of abnormal areas in the images by 
experts, such as the location and type of calcifications and masses, but 
does not include complete radiological reports. Access to this dataset 
requires a formal request. Although the DDSM dataset (Heath et al., 
2001) does not include complete radiological diagnostic reports, it pro-
vides annotations of abnormal areas, which can be used to validate the 
model’s performance in lesion detection tasks. These annotations allow 
the model to learn how to identify and localize lesion areas during the 
training process, thereby evaluating its accuracy and effectiveness in 
lesion detection (Kisilev et al., 2016).

4.2.5. COVID-19 CT (China) dataset (Liu et al., 2021c)
The COVID-19 CT (China) dataset (Liu et al., 2021c) is a CT dataset 

focused on COVID-19 cases. It contains 1104 chest CT images and 368 
Chinese medical reports, sourced from the First Affiliated Hospital of 
Jinan University in Guangzhou and the Fifth Affiliated Hospital of Sun 
Yat-sen University in Zhuhai. The dataset includes 96 patients, with ages 
ranging from 10 months to 80 years. The reports provide detailed de-
scriptions of pulmonary lesions, such as ground-glass opacities and con-
solidations, accompanied by relevant medical terminology tags. Each 
report is paired with multiple representative CT images to support the 
analysis and diagnosis of lesion areas. Access to the dataset requires 
signing the COVID-19 CT Dataset License Agreement and returning it to 
the dataset administrators. Fig. 13 is an example of the COVID-19 CT 
(China) dataset (Liu et al., 2021c). On the left are four lung CT images, 
and on the right is the corresponding medical image report in Chinese 
(with an English translation provided by the author). The medical ter-
minologies in the “Findings section of the report are highlighted in red.

4.2.6. CT-RATE dataset (Hamamci et al., 2024a)
CT-RATE dataset (Hamamci et al., 2024a) is the first dataset to 

pair 3D medical images (chest) with their corresponding radiology re-
ports. This dataset includes 25,692 non-contrast 3D chest CT scans from 
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Fig. 12. An example from the PadChest dataset (Bustos et al., 2020). The top 
image shows a chest X-ray, while the bottom content represents a subset of the 
corresponding fields.

21,304 unique patients and, through various reconstructions, expands to 
50,188 volumes comprising over 14.3 million 2D slices. Each CT scan is 
accompanied by its associated radiology report, providing a robust foun-
dation for research in medical imaging AI. It has been widely utilized in 
multiple studies, including (Chen et al., 2024a,b; Deng et al., 2024; Di Pi-
azza, 2024; Hamamci et al., 2024c, 2025; Zhang et al., 2024b). How-
ever, it is important to clarify that while some articles cite (Hamamci 
et al., 2024b) when referring to this dataset, this citation is often mis-

aligned. Upon further examination, the dataset is primarily based on the 
study referenced as (Hamamci et al., 2024a).

4.2.7. Liver tumour segmentation (LiTS) dataset (Bilic et al., 2023)
Liver Tumour Segmentation (LiTS) dataset (Bilic et al., 2023) is a 3D 

CT dataset focused on liver and liver tumour segmentation. The dataset 
was collected from seven different medical centers and includes 131 
contrast-enhanced abdominal CT scans in the training set and 70 in the 
test set. This dataset does not include corresponding radiology reports. 
It is available for download online (Codalab Competitions, 2017), but 
access requires an application. In Tian et al.’s study, Chinese medical ex-
perts collaborated to create radiology reports in Chinese for the dataset 
(Tian et al., 2018). These reports described the liver and tumour in terms 
of shape, contour, and intensity, aiming to evaluate the impact of atten-
tion mechanisms on the performance of report generation.

4.3.  Private datasets

Private datasets refer to datasets collected internally by hospitals, 
medical companies, research institutions, or enterprises but are not pub-
licly available or authorized for external researchers.

4.3.1. Breast cancer dataset (BCD2018) (Yang et al., 2021b)
Although ultrasound is part of the field of medical imaging, it is tradi-

tionally not classified under radiology. However, considering that a ma-
jor trend in ARRG research is the adoption of multimodal approaches-
integrating various types of medical imaging and data, such as ultra-
sound, X-ray, and CT, to enhance diagnostic comprehensiveness and 
accuracy-it is therefore appropriate to also review datasets related to 
ultrasound in this context.

Breast Cancer Dataset (BCD2018) (Yang et al., 2021b) is a breast 
cancer ultrasound image dataset consisting of breast ultrasound images 
and their corresponding medical reports in Chinese. The data was col-
lected from a professional medical institution, where experienced physi-
cians carefully selected high-quality breast ultrasound images from the 
original data and wrote detailed medical reports. The dataset includes 
5349 breast ultrasound images and 5349 Chinese medical reports, with 
each image paired with one corresponding report. The number of ultra-
sound images per patient ranges from 1 to 10. The author provided a link 
(Baidu , 2025) in the paper for accessing the dataset; however, the link 
is currently invalid. It may be possible to obtain access to the dataset by 
directly contacting the author. Therefore, in this review, we classify this 
dataset as private to reflect its inability to be accessed through public 
channels.

4.3.2. BCD2019 Dataset (Wang et al., 2023a)
BCD2019 dataset (Wang et al., 2023a) is a breast ultrasound dataset. 

With the assistance of medical experts, this dataset comprises 4384 care-
fully selected high-quality images and their corresponding 1363 Chinese 
medical reports. Each patient has between 1 and 10 images. To facili-
tate the extraction of domain knowledge from the Unified Medical Lan-
guage System (UMLS) (Bodenreider, 2004), these Chinese reports were 
pre-translated into English.

4.3.3. BCT-CHR Dataset (Yang et al., 2021a)
The BCT-CHR dataset (Yang et al., 2021a) is a brain CT dataset con-

taining 2048 anonymized image-report pairs, with all corresponding re-
ports written in Chinese. Each report consists of two sections: Findings 
and Impression, where the Findings section provides a detailed descrip-
tion of both normal and abnormal features observed in the images, while 
the Impression section summarizes the key medical conclusions.

4.3.4. Gallbladder stone ultrasound (GS-Ultrasound) dataset (Zeng 
et al., 2024)

The Gallbladder Stone Ultrasound (GS-Ultrasound) Dataset (Zeng 
et al., 2024) was introduced by Zeng et al. and was collected in col-
laboration with a hospital in Chongqing. This dataset comprises 6563 
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Fig. 13. It presents an example of the COVID-19 CT (China) dataset (Liu et al., 2021c). On the left are four lung CT images, and on the right is the corresponding 
medical image report in Chi- nese (with an English translation provided by the author). The medical terminologies in the “Findings section of the report are highlighted 
in red.

image-text pairs. Additionally, it includes 11 disease categories: gall-
bladder stone, liver cyst, hemangioma, normal liver, fatty liver, gallblad-
der polyp, normal gallbladder, kidney stone, renal cyst, hydronephrosis, 
and normal kidney.

4.3.5. Fetal heart ultrasound (FH-Ultrasound) dataset (Zeng et al., 
2024)

The Fetal Heart Ultrasound (FH-Ultrasound) Dataset was proposed 
by Zeng et al. and was collected in collaboration with a hospital in 
Chongqing (Zeng et al., 2024). This dataset consists of 3300 image-text 
pairs. Additionally, it includes 11 fetal heart ultrasound views, namely 
abdominal cross section, four-chamber heart, left ventricular outflow 
tract, right ventricular outflow tract, three-vessel, three-vessel trachea, 
aortic arch, ductus arteriosus arch, cardiac aorta short axis, short axis 
of the ventricle, and superior and inferior vena cava.

4.3.6. CX-CHR Dataset (Li et al., 2019a, 2018; Wang et al., 2020)
The CX-CHR dataset (Li et al., 2019a, 2018; Wang et al., 2020) is 

a private chest X-ray dataset. Li et al. mentioned in article (Li et al., 
2019a) that the CX-CHR dataset (Li et al., 2019a, 2018; Wang et al., 
2020) consists of 35,609 patients and 45,598 images. Similarly, Wang 
et al. provided the same description in article (Wang et al., 2020). How-
ever, in another article (Li et al., 2018), Li et al. stated that the dataset 
includes 35,500 patients. Since CX-CHR (Li et al., 2019a, 2018; Wang 
et al., 2020) is a private dataset, the specific details cannot be directly 
verified. The difference in the number of patients may be attributed to 
updates made to the dataset at different points in time. The dataset con-
tains corresponding radiology reports written in Chinese.

4.3.7. JLiverCT dataset (Nishino et al., 2022)
The JLiverCT dataset (Nishino et al., 2022) is a medical dataset fo-

cused on liver CT imaging, comprising 1083 Japanese reports that pro-
vide detailed descriptions of liver lesions and their appearances across 
different time phases, such as the arterial and portal venous phases dur-
ing contrast-enhanced scans. Each report includes 65 lesion labels and 
corresponding time sequence information, making it a valuable resource 
for studying time-series diagnostic tasks and automated report genera-
tion.

These private datasets are valuable because they cover several ARRG 
scenarios that are less visible in public chest X-ray benchmarks, includ-
ing breast ultrasound, fetal heart ultrasound, Chinese-language brain 
CT reporting, and liver CT reporting with phase information. Compared 
with standard chest X-ray report generation settings, these datasets re-
flect additional challenges such as multi-image-per-patient input, organ- 
and modality-specific terminology, Chinese-language reporting, and, in 

some CT tasks, the need to describe findings across different contrast-
enhancement phases. At the same time, because they extend ARRG be-
yond a single imaging setting, they may also provide useful reference 
points for future modality-aware or broader multimodal ARRG research.

This section reviews 36 medical imaging datasets, including 16 pub-
lic datasets, 13 restricted-access datasets, and 7 private datasets. Table 6 
provides an overview of commonly used datasets for ARRG, but these 
resources do not occupy the same role in the pipeline. Some datasets 
can directly support end-to-end report generation because they provide 
paired medical images and complete radiology reports, whereas oth-
ers are more appropriately regarded as auxiliary resources for pretrain-
ing, weak supervision, anatomical grounding, structured reporting, or 
evaluation. To make this distinction more explicit, Table 6 now labels 
the textual-information field according to whether a dataset is directly 
usable for ARRG (D), mainly auxiliary (A), or mainly evaluation- or 
annotation-oriented (E).

It is also important to distinguish the clinical role of pathology from 
its practical role in ARRG research. Although pathology may provide di-
agnostically important downstream confirmation and is often regarded 
as a clinical reference standard for many diseases, it does not usually 
function as the primary supervision target for ARRG in the same way 
as radiology report text. ARRG models are typically trained to generate 
radiology reports from imaging inputs, so paired radiology image-text 
datasets play the most direct role in report generation, whereas pathol-
ogy data more often serves a complementary role for validation, corre-
lation, or broader clinical interpretation.

Some of these datasets contain corresponding diagnostic reports, and 
the report languages are not limited to English. For example, the Pad-
Chest dataset (Bustos et al., 2020) includes Spanish reports; the CTRG-
Brain-263K dataset (Tang et al., 2024), CTRG-Chest-548K dataset (Tang 
et al., 2024), and COV-CTR dataset (Li et al., 2023b) provide bilingual 
reports in Chinese and English; and the INbreast dataset (Moreira et al., 
2012) contains Portuguese reports. Additionally, these datasets encom-
pass a wide range of medical imaging modalities, including X-ray, mam-
mography, CT, MRI, PET-CT, and ultrasound, providing essential re-
sources for multimodal medical imaging research. In particular, datasets 
with multilingual diagnostic reports make it possible to examine model 
behaviour across different linguistic settings, while auxiliary datasets 
with labels, grounding annotations, or structured textual elements can 
support pretraining, supervision, and factual evaluation.

From a chronological perspective, the dataset landscape also reflects 
the evolution of the field, as summarized in Fig. 14. Early benchmarks 
such as IU X-ray (Demner-Fushman et al., 2016) made paired chest X-
ray report generation possible; later large-scale restricted resources such 
as MIMIC-CXR and its derivatives enabled broader benchmarking and 
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Table 6 
An overview of commonly used datasets for ARRG, including public, restricted-access, and private datasets. “U-R”, “S-R”, “S-R-A”, and “A-R” 
represent “unstructured reports”, “structured reports”, “structured report annotation”, and “annotated reports”, respectively. “D”, “A”, and “E” 
denote datasets that can be used directly for ARRG, datasets mainly used as auxiliary resources (e.g., pretraining, weak supervision, or grounding), 
and datasets mainly used for evaluation or annotation purposes, respectively. “EN, PT, ZH, ES, JA” denote “English, Portuguese, Chinese, Spanish, 
and Japanese,” respectively.

 Dataset Name  Access
2D/
3D  Image Modalities

Image
Count

Textual
Information

Text
count

Text
Language

 IU X-ray (Demner-Fushman et al., 2016)  Public  2D  X-ray (Chest)  7470  U-R (D)  3955  EN
 INbreast (Moreira et al., 2012)  Public  2D  Mammography  410  U-R (D)  115  PT
 COV-CTR (Li et al., 2023b)  Public  2D  CT (Chest)  728  U-R (D)  728  ZH & EN
 CTRG-Brain-263K (Tang et al., 2024)  Public  2D  CT (Brain)  263,670  U-R (D)  10,009  ZH & EN
 CTRG-Chest-548K (Tang et al., 2024)  Public  2D  CT (Chest)  548,696  U-R (D)  1804  ZH & EN
 Rad-ReStruct (Pellegrini et al., 2023)  Public  2D  X-ray (Chest)  3720  S-R-A (A)  3597  EN
Shenzhen-set (Candemir et al., 2013)
(Jaeger et al., 2013)  Public  2D  X-ray (Chest)  662  Annotations (A)  662  EN
 PEIR (PEIR Digital Library, 2025)  Public  2D  Multimodal  4732  Sentences (A)  4732  EN
 ROCO (Pelka et al., 2018)  Public  2D  Multimodal  81,825  Sentences (A)  81,825  EN
 ROCOv2 (Rückert et al., 2024)  Public  2D  Multimodal  79,789  Sentences (A)  79,789  EN
 CheXpert (Irvin et al., 2019)  Public  2D  X-ray (Chest)  224,316  Labels (A)  14  EN
CheXpert Plus (Chambon et al., 2024),
(Medicine, 2024)  Public  2D  X-ray (Chest)  223,462  U-R (D)  187,711  EN
ChestX-ray8 & ChestX-ray14
(Wang et al., 2017)  Public  2D  X-ray (Chest)  108,948  Labels (A)  8/ 14  EN
 DeepLesion (Yan et al., 2018)  Public  2D  CT (Whole Body)  32,120  Annotations (A)  32,735  EN
Lumbar Spine MRI
(Al-Kafri et al., 2019; Sudirman et al., 2019a)  Public  3D  MRI (Lumbar Spine)  575  U-R (D)  575  EN
ImageCLEF2015 Liver CT Annotation
(Marvasti et al., 2015)  Public  3D  CT (Liver)  60  S-R (D)  60  EN
MIMIC-CXR/ MIMIC-CXR-JPG
(Johnson et al., 2019a,b)  Restricted  2D  X-ray (Chest)  377,110  U-R (D)  227,835  EN
 MIMIC-ABN (Ni et al., 2020)  Restricted  2D  X-ray (Chest)  38,551  U-R (D)  38,551  EN
 CXR-PRO (Ramesh et al., 2022a,b)  Restricted  2D  X-ray (Chest)  374,139  U-R (D)  374,139  EN
 RadGraph (Jain et al., 2021)  Restricted  2D  None  None  Annotations (E)  Unknown  EN
 RadGraph2 (Dejl et al., 2024; Khanna et al., 2023)  Restricted  2D  None  None  A-R (E)  220,800  EN
 PadChest (Bustos et al., 2020)  Restricted  2D  X-ray (Chest)  160,868  U-R (D)  109,931  ES & EN
 COVID-19 CT (China) (Liu et al., 2021c)  Restricted  2D  CT (Chest)  1,104  U-R (D)  368  ZH
 Chest ImaGenome (Krishna et al., 2017)  Restricted  2D  X-ray (Chest)  242,072  Annotations (A)  Unknown  EN
 MS-CXR (Boecking et al., 2022)  Restricted  2D  X-ray (Chest)  1162  Sentences (E)  1162  EN
 MS-CXR-T (Bannur et al., 2023a,b)  Restricted  2D  X-ray (Chest)  1326  Annotations (E)  1326  EN
 DDSM (Heath et al., 2001)  Restricted  2D  Mammography  10,480  Annotations (A)  Unknown  EN
 CT-RATE (Hamamci et al., 2024a)  Restricted  3D  CT (Chest)  25,692  U-R (D)  21,304  EN
 LiTS (Bilic et al., 2023)  Restricted  3D  CT (Liver)  201  None (A)  None  None
 BCD2018 (Yang et al., 2021b)  Private  2D  US  5349  U-R (D)  5349  ZH
 BCD2019 (Wang et al., 2023a)  Private  2D  US  4384  U-R (D)  1363  ZH & EN
 BCT-CHR (Yang et al., 2021a)  Private  2D  CT (Brain)  2048  U-R (D)  2048  ZH
 GS-Ultrasound (Zeng et al., 2024)  Private  2D  Ultrasound  6563  U-R (D)  6563  ZH
 FH-Ultrasound (Zeng et al., 2024)  Private  2D  Ultrasound  3300  U-R (D)  3300  ZH
CX-CHR
(Li et al., 2019a, 2018; Wang et al., 2020)  Private  2D  X-ray (Chest)  45,598  U-R (D)  45,598  ZH
 JLiverCT (Nishino et al., 2022)  Private  3D  CT (Liver)  1083  U-R (D)  1083  JA

auxiliary supervision; and more recent datasets such as CheXpert Plus, 
CTRG-Brain-263K, CTRG-Chest-548K, and CT-RATE indicate a shift to-
ward larger-scale, multilingual, and increasingly 3D or clinically richer 
resources. This trajectory helps explain why recent ARRG systems place 
greater emphasis on multimodality, grounding, and factual control than 
earlier chest X-ray captioning-style models.

However, the datasets used in ARRG research still exhibit several 
limitations:

1. Complex data access procedures
Accessing medical imaging datasets often involves lengthy approval 
processes, limiting widespread use by researchers. For instance, ob-
taining access to the MIMIC-CXR dataset (Johnson et al., 2019a,b) 
and MIMIC Derivatives dataset requires submitting a detailed re-
search proposal and awaiting approval. Similar restrictions apply to 
the DDSM dataset (Heath et al., 2001), despite its extensive use in 
mammographic imaging research. While these strict ethical review 
procedures help protect patient privacy and ensure compliance with 
data usage regulations, they also reduce data accessibility, thereby 
hindering innovation in the field.

2. Insufficient data diversity
Most publicly available datasets, such as IU X-ray (Demner-Fushman 
et al., 2016) and MIMIC-CXR (Johnson et al., 2019a,b), primarily 
consist of 2D chest X-rays. These datasets have inherent limitations, 
including low resolution, making it difficult to capture fine-grained 
pathological details. Overlapping anatomical structures, which ob-
scure clear boundaries between tissues and lesions, negatively im-
pacting visualization and diagnostic accuracy.

Although 3D imaging provides richer anatomical information 
(e.g., chest CT scans can detect lung abnormalities, mediastinal 
lymph node changes, and bone lesions), the number of publicly avail-
able 3D datasets remains limited. For example, the COV-CTR dataset 
(Li et al., 2023b) contains only 728 COVID-19 chest CT scans, mak-
ing it insufficient for large-scale training. The Lumbar Spine MRI 
dataset (Al-Kafri et al., 2019; Sudirman et al., 2019a) includes only 
575 multi-slice lumbar spine MRI scans, restricting its applicability. 
Despite these limitations, 3D imaging plays a crucial role in clinical 
applications, such as detecting rib fractures or bone metastases in 
cancer patients, tasks that are often challenging to accomplish us-
ing 2D imaging alone. Additionally, the complexity of 3D imaging 
increases the workload of radiologists, as generating reports for 3D 
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Fig. 14. Chronological distribution of the datasets reviewed in this article. Bubble size reflects approximate image count, and colour indicates imaging modality. The 
year shown for each dataset follows the publication year of the corresponding cited reference in this review. Datasets for which a publication year or image-related 
information could not be reliably determined from the available cited source were not included in the figure. A full overview of all datasets is provided in Table 6.

scans is more time-consuming. Therefore, developing ARRG systems 
capable of generating high-quality 3D imaging reports is both highly 
valuable and urgently needed.

3. Data distribution bias
Publicly available medical imaging datasets suffer from imbalanced 
disease distributions, which primarily manifest in the following 
ways:

• Limited representation of rare diseases
For example, IU X-ray (Demner-Fushman et al., 2016) and 
MIMIC-CXR (Johnson et al., 2019a,b) mainly feature common 
diseases such as pneumonia and pleural effusion, whereas rare 
diseases like interstitial lung disease are underrepresented. This 
imbalance can lead to poor generalization of models when han-
dling rare or complex cases, reducing their clinical applicability.

• Lack of datasets for other organs
Most publicly available datasets remain focused on chest imag-
ing (e.g., X-ray and CT), while large-scale datasets for other 
anatomical regions, such as the brain, cardiovascular system, 
abdomen, and musculoskeletal system, remain scarce. In recent 
years, progress has been made in addressing data distribution 
bias. For instance, Tang et al. introduced the CTRG-Brain-263K 
(Tang et al., 2024) dataset, a large-scale, publicly available brain 
CT dataset that includes bilingual Chinese-English reports and 
maintains a 1.5:1 ratio of normal to abnormal cases. This dataset 
helps mitigate data imbalance to some extent. However, further 
expansion of disease categories in medical imaging datasets is 
still required to enhance model robustness and generalization.

4. Small dataset sizes
Many datasets used in ARRG research remain relatively small, lead-
ing to several challenges. For example, limited generalization abil-
ity, making it difficult for models to adapt to various clinical set-
tings. Increased risk of overfitting, resulting in poor performance 
on unseen data. Although datasets like MIMIC-CXR dataset (John-
son et al., 2019a,b) and CheXpert dataset (Irvin et al., 2019) pro-
vide large-scale X-ray images and reports, many ARRG studies still 

rely on smaller datasets. For example, the IU X-ray dataset (Demner-
Fushman et al., 2016) contains only 7470 reports. Additionally, even 
large-scale datasets often suffer from inconsistent labeling quality, as 
some rely on automatically extracted labels, which may introduce 
noisy data that negatively impact model performance.

Therefore, improving annotation quality for ARRG tasks and expanding 
large-scale, multimodal medical imaging datasets remain critical direc-
tions for future research.

5.  ARRG Methodological paradigms and enhancement 
mechanisms

ARRG can be regarded as a specialized extension of image caption-
ing (Liao et al., 2023; Luan et al., 2023; Sloan et al., 2024; Wang et al., 
2022a), aimed at generating diagnostic reports from medical images 
(e.g., X-ray, CT, MRI, US). Unlike conventional image captioning, which 
primarily describes generic visual elements, ARRG requires the integra-
tion of computer vision (CV) (Elyan et al., 2022; Javaid et al., 2024) 
and natural language processing (NLP) (Chng et al., 2023; Zhang et al., 
2019b), along with domain-specific medical knowledge, to generate 
clinically relevant reports with appropriate factual content, ordering, 
and level of detail.

Given its strong connection to image captioning, ARRG research 
methodologies have drawn inspiration from captioning techniques 
while adapting them to the specific challenges of medical imaging 
and reporting. In this section, we distinguish between methodolog-
ical paradigms and enhancement mechanisms. The former includes 
template-based, retrieval-based, encoder-decoder, foundation-model-
based, and hybrid approaches. Within the encoder-decoder lineage, 
CNNs are mainly used as visual encoders and RNNs or hierarchical RNNs 
as sequence decoders. The latter includes attention, multimodal fusion, 
reinforcement learning, and knowledge integration, each of which may 
function either as a central architectural component or as an auxiliary 
depending on the model family.
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5.1.  Methodological paradigms

5.1.1.  Template-based models
The core idea of the template-based methods lies in its generation 

mechanism based on predefined templates. Essentially, templates are 
pre-designed sentence or paragraph structures that include a set of slots 
to be filled with content. By extracting information from the input data 
and populating these slots, it becomes possible to generate grammati-
cally correct and semantically coherent text.

Pino et al. proposed a model named CNN-TRG, which generates re-
ports by detecting abnormalities in images and relying on predefined 
templates (Pino et al., 2021). The report generation process involves us-
ing a CNN for multi-label classification to detect the presence or absence 
of 13 abnormalities. Based on the classification results, corresponding 
descriptions (e.g., the presence or absence of abnormalities) are selected 
from the template pool. Finally, these sentences are combined to cre-
ate a complete medical report. Abela et al. proposed a template-based 
report generation system called Transformer-Template Report Genera-
tion (T-TRG) and conducted comparative experiments with the CNN-
TRG model, based on convolutional neural networks, and a baseline 
Encoder-Decoder model (Abela et al., 2022). Both the T-TRG and CNN-
TRG models utilize multi-label classifiers to detect abnormalities in chest 
X-rays and employ a template subsystem to retrieve matching descrip-
tions from predefined sentence templates. The retrieved sentences are 
then concatenated to generate the final report.

Template-based methods rely heavily on predefined templates, 
which limits their flexibility and creativity in generating diverse or novel 
content (Messina et al., 2022). They require significant manual effort 
to design (Messina et al., 2022), optimize, and maintain the templates, 
making them time-consuming and labor-intensive. These methods strug-
gle to handle complex or atypical cases (Beddiar et al., 2023), as their 
outputs are constrained by the templates’ coverage and structure.

5.1.2.  Retrieval-based models
Retrieval-based methods were commonly used in the early stages of 

image captioning. The core idea is to retrieve the most relevant sentence 
or description from a pre-established database (corpus) based on the 
similarity between the input image features and the features stored in 
the database (Reale-Nosei et al., 2024). Similarly to image captioning, 
the retrieval-based methods have also been applied in ARRG research. 
The methods do not have a fixed architecture (Liao et al., 2023). The 
most critical challenge lies in designing effective retrieval strategies to 
extract image features and match them with corresponding sentence 
templates.

Zhang et al. proposed a transfer learning approach that combines 
multi-label classification with retrieval methods (Zhang et al., 2018). 
Their method retrieves visually similar images based on colour and tex-
ture features, selects the descriptions of the top three most similar im-
ages, and combines these descriptions to generate a new report. Ni et al. 
proposed a method that aligns visual and semantic features (Ni et al., 
2020). By incorporating a weighted attention mechanism, it calculates 
visual-semantic similarity using the squared l2-normalized Euclidean 
distance. Kougia V et al. adopted a different approach by calculating the 
cosine similarity between the visual embeddings of the input image and 
sentences, selecting the most relevant sentence (Kougia et al., 2021). 
Syeda-Mahmood et al. introduced a domain-aware retrieval method 
(Syeda-Mahmood et al., 2020). This method first learns fine-grained fea-
tures of lesions in medical images to describe the image content, and 
then uses these extracted features to retrieve the most similar reports 
from a large database, followed by customization and optimization. In 
the study by Charalampakos et al., a retrieval method based on k-nearest 
neighbors (k-NN) was introduced (Charalampakos et al., 2021). The core 
idea is to compute the cosine similarity between the input image’s em-
bedding and the embeddings of images in the training set to match and 
retrieve the most similar image. Yang et al. proposed a hierarchical re-
trieval mechanism called MedWriter, designed to extract both report-

level and sentence-level templates during the process of medical report 
generation (Yang et al., 2021c). The mechanism integrates three key 
components. First, the Visual-Language Retrieval (VLR) module oper-
ates at the report level, leveraging the visual features of the input im-
age to retrieve the most semantically relevant report templates from 
a retrieval pool. Next, the Language-Language Retrieval (LLR) module 
functions at the sentence level, identifying candidate sentences from the 
retrieval pool that are most likely to serve as the next sentence, thereby 
ensuring logical coherence and consistency in the report. Finally, the Hi-
erarchical LSTM Decoder combines the features generated by the VLR 
and LLR modules along with the image features to generate the medical 
report sentence by sentence, producing accurate and clinically relevant 
outputs.

Retrieval-based methods primarily rely on pre-established large-
scale databases, generating outputs by matching input data with exist-
ing content in the database based on similarity. However, these methods 
have several drawbacks: they lack flexibility and creativity, making it 
impossible to generate new content beyond the scope of the database 
(Beddiar et al., 2023; Liu et al., 2025); they are heavily dependent on 
the quality and coverage of the database, struggling to handle unseen 
data or rare cases (Beddiar et al., 2023).

5.1.3.  Encoder-decoder paradigms
CNNs primarily act as visual encoders that transform medical images 

into feature representations, while RNNs, LSTMs, GRUs, and hierarchi-
cal RNN variants mainly serve as sequence decoders that organize these 
representations into report text. In the early stages of ARRG research, 
CNNs were widely used to extract visual features from medical images. 
ResNet (He et al., 2016) and DenseNet (Huang et al., 2017) are among 
the most representative models in this context. ResNet (He et al., 2016) 
introduces the concept of residual connections (skip connections), which 
form the foundation of the residual learning framework. This innovation 
significantly alleviates the vanishing gradient problem and the degrada-
tion issue in deep neural network training, enabling the development of 
deeper and more expressive networks. Specifically, ResNet (He et al., 
2016) utilizes residual connections to allow the network to learn resid-
ual mappings rather than directly learning the full transformation. This 
approach reduces the learning difficulty and facilitates the learning of 
identity mappings, effectively addressing the degradation problem in 
deep networks. DenseNet (Huang et al., 2017), on the other hand, is 
composed of multiple dense blocks, where each layer within a dense 
block adopts dense connectivity-meaning that the input to each layer 
includes the outputs of all preceding layers. This design enhances fea-
ture propagation, allowing low-level features to be directly reused by 
higher layers; mitigates the vanishing gradient problem, improving gra-
dient flow throughout the network; and enhances parameter efficiency, 
encouraging the network to learn more effective feature representations. 
Additionally, the dense connectivity inherently promotes feature reuse.

In ARRG research, for example, in the experiment conducted by Yin 
et al., a DenseNet variant with GLP (global label pooling) was used for 
feature extraction (Yin et al., 2019). Specifically, DenseNet was em-
ployed to extract the feature map, followed by the GLP (Global Label 
Pooling) mechanism to generate a label heat map. Finally, global max 
pooling was applied to obtain the prediction probability for each la-
bel. Yuan et al. proposed a typical encoder-decoder-based ARRG model 
(Yuan et al., 2019), in which the visual feature extraction component 
employs a ResNet-152 model (He et al., 2016) pre-trained on the CheX-
pert dataset (Irvin et al., 2019). In Liu et al.’s study, ResNet-152 was 
utilized for medical image feature extraction in the visual extraction 
phase, while the Posterior Knowledge Explorer (PoKE) was employed 
to further refine and highlight abnormal regions (Liu et al., 2021a). 
Specifically, PoKE integrates disease topic tags (Topic Bag) and multi-
head attention (MHA) to enable the model to focus on abnormal areas 
in medical images, rather than distributing attention evenly across the 
entire image, as traditional methods do. In the AlignTransformer model 
proposed by You et al., the Align Hierarchical Attention (AHA) module 

Expert Systems With Applications 331 (2026) 133320 

22 



L. Huang et al.

Fig. 15. A schematic representation of the ARRG framework based on the CNN-RNN architecture (Pang et al., 2023).

aligns the visual features extracted by ResNet-50 with the disease tags 
predicted by the multi-label classification network at different granu-
lar levels, thereby generating disease-related visual features (You et al., 
2021). Li et al. proposed a model called ASGK (Auxiliary Signal-Guided 
Knowledge Encoder-Decoder) (Li et al., 2023b). In their study, they em-
ployed DenseNet-121 for feature extraction, obtaining visual features 
from medical images.

Although CNNs played a crucial role in early ARRG research, they 
primarily focus on local features and have limited ability to capture 
long-range global contextual information (Liao et al., 2023). This helps 
explain why later encoder-decoder systems increasingly incorporated 
hierarchical decoders, attention mechanisms, and Transformer-based 
components.

Early encoder-decoder systems often employed RNN as decoders. 
In early ARRG research, they were the dominant sequence genera-
tors because they could model report generation step by step and pre-
serve short-range contextual dependencies. With the rapid advancement 
of deep learning technology, CNN-RNN encoder-decoder systems were 
widely adopted in image captioning tasks (Vinyals et al., 2015; Xu, 2015; 
Yao et al., 2017). Similarly, in ARRG, numerous studies employed CNN-
recurrent encoder-decoder pipelines (Shin et al., 2016b; Sun et al., 2019; 
Wang et al., 2018; Yin et al., 2019; Yuan et al., 2019; Zeng et al., 2020b). 
In this architecture (Fig. 15), CNNs are responsible for extracting vi-
sual features from images, while RNNs and their variants (e.g., LSTM 
Hochreiter, 1997 and GRU Cho et al., 2014; Chung et al., 2014, 2015) 
process sequential information, ensuring that the generated text effec-
tively incorporates contextual information to enhance the coherence and 
readability of reports. Related CNN-RNN designs were also explored in 
adjacent medical image captioning or interpretation settings, including 
ultrasound-based studies and visual interpretation work (Alsharid et al., 
2019; Li et al., 2019b; Rodin et al., 2019; Zeng et al., 2020a).

In one of the earliest ARRG studies, Shin et al. proposed a method 
based on the CNN-RNN architecture for the classification and annotation 
of chest X-rays (Shin et al., 2016b). The system employed two CNN mod-
els, Network-in-Network (NIN) (Lin, 2013) and GoogLeNet (Szegedy 
et al., 2015), as encoders to classify the images into 17 categories, in-
cluding normal and specific disease classes. Additionally, through the 
introduction of a Recurrent Cascade Model, the system refined the dis-
ease categories into 57 subcategories by integrating both image and tex-
tual context. RNNs, including LSTM (Hochreiter, 1997) and GRU (Cho 
et al., 2014; Chung et al., 2014, 2015), were then utilized to gener-
ate text descriptions associated with the identified diseases. Xue et al. 
proposed a multimodal recurrent model (Xue et al., 2018). In the text 
generation component of this model, a recursive sentence generation 
strategy is adopted. Specifically, an LSTM decoder is first used to gener-
ate the initial sentence based on the global features of the medical im-
age. Subsequently, each new sentence is generated by incorporating the 
semantic features of the preceding sentence, which are encoded using a 
Bidirectional Long Short-Term Memory (Bi-LSTM) network, along with 
the local features of the image. Furthermore, some studies (Harzig et al., 
2019; Huang et al., 2019; Jing et al., 2017; Krause et al., 2017; Yin et al., 

2019; Yuan et al., 2019; Zhang et al., 2020) have improved upon RNNs 
by introducing hierarchical recurrent neural networks (HRNNs). Com-
pared to standard RNNs, HRNNs adopt a hierarchical modeling strategy 
that enables more effective capture of the structural characteristics of 
long texts. Specifically, HRNNs employ a multi-layer RNN architecture 
to model the hierarchical structure of text: first, a sentence-level de-
coder generates a sentence-level semantic representation (i.e., a topic 
vector); subsequently, a word-level decoder takes this topic vector as 
input and sequentially generates individual words. Since radiology re-
ports are typically organized hierarchically into paragraphs, sentences, 
and words, HRNNs can better capture linguistic features in reports, re-
sulting in more coherent and semantically consistent text generation.

Jing et al. proposed a multi-task learning framework that includes 
two tasks: label prediction and paragraph generation (Jing et al., 2017). 
In their experiments, they utilized a Hierarchical LSTM model, which 
consists of two levels: sentence-level and word-level structures, to gen-
erate long-paragraph report texts. Yin et al. also employed an HRNN 
for text generation (Yin et al., 2019). The model consists of a sentence 
RNN, responsible for generating topic vectors, and a word RNN, which 
generates specific sentences based on these topic vectors. In the sen-
tence RNN, a topic matching mechanism is utilized to enable the model 
to learn how to map topic vectors and ground truth sentences into the 
same semantic space. This mechanism ensures that the topic vectors 
generated by the sentence RNN are more semantically aligned with the 
ground truth sentences. In Huang et al.’s ARRG research, the text gener-
ation component also employs a Hierarchical LSTM (HLSTM) approach 
(Huang et al., 2019). This model consists of a sentence-level LSTM and 
a word-level LSTM, designed with a hierarchical decoder to effectively 
handle the complexity of long-text generation tasks. The sentence-level 
LSTM generates a topic vector for each sentence, ensuring the coher-
ence of paragraph structure, while the word-level LSTM generates spe-
cific words based on the topic vector to construct complete sentences. 
This hierarchical structure not only overcomes the gradient vanishing 
problem commonly observed in traditional single-layer LSTM models for 
long-text generation but also significantly enhances the semantic consis-
tency and structural coherence of the generated text, providing a more 
robust solution for complex paragraph generation tasks. Many studies 
have employed similar methods in text generation, such as Yuan et al. 
(2019) and Zhang et al. (2020), typically utilizing a two-layer LSTM 
architecture, consisting of a topic-level (or sentence-level) LSTM and 
a word-level LSTM. The topic-level LSTM predicts the theme of each 
sentence, while the sentence-level LSTM generates a topic vector for 
each sentence. Then, the word-level LSTM generates the specific sen-
tence based on the predicted theme of each sentence or topic vector.

To address the issue of data imbalance in medical report generation 
and enhance sentence diversity, especially for more accurate genera-
tion of abnormal sentences, Harzig et al. proposed a Dual Word LSTM 
model (Harzig et al., 2019). This model adopts a dual-word LSTM struc-
ture, comprising an abnormal-word LSTM and a normal-word LSTM. 
Two independent word LSTMs are trained separately for normal and ab-
normal features to generate normal and abnormal descriptions, respec-
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tively. These individually generated sentences are then integrated into a 
complete report. This design not only effectively mitigates the data im-
balance problem but also significantly improves sentence diversity and 
the accuracy of abnormal case descriptions. Most studies adopt RNNs as 
decoders, such as LSTM (Hochreiter, 1997) and GRU (Cho et al., 2014; 
Chung et al., 2014, 2015). These models are often tailored to specific 
tasks to better meet the requirements of diagnostic report generation. 
Research has shown that RNNs, particularly LSTMs, perform exception-
ally well in generating single-sentence descriptions (Reale-Nosei et al., 
2024). It still has certain limitations. For example, standard RNNs of-
ten suffer from gradient vanishing or explosion when modeling long se-
quences, making it difficult to effectively capture long-range dependen-
cies (You et al., 2021). While LSTMs (Hochreiter, 1997) and GRUs (Cho 
et al., 2014; Chung et al., 2014, 2015) mitigate the vanishing gradient 
problem through gating mechanisms, they still face sequential compu-
tation constraints, making it difficult to efficiently process long texts in 
parallel. Furthermore, their limited ability to retain long-term contex-
tual information restricts their performance when generating paragraph-
level text, leading to challenges in maintaining global coherence (Kaur 
et al., 2022).

HRNN, such as HLSTM, alleviate the aforementioned issues to some 
extent but do not completely resolve them. By adopting a hierarchical 
structure, text generation is divided into sentence-level and word-level 
processes, enabling the model to more effectively capture global seman-
tic information and reducing the sequence length that a single-layer 
RNN needs to process, thereby improving computational efficiency to 
a certain degree. Moreover, this hierarchical modeling approach helps 
maintain cross-sentence contextual consistency, enhancing text coher-
ence and structured representation, particularly outperforming standard 
LSTMs in paragraph-level text generation. However, despite mitigating 
information loss through hierarchical decoding mechanisms, HRNN still 
relies on the sequential nature of RNN computation. As a result, it re-
mains susceptible to the vanishing gradient problem when handling long 
texts, making it difficult to fully retain long-range dependencies. Ad-
ditionally, unlike Transformer models, HRNN cannot leverage parallel 
computation efficiently, which limits its computational efficiency when 
processing extremely long texts. Overall, HRNN and HLSTM offer ad-
vantages over standard LSTM in tasks such as radiology report genera-
tion, but for tasks requiring long-range dependency modeling and higher 
computational efficiency, Transformer remains the superior choice.

5.1.4.  Foundation models
Although foundation-model-based approaches are discussed here 

as a distinct contemporary paradigm, most of them still follow an 
encoder-decoder logic in architectural terms. What distinguishes them 
from earlier encoder-decoder systems is not the complete abandon-
ment of that structure, but the integration of large-scale pretraining, 
Transformer-based backbones, and stronger cross-modal representation 
learning. (Alfarghaly et al., 2021; Li et al., 2024b; Nicolson et al., 2023; 
Nooralahzadeh et al., 2021; Zhou et al., 2022) Foundation models, char-
acterized by their large-scale pretraining and adaptability to diverse 
downstream tasks, have revolutionized the field of natural language 
processing (NLP) and computer vision (CV). These models, pretrained 
on extensive datasets, can be fine-tuned on smaller domain-specific 
datasets, effectively addressing the challenge of data scarcity in special-
ized fields such as medical imaging. Among these foundation models, 
the Transformer architecture (Vaswani, 2017) has emerged as a corner-
stone due to its versatility and scalability. Its success in NLP tasks has 
inspired its adaptation to vision tasks, leading to the development of 
models like Vision Transformer (ViT) (Dosovitskiy, 2020). In the con-
text of ARRG, foundation models (including Transformer-based archi-
tectures, BERT Kenton & Toutanova, 2019, GPT-3 Brown et al., 2020) 
have been applied in two primary directions: integrating with vision 
models to enable cross-modal conversion from medical images to text, 
and fine-tuning on medical datasets (e.g., MIMIC-CXR Johnson et al., 
2019a,b) to enhance specialization and accuracy.

The Transformer (Vaswani, 2017) was originally designed for natu-
ral language processing tasks. On the one hand, due to its powerful se-
quence modeling capabilities and attention mechanism, it has also been 
widely applied to image feature extraction. In the vision domain, the 
Vision Transformer (ViT) model (Dosovitskiy, 2020) divides an image 
into small patches and then converts these patches into a sequence to be 
input into the model. The core of the Transformer is the self-attention 
mechanism, which allows the model to not only focus on local infor-
mation but also capture the global relationships between different re-
gions of the image. The Transformer is capable of effectively capturing 
long-range dependencies between different areas of the image, thus bet-
ter understanding the overall structure and semantic information of the 
image. Transformer has achieved significant results in various computer 
vision tasks such as image classification, object detection, and seman-
tic segmentation. As a result, an increasing number of researchers are 
exploring the application of Transformer in image feature extraction. 
Nooralahzadeh et al. proposed a progressive transformer-based model, 
in which visual feature extraction is performed by DenseNet to capture 
local structural features and convert them into a set of high-dimensional 
feature vectors (Nooralahzadeh et al., 2021). These feature vectors are 
then fed into ViLM (Meshed-Memory Transformer,M2 Transformer) to 
model the relationship between visual features and linguistic descrip-
tions and further extract global concepts. Wang et al. proposed the ME-
Transformer model, which introduces a multi-expert mechanism to en-
hance radiology report generation (Wang et al., 2023b). Its core archi-
tecture includes an expert encoder and an expert decoder: the expert 
encoder integrates a Vision Transformer (ViT) with a bilinear atten-
tion module, enabling learnable expert tokens to interact with visual 
tokens through high-order interactions, capturing fine-grained features 
from different regions of medical images, while orthogonal loss encour-
ages the expert tokens to learn complementary information. Wu et al. 
proposed a generalist foundation model for radiology, named RadFM, 
which is capable of processing both 2D and 3D medical imaging data 
(Wu et al., 2023b). The model’s visual encoder adopts a 3D Vision Trans-
former (3D ViT), which is designed for feature extraction from both 2D 
and 3D medical images. For 2D images (e.g., X-rays), the model expands 
them into a 3D format to align with the input requirements of the 3D 
ViT.

On the other hand, Transformers (Vaswani, 2017) leverage self-
attention mechanisms, enabling efficient parallel computation. In ad-
dition to faster training speeds, they fully utilize the parallel comput-
ing power of GPUs. Their remarkable success in image captioning tasks 
(Herdade et al., 2019; Yu et al., 2019) has led to increasing adoption 
in ARRG, where they have gradually become a research hotspot. In the 
study by Lovelace et al., a pre-trained DenseNet-121 was used to ex-
tract features from chest X-ray images, combined with a Transformer 
encoder and decoder to achieve end-to-end radiology report generation 
(Lovelace & Mortazavi, 2020).

A differentiable CheXpert dataset (Irvin et al., 2019) label extrac-
tion mechanism and clinical coherence optimization strategy were in-
troduced to generate semantically consistent clinical reports. Chen et 
al. integrated memory into the Transformer decoder to record histori-
cal information during the generation process and effectively leverage 
this information through multi-head attention, thereby enhancing the 
decoder’s performance in long-text generation tasks (Chen et al., 2020). 
In the study by Yan et al. (2021), weakly supervised contrastive (WCL) 
learning, based on the memory-driven transformer proposed by Chen 
et al. (2020) to enhance the capability of ARRG models, was intro-
duced. Specifically, WCL employs ChexBERT (Smit et al., 2020) and 
K-Means for report clustering, achieving weakly supervised semantic 
grouping to better select “hard negative samples” in contrastive learn-
ing. ChexBERT (Smit et al., 2020), a BERT variant tailored for medical 
text, is used to extract text embeddings from reports, while K-Means 
clustering groups reports based on semantic similarity. This allows WCL 
to distinguish between “easy negative samples” (clearly incorrect re-
ports) and “hard negative samples” (semantically similar but incorrect 
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reports). Alfarghaly et al. proposed a model called CDGPT2, which uses 
a pre-trained distilGPT2 (Sanh, 2019) decoder conditioned on visual 
features (extracted by ChexNet) and semantic features (derived from la-
bel embeddings) to generate complete reports (Alfarghaly et al., 2021). 
Nooralahzadeh et al. proposed a Transformer-based progressive gener-
ation model that divides the radiology report generation task into two 
stages (Nooralahzadeh et al., 2021): in the first stage, a Visual-Language 
Model (ViLM) extracts high-level concepts from chest X-ray images us-
ing the Meshed-Memory Transformer (M2 Transformer) with memory-
augmented encoders and decoders to generate global information; in 
the second stage, a pre-trained BART language model further refines 
these high-level concepts into a complete and coherent radiology report, 
achieving progressive generation while ensuring semantic consistency 
and clinical relevance. Zhou et al. proposed a cross-supervised learning 
model called REFERS, which uses a Radiograph Transformer to process 
image features, fuses multi-view images from patient studies to generate 
a unified representation, and employs a Report Transformer to generate 
corresponding radiology reports, while contrastive loss is applied to en-
hance the consistency between image and text representations (Zhou 
et al., 2022). Chen et al.’s experiment adopted a Transformer-based 
encoder-decoder architecture for text generation (Chen et al., 2022). 
In this stage, they also incorporated a cross-modal memory network 
(CMN), which enhances the cross-modal understanding capability of the 
Transformer decoder through the mechanisms of memory querying and 
memory responding. In the decoder of the METransformer model pro-
posed by Wang et al., expert tokens guide the generation of multiple 
corresponding reports (Wang et al., 2023b). Each expert token interacts 
with both visual tokens and word tokens to generate a candidate report. 
In other words, if the model has M expert tokens, it will generate M 
different candidate reports.

Other foundation models have also made significant contributions 
to ARRG. These models, pretrained on vast corpora of text data, bring 
semantic understanding and generative capabilities to the task of med-
ical report generation. For example, In Nicolson et al.’s experiment, the 
pre-trained language model distilGPT2 (Sanh, 2019) was utilized to ini-
tialize the decoder using warm starting techniques, enabling it to in-
herit the semantic understanding and generative capabilities of a gen-
eral language model (Nicolson et al., 2023). The model was then fine-
tuned on medical datasets such as MIMIC-CXR (Johnson et al., 2019a,b) 
and IU X-ray dataset (Demner-Fushman et al., 2016) to generate high-
quality chest X-ray diagnostic reports that closely resemble those writ-
ten by radiologists. Wu et al. conducted a study evaluating the per-
formance of the GPT-4V(ision) (Yang et al., 2023b) model in the con-
text of multimodal medical diagnostics (Wu et al., 2023a). The assess-
ment covered 17 different organ systems, including the central nervous 
system, head and neck, cardiac, thoracic, hematologic, hepatobiliary, 
gastrointestinal, urogenital, gynecological, obstetrical, breast, muscu-
loskeletal, spinal, and vascular systems. The images utilized were de-
rived from common clinical modalities such as radiographs, computed 
tomography (CT), magnetic resonance imaging (MRI), positron emis-
sion tomography (PET), digital subtraction angiography (DSA), mam-
mograms, ultrasound scans, and pathology slides. While the study high-
lighted the model’s strong ability to identify imaging modalities and 
anatomical structures, it also revealed significant limitations in its ca-
pacity to provide accurate disease diagnoses and generate comprehen-
sive medical reports. Li et al. proposed a model called ASGK (Auxiliary 
Signal-Guided Knowledge Encoder-Decoder), which utilizes Generative 
Pre-Training (GPT) (Radford, 2018) as its natural language decoder to 
generate medical reports (Li et al., 2023b). Li et al. used the MIMIC-CXR 
dataset (Johnson et al., 2019a,b) and adopted zero-shot and few-shot 
prompting strategies to evaluate the performance of GPT-4V in chest 
X-ray report generation tasks (Li et al., 2023c). The experimental re-
sults demonstrated that GPT-4V showed significant potential in medical 
report generation, with the mixed prompt (Few-shot mixed examples 
prompt) producing the highest-quality reports, highlighting the impor-
tance of combining different types of prompts to improve performance. 

However, further optimization of prompt design and data training re-
mains critical, especially as GPT-4V still exhibits limitations in specific 
disease descriptions and certain evaluation metrics, such as CIDEr. Li et 
al. proposed a model named KARGEN (Knowledge-Enhanced Automated 
Radiology Report Generation), which leverages a framework combining 
LLaMA with a medical domain knowledge graph (Li et al., 2024b). The 
model utilizes a pre-trained Swin Transformer to extract regional image 
features, representing local information in chest X-ray images and the 
LLaMA2-7B generates diagnostic reports using the fused visual features 
as prompts. In other experiments (Bannur et al., 2023a; Boecking et al., 
2022; Delbrouck et al., 2022), pretrained language models have also 
been utilized in research on ARRG.

In summary, foundation models have significantly advanced the field 
of ARRG. Their ability to integrate visual and textual data, coupled with 
their scalability and adaptability, has enabled the generation of clini-
cally relevant and structured diagnostic reports. However, challenges 
remain, particularly in improving the accuracy of disease-specific de-
scriptions and optimizing prompt design for these foundation models. 
Meta Prompting, proposed by Zhang et al., is a structured and syntax-
oriented prompting method designed to enhance the reasoning capabil-
ities of foundation models without relying on specific examples (Zhang 
et al., 2023b). Unlike few-shot prompting, which primarily depends on 
learning from examples, Meta Prompting emphasizes the general struc-
ture of tasks, breaking down complex tasks into structured steps to im-
prove the consistency and stability of the generation process. Based on 
this, Meta Prompting holds potential applications in ARRG research, as 
it can be leveraged to optimize the structural coherence of generated 
reports, enhancing their consistency and readability. Moreover, it can 
improve token efficiency, reduce redundant computations during report 
generation, lower computational costs, and ultimately enhance the clin-
ical utility of radiology reports.

5.1.5.  Hybrid models
Hybrid models are treated here as a generation paradigm because 

they combine multiple report-generation logics within a single overall 
pipeline, such as retrieval guidance or template guidance plus neural de-
coding. Unlike the strategies discussed later, the emphasis in this sub-
section is on hybrid systems whose full report-generation workflow is 
itself structurally mixed.

Li et al. proposed a model called Hybrid Retrieval-Generation Re-
inforced Agent (HRGR-Agent) for medical imaging report generation 
(Li et al., 2018). The HRGR-Agent model integrates retrieval-based and 
generation-based methods and is optimized using reinforcement learn-
ing (RL). The model follows a hierarchical decision-making process, 
where the retrieval policy module determines whether to select a sen-
tence from a template database. If no suitable template is found, the 
Generation Module is invoked to generate a new sentence. The HRGR-
Agent is trained through reinforcement learning and utilizes sentence-
level and word-level reward mechanisms to achieve ARRG. Later, Li et 
al. proposed a knowledge-driven framework named KERP (Knowledge-
driven Encode, Retrieve, Paraphrase) (Li et al., 2019a). The KERP model 
consists of three key modules: encode, retrieve, and paraphrase. Specif-
ically, the model first employs DenseNet (Huang et al., 2017) to extract 
visual features from medical images. Then, Graph Transformer (GTR) 
further processes these features by converting them into a structured 
abnormality graph, which represents potential medical abnormalities 
and is optimized using prior medical knowledge. In the text genera-
tion phase, KERP adopts both retrieve-based and template-based ap-
proaches. The retrieval phase, using GTRg2s (Graph Transformer from 
Graph to Sequence), the model retrieves the most relevant template 
sequence from a predefined medical report template repository based 
on the abnormality graph. The paraphrasing phase, utilizing GTRgs2s 
(Graph Transformer from Graph & Sequence to Sequence), the retrieved 
templates are refined by incorporating information from the abnormal-
ity graph, ultimately generating the final medical report. Wang et al. 
proposed a unified framework called Relation-paraNet for retrieval and 
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relational topic-driven sentence generation (Wang et al., 2020). This 
framework combines template retrieval and sentence generation to dy-
namically decide whether to retrieve common descriptions from a tem-
plate library or generate new sentences, thereby effectively handling 
both common and rare abnormalities. It incorporates a Relational Ab-
normality Classification Module to identify medical terms and their se-
mantic relationships, ensuring that the classification results of abnor-
mal terms are consistent with their actual relationships. Meanwhile, the 
relational-topic encoder integrates image features with contextual in-
formation to generate topic vectors that ensure the semantic coherence 
of sentence generation. Finally, the Adaptive Generator dynamically 
switches between template retrieval and sentence generation modes 
based on the context, guiding the creation of medical reports. In Liu 
et al.’s study, they proposed the PPKED model (Liu et al., 2021a). In 
the text generation phase, posterior knowledge is leveraged to retrieve 
prior knowledge. The Prior Knowledge Explorer (PrKE) utilizes poste-
rior knowledge as a query to retrieve relevant textual information from 
the historical report database and the medical knowledge graph. Addi-
tionally, the study introduces the Adaptive Distilling Attention (ADA) 
mechanism, which dynamically adjusts the weighting of posterior and 
prior knowledge during report generation. Finally, all this knowledge 
is integrated using the Transformer decoder, resulting in a comprehen-
sive radiology report. Yang et al. incorporated retrieval-augmented spe-
cific medical knowledge to accomplish the text generation task (Yang 
et al., 2022). First, they computed the disease label distribution of the 
given X-ray image and retrieved the most similar historical radiology re-
ports from the database based on KL-Divergence. Then, they employed 
Stanza (Qi et al., 2020; Zhang et al., 2021) to extract medical terms 
from the retrieved reports and queried the RadGraph (Jain et al., 2021) 
knowledge graph to construct knowledge triplets relevant to the current 
case. These knowledge representations were semantically encoded us-
ing Clinical-BERT (Alsentzer et al., 2019), converting the medical terms 
obtained from RadGraph (Jain et al., 2021) into knowledge vectors. 
These vectors were subsequently integrated with visual features and 
general knowledge through the knowledge-enhanced multi-head atten-
tion (KEMHA) to provide medical contextual information for text gener-
ation. Finally, these fused knowledge vectors, along with visual features 
and general knowledge, were processed through the KEMHA before de-
coding to ensure that the text generation process effectively leveraged 
medical knowledge. The integrated information was then fed into a stan-
dard decoder to generate the final radiology report. Some other studies 
(Han et al., 2018, 2021; Xie et al., 2019) have also employed hybrid 
methods to explore the generation of ARRG.

Table 7 summarizes the main methodological paradigms across a 
shared set of analytical dimensions, including input organization, prior-
knowledge use, support for long-range or paragraph-level generation, 
control over report structure and factual consistency, and typical fail-
ure modes. The citations embedded within individual cells provide the 
supporting studies and review evidence for each comparative character-
ization.

5.2.  Enhancement mechanisms

5.2.1.  Attention mechanisms
With the advancement of deep learning, many studies have adopted 

the CNN-RNN framework in the field of image captioning (Vinyals et al., 
2015). Since Bahdanau et al. introduced the attention mechanism (Bah-
danau, 2014), an increasing number of studies have incorporated visual 
attention (Donahue et al., 2015; Xu, 2015) into the CNN-RNN frame-
work, while some have also explored semantic attention (You et al., 
2016). In ARRG, attention should not be understood only as an op-
tional add-on. In early CNN-RNN systems it often appeared as a module, 
whereas in Transformer-based and foundation-model-based systems it 
became a core representational mechanism.

A similar evolution can be observed in ARRG, which, while sharing 
similarities with image captioning, presents unique challenges due to 

the critical nature of medical diagnosis and the need for precise and 
informative descriptions. Early ARRG systems often treated the entire 
image as a global feature vector, neglecting the rich spatial information 
present in radiological images. These systems, including early CNN-RNN 
encoder-decoder pipelines and compositional approaches, often over-
looked spatial detail that is crucial for generating accurate descriptions. 
In contrast, attention-based techniques dynamically identify key regions 
of the input image during output sequence generation, enabling mod-
els to capture finer-grained features and contextually relevant details 
(Reale-Nosei et al., 2024). This has led to the widespread adoption of 
attention mechanisms in ARRG, either as modules in encoder-decoder 
systems or as core components in Transformer-based models. Jing et 
al. were the first to introduce the co-attention into the field of ARRG 
(Jing et al., 2017). They proposed a co-attention model that integrates 
visual and semantic features, achieving dynamic alignment between 
medical image regions and semantic labels. This mechanism employs 
visual attention to locate critical image regions (such as abnormalities) 
and semantic attention to capture high-level semantic information (such 
as diagnostic labels), ultimately generating a joint context vector for 
paragraph generation. Wang et al. proposed the TieNet model, which 
employs a multi-level attention mechanism (including visual attention 
and text-based attention) for disease classification and report generation 
from chest X-rays (Wang et al., 2018). Additionally, it is a complete end-
to-end model (CNN-RNN) that integrates the attention mechanism with 
multi-task learning. Xue et al. proposed a multimodal recurrent model. 
In this model, the attention mechanism is primarily applied during the 
text generation phase, helping the model dynamically focus on different 
regions of the medical image while generating each sentence (Xue et al., 
2018). Specifically, whenever a new sentence is generated, it relies not 
only on the semantic information of the previous sentence but also on 
visual attention to select the most relevant regions of the image. For ex-
ample, when describing the heart, the attention mechanism enhances fo-
cus on the heart region, whereas when describing the lungs, it readjusts 
its focus accordingly. Yin et al. incorporated the attention mechanism 
into the sentence-level RNN (Yin et al., 2019). When the sentence-level 
RNN generates topic vectors, it calculates attention weights for each 
image region and tag. These weights indicate which regions of the im-
age and tags the model should focus on when generating the current 
sentence. By leveraging the attention mechanism, the model can better 
capture local information in the image that is relevant to the current 
sentence. You et al. proposed the Align Hierarchical Attention mech-
anism and integrated it into the AlignTransformer model (You et al., 
2021). This mechanism leverages a hierarchical attention approach to 
precisely align visual features from medical images with disease labels, 
thereby enhancing the accuracy and semantic consistency of diagnos-
tic report generation. By incorporating this alignment mechanism, the 
AlignTransformer model achieves finer-grained mapping in the dynamic 
association between visual and semantic features. Song et al. proposed 
the CMCA model (Cross-modal Contrastive Attention Model), which 
leverages a historical database of similar cases to extract unique ab-
normal regions from input images through a contrastive mechanism 
(Song et al., 2022). Simultaneously, it retrieves semantic information 
related to these abnormalities from the corresponding reports of similar 
cases. By dynamically aligning visual features with semantic features, 
the model effectively guides the generation of medical imaging reports. 
Gajbhiye et al. proposed the AMLMA model (Adaptive Multilevel Multi-
Attention), an adaptive multilevel multi-attention mechanism designed 
for medical image report generation (Gajbhiye et al., 2022). The model 
introduces a multilevel attention mechanism to dynamically align visual 
features with semantic features, integrating Adaptive Visual-Semantic 
Attention (AVSA) and Visual-Based Language Attention (VBLA). These 
mechanisms are used respectively to extract key regions in medical im-
ages and dynamically adjust semantic weights during report genera-
tion. Additionally, the model incorporates a Residual Attention Module 
(RAM) to enhance multi-label abnormality detection capabilities. Wang 
et al. proposed an innovative model called Memory-augmented Sparse 
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Attention (MSA), which combines bilinear pooling with self-attention 
mechanisms to capture high-order interactions among features (Wang 
et al., 2022b). The model introduces memory slots to encode and store 
accumulated features throughout the processing stages, enhancing con-
textual understanding and generation capabilities for long-form reports. 
In generating medical imaging reports, the MSA module uses global fea-
tures as queries and local features as keys and values, leveraging sparse 
attention to efficiently extract relevant information, thereby producing 
more accurate and coherent long-text reports. Yan et al. proposed a 
model based on a two-level sparse attention mechanism, aimed at en-
hancing semantic alignment in medical image report generation (Yan 
et al., 2022). The model employs Region Sparse Attention to extract 
key regional features from medical images corresponding to each MeSH 
(FB, 1963) label, while Word Sparse Attention assigns higher attention 
weights to MeSH (FB, 1963) terms present in the report, ensuring dy-
namic alignment between visual and semantic features.

5.2.2.  Multimodal fusion
Radiologists, when writing imaging diagnostic reports, do not simply 

“describe what they see” but first review the patient’s medical history, 
previous examination records, and laboratory results to provide essen-
tial contextual support for image interpretation (Wang et al., 2024b). 
For instance, in patients with tumours, special attention is paid to the 
presence of metastatic lesions. Similarly, when a pulmonary mass is 
identified on CT but presents atypically, a positive mycobacterial cul-
ture strongly suggests tuberculosis rather than lung cancer. Inspired by 
this practical workflow, researchers have proposed integrating multi-
modal methods into ARRG (Dalla Serra et al., 2022; Jeong et al., 2024; 
Mondal et al., 2023; Nguyen et al., 2023, 2021; Shang et al., 2022).

In Nguyen et al.’s study, chest X-ray images and patients’ clinical his-
tory documents are combined through a classification module to gener-
ate disease embeddings (Nguyen et al., 2021). These embeddings are 
then passed to a Transformer-based generator to produce medical re-
ports. Simultaneously, the generator outputs a weighted embedding rep-
resentation, which is fed into an interpreter to ensure consistency with 
disease-related topics. In the experiments conducted by Dalla Serra et 
al., clinically relevant structured information is extracted from images in 
a supervised manner, represented in the form of triples, and these triples 
are used as input for generating radiology reports (Dalla Serra et al., 
2022). In the experiments conducted by Shang et al., a model named 
Multimodal Adaptive Transformer (MATNet) was proposed, which inte-
grates radiological images and clinical records to enhance the learning 
capabilities of its encoder (Shang et al., 2022). Mondal et al. proposed a 
model named TransXpainNet, which utilizes a domain-knowledge-based 
vision transformer, DeiT-CXR, to extract image features (Mondal et al., 
2023). Additionally, clinical history and other documents are incorpo-
rated to enrich the report generation process. Although much of the 
early multimodal literature focused on 2D chest X-rays, the same moti-
vation extends naturally to 3D imaging. In CT and MRI, multimodality is 
not only about adding text-side clinical context; it is also about integrat-
ing volumetric image context, prior examinations, phase information, 
and sometimes multiple reconstruction windows. This introduces tech-
nical challenges such as the curse of dimensionality, slice aggregation or 
fusion strategy design, and the high computational cost of 3D encoders, 
which partly explains why multimodal ARRG for 3D data remains less 
mature than chest X-ray report generation.

5.2.3.  Knowledge integration
Knowledge integration is discussed here as an enhancement mech-

anism rather than as a separate core paradigm. The focus is therefore 
not on whether a system is hybrid, retrieval-based, or encoder-decoder 
in overall form, but on how external medical knowledge, knowledge 
graphs, prior reports, or clinically structured signals are injected to im-
prove factual grounding and report quality.

Babar et al. examined the effectiveness of encoder-decoder models 
and noted that current ARRG models predominantly operate on un-

conditional generation patterns, which do not adequately leverage im-
age features for producing high-quality reports (Babar et al., 2021a). 
They recommended integrating medical knowledge into model design 
to enhance the quality and precision of generated reports (Babar et al., 
2021a). Some researchers have proposed methods to incorporate med-
ical knowledge into models (Gajbhiye et al., 2022; Hou et al., 2023b; 
Kim et al., 2023; Li et al., 2022; Nishino et al., 2022), while others have 
developed models based on knowledge graphs (Li et al., 2024b; Wang 
et al., 2023a; Zhang et al., 2020). Kim et al. argued that models like 
Transformers often lack prior knowledge, leading to errors such as ref-
erencing non-existent previous examinations in the generated reports 
(Kim et al., 2023). This discrepancy can be attributed to the knowledge 
gap between radiologists and the generative models. To address this is-
sue, they introduced a rule-based tagger to extract comparative prior 
information from radiology reports. This extracted prior information 
was then integrated into two publicly available models (R2Gen Chen 
et al., 2020 and M2Tr Cornia et al., 2020), enabling them to generate 
more accurate and comprehensive reports. Additionally, similar reports 
are retrieved from a pre-built repository based on the visual appearance 
of the input image, further enhancing the quality of report generation. 
Zhang et al. proposed a model that integrates knowledge graphs and 
deep learning techniques for radiology report generation (Zhang et al., 
2020). The input to the decoder is a context vector extracted through 
a graph attention mechanism from the graph embedding module. Yang 
et al. proposed a chest radiology report generation framework that in-
tegrates both general and specific knowledge (Yang et al., 2022). The 
framework extracts broad medical knowledge from a knowledge graph 
while retrieving specific knowledge related to the current input image. 
It employs a knowledge-enhanced multi-head attention mechanism to 
combine these knowledge components with visual features from the im-
age, enabling the generation of detailed radiology reports. Subsequently, 
in their later work (Yang et al., 2023a), they introduced an automated 
radiology report generation model that integrates knowledge-driven and 
multimodal alignment mechanisms. The model features a dynamically 
updated knowledge base, which autonomously learns and stores medi-
cal knowledge throughout the training process. Specifically, the model 
extracts visual features from images and textual embeddings from cor-
responding reference reports during training, iteratively updating the 
knowledge base. During inference, this fixed knowledge base is com-
bined with image features to produce clinically relevant radiology re-
ports.

5.2.4.  Reinforcement learning
Reinforcement learning is likewise treated here as a cross-cutting 

optimization strategy rather than as a separate report-generation 
paradigm. Its role is to refine generation behaviour through reward de-
sign, and it may be combined with hybrid, encoder-decoder, or other 
model families. For this reason, some individual studies appear both 
conceptually hybrid and reinforcement-learning-based, but the present 
subsection focuses specifically on the optimization role of reinforcement 
learning.

For example, in the experiment conducted by Li et al., HRGR-
Agent employs Hierarchical Reinforcement Learning (HRL) for policy 
optimization, incorporating both sentence-level and word-level reward 
mechanisms (Li et al., 2018). The model uses CIDEr as the reward func-
tion and applies the reinforce algorithm to optimize the retrieval policy 
module and the generation module separately. The reward for the re-
trieval policy module is based on the sentence-level CIDEr incremental 
score, which determines whether to retrieve a template or generate a 
new sentence. Meanwhile, the generation module is optimized using 
the word-level CIDEr incremental score, refining the generation of each 
word. Liu et al. employed reinforcement learning for report generation 
(Liu et al., 2019). Their approach incorporated natural language gener-
ation (NLG) metrics and clinical accuracy as reward signals. In the study 
by Jing et al., reinforcement learning was used to optimize text gener-
ation within the CMAS model (Jing et al., 2020). The model was first 
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initialized using supervised learning. Subsequently, the reinforce algo-
rithm was applied to directly optimize BLEU-4 and CIDEr evaluation 
metrics. Through a discounted reward mechanism, the model enhanced 
the focus of the Abnormality Writer (AW) on abnormalities, thereby 
improving the clinical utility of the generated radiology reports. Addi-
tionally, other studies, such as Xiong et al. (2019), have explored the 
application of reinforcement learning in ARRG.

Collectively, these studies indicate that reinforcement learning can 
enhance the fluency and clinical accuracy of automatically generated 
radiology reports, thereby improving their clinical utility.

Taken together, the differences among the methods reviewed in this 
section lie not only in their architectures, but also in their input orga-
nization, use of prior knowledge, support for long-range or paragraph-
level generation, degree of control over report ordering and factual con-
sistency, and vulnerability to different failure modes. Template-based 
and retrieval-based methods are generally more controllable and of-
ten perform relatively well in standardized or repetitive reporting sce-
narios, but their flexibility is often limited when reports need to de-
scribe complex or rare findings. In contrast, encoder-decoder methods, 
Transformer-based methods, and more recent foundation-model-based 
approaches are better suited to richer visual inputs and paragraph-level 
report generation; however, their greater flexibility may also introduce 
a higher risk of failure modes such as hallucination, omission of clini-
cally important findings, and section inconsistency. Hybrid methods at-
tempt to balance these trade-offs by combining stronger controllability 
with greater expressive flexibility. At the same time, better surface-level 
natural language generation performance does not necessarily imply 
greater clinical usefulness, especially when the generated reports remain 
highly repetitive or overly biased toward generic normal-case descrip-
tions. These differences are therefore important for understanding and 
interpreting comparative performance results, and they are revisited in 
the next section.

6.  Evaluation methods

The goal of ARRG is to produce reports that align closely with those 
written by radiologists. Therefore, effectively evaluating ARRG models 
is crucial. However, there is currently no unified evaluation metric for 
ARRG models. Since most experimental datasets include either corre-
sponding reports, annotations, sentence-level descriptions, labels, and 
other related information, existing studies primarily employ both quan-
titative evaluation metrics and qualitative evaluation methods.

6.1.  Quantitative evaluation methods

6.1.1.  Natural language generation (NLG) evaluation metrics
NLG evaluation metrics primarily assess the linguistic quality of gen-

erated reports, such as fluency, text coverage, and structural consis-
tency. These methods evaluate the similarity between the generated and 
reference descriptions based on word overlaps, measuring how many 
words or n-grams (phrases with n consecutive words) are shared be-
tween them.

• Bilingual Evaluation Understudy (BLEU): BLEU (Papineni et al., 2002) 
is based on n-gram precision, used to evaluate the lexical and word-
order match between generated and reference texts. It quantifies 
the precision of the generated text by calculating n-gram overlaps. 
BLEU is typically presented in the form BLEU-n, where n represents 
the n-gram length (e.g., BLEU-1 for unigram matches, BLEU-4 for 
matches up to four-grams). A brevity penalty is introduced to pe-
nalize overly short descriptions. The closer the BLEU score is to 1, 
the better the model performance. The BLEU metric is easy to com-
pute and interpret, and it has shown strong correlation with human 
judgments when assessing the quality of generated text. However, 
BLEU focuses solely on lexical matching between the generated and 
reference texts, failing to capture semantic consistency or the logical 
coherence of the text (Pang et al., 2023).

• Metric for Evaluation of Translation with Explicit ORdering (METEOR):
METEOR (Banerjee & Lavie, 2005) is metric that calculates preci-
sion and recall for unigram matches between generated and refer-
ence texts, combining them into an F-score. METEOR shares BLEU’s 
limitation of not considering the coherence or overall quality of gen-
erated text (Pang et al., 2023).

• Recall-Oriented Understudy for Gisting Evaluation (ROUGE):  ROUGE 
(Lin, 2004) is a set of recall-based metrics initially designed for text 
summarization but widely used in natural language generation tasks. 
It evaluates the coverage of generated content by measuring over-
laps in n-grams, longest common subsequences (LCS), and other as-
pects between generated and reference texts. Common versions in-
clude ROUGE-N, ROUGE-L, and ROUGE-W, with ROUGE-L focusing 
on longest common subsequence matching. However, ROUGE-L only 
considers a single aspect-longest common subsequence-which may 
fail to capture all dimensions of text quality (Pang et al., 2023).

• Consensus-based Image Description Evaluation (CIDEr): CIDEr (Vedan-
tam et al., 2015) is an evaluation metric specifically designed for im-
age description tasks. It calculates the cosine similarity between the 
generated and reference texts in terms of n-gram overlaps weighted 
by TF-IDF scores. This weighting emphasizes the importance of 
content-specific n-grams in the evaluation process.

• BERTScore: BERTScore (Zhang et al., 2019a) is an automated evalua-
tion method for text generation. This metric leverages contextual em-
beddings to compute the semantic similarity scores between individ-
ual words in the generated and reference sentences. The study by Yu 
et al. indicates that automated metrics, such as BERTScore, demon-
strate better alignment with radiologists’ assessments (Yu et al., 
2022). In recent years, the ImageCLEFmedical challenge has adopted 
BERTScore as one of its evaluation metrics (Ionescu et al., 2023).

6.1.2.  Clinical efficacy (CE) evaluation metrics
NLG evaluation metrics are primarily used to measure the similar-

ity between generated reports and reference reports, but they do not 
necessarily reflect the medical facts contained within the reports ac-
curately (Babar et al., 2021b; Boag et al., 2020; Liu et al., 2019; Pino 
et al., 2021, 2020; Zhang et al., 2019b). For example, the sentences ‘Ef-
fusion’ observed and ‘No effusion’ observed may appear very similar 
on the surface. Metrics based on n-gram matching might assign a high 
score to such pairs, even though their meanings are entirely opposite in 
terms of medical facts. Another issue is the growing perspective that it 
is more important to assign higher scores to reports that are semanti-
cally equivalent (Babar et al., 2021a; Boag et al., 2020). For instance, 
the sentences ’The heart is within normal size and contour and No ob-
served cardiomegaly.’ express the same meaning but, due to differences 
in wording, might receive a score of 0 under commonly used NLG met-
rics. To address this issue, the combination of CE methods and NLG 
techniques is being increasingly and widely adopted.

• Precision, Recall and F1-score: The CheXpert dataset (Irvin et al., 
2019) labeling tool was used to extract and analyse labels from both 
the generated reports and the ground truth reports. By comparing the 
labels from the generated reports with those from the ground truth 
reports, the study employed metrics such as precision recall and F1-
score to evaluate the performance of the ARRG model (Liu et al., 
2019). These evaluation metrics have been widely applied in ARRG 
research (Chen et al., 2020; Liu et al., 2019; Lovelace & Mortazavi, 
2020; Nooralahzadeh et al., 2021).

• MeSH Accuracy (MA): The ratio of the number of correctly gener-
ated MeSH (FB, 1963) terms in a model-generated report to the total 
number of MeSH (FB, 1963) terms present in the reference report.

• Keyword Accuracy (KA):  The ratio of the number of correctly gen-
erated keywords in the generated report to the total number of key-
words in the reference report. The keyword set is constructed from 
MTI (Medical Text Indexer) annotations of the original dataset and 
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manual annotations, containing 438 unique medical keywords (Xue 
et al., 2018).

• Medical Image Report Quality Index (MIRQI): It evaluates the accuracy 
of disease keywords and their associated attributes (e.g., lesion lo-
cation, severity, negation, or uncertainty) in generated reports com-
pared to ground truth reports through a graph-based matching ap-
proach. MIRQI defines three core metrics: Recall (MIRQI-r), Preci-
sion (MIRQI-p), and F1 Score (MIRQI-F1), which collectively assess 
the performance of report generation in terms of disease mentions 
and attribute alignment (Zhang et al., 2020).

• Radiology Report Quality Index (RadRQI): In the experiments con-
ducted by Yan et al., a novel evaluation method called Radiology 
Report Quality Index (RadRQI) was proposed (Yan et al., 2023). 
This method assesses the alignment between generated reports and 
ground truth reports by extracting abnormalities and their associ-
ated attributes (such as anatomical location or condition) and es-
tablishing relationships between them. RadRQI leverages RadLex 
(Langlotz, 2006) to extract relevant keywords and utilizes RadGraph 
(Jain et al., 2021) to contextualize the associations between abnor-
malities and attributes, while also accounting for negations to accu-
rately capture the presence or absence of abnormalities mentioned in 
the reports. The core metrics of RadRQI include RadRQI-F1, which 
measures the correctness of the abnormalities and their attributes in 
the generated reports, and RadRQI-Hits, which evaluates the cover-
age of distinct abnormality categories in the generated reports.

• RadGraph F1 & RadCliQ: Yu et al. proposed two evaluation met-
rics for radiology report generation: RadGraph F1 and RadCliQ (Yu 
et al., 2022). RadGraph F1 evaluates the quality of generated re-
ports by comparing the overlap of clinical entities (e.g., patholo-
gies and anatomical locations) and their relationships extracted from 
machine-generated and reference reports. This metric introduces the 
concept of knowledge graphs, structuring diagnostic information 
into entities and their relationships to more accurately capture the 
semantic and clinical relevance of the reports. RadCliQ, on the other 
hand, is a composite evaluation metric that integrates multiple indi-
vidual metrics (such as BLEU, BERTScore, CheXbert, and RadGraph 
F1) and assigns weights to each through a linear regression model, 
providing a more accurate reflection of radiologists’ assessments of 
the clinical quality of the reports. These two metrics aim to address 
the limitations of traditional evaluation methods, offering more clin-
ically meaningful standards for assessing generated reports.

6.2.  Qualitative evaluation methods

Qualitative evaluation methods primarily rely on human experts, 
such as radiologists, to subjectively assess the quality of generated re-
ports.

• Human evaluation: The researchers conducted a quality evaluation 
of the reports generated by each method through the Amazon Me-
chanical Turk platform. They randomly selected 100 test samples 
and provided ground truth reports as references. Participants were 
invited to choose the report generated by different models that best 
matched the reference report. The evaluation criteria included lan-
guage fluency, content selection relevance, and the correctness of 
medical abnormal findings. A default option was provided to han-
dle cases where participants had no preference or preferred both 
reports (Li et al., 2019a, 2018). In the experiment conducted by 
Alfarghaly et al., human evaluation was also performed by a radi-
ologist with five years of experience in interpreting chest X-ray im-
ages (Alfarghaly et al., 2021). By comparing the automatically gen-
erated reports with the ground-truth reports, the radiologist catego-
rized the generated reports into three types: accurate reports, reports 
with missing details, and false reports. Grad-CAM visualization tech-
nology (Selvaraju et al., 2017) was used to assist in the evaluation 
process. In another experiment, Gale et al. mentioned two methods 

of human evaluation: sentence Content and acceptance of explana-
tions by doctors. The former involves a radiologist reviewing the 
generated sentences and original report sentences for 200 randomly 
selected fracture cases, assessing whether they accurately describe 
the location and characteristics of the fractures. The latter involves 
inviting five doctors with 3 to 7 years of postgraduate clinical expe-
rience to evaluate 30 fracture cases from the test set, scoring three 
different forms of explanations: saliency maps, generated sentences 
and a combination of saliency maps and generated sentences (Gale 
et al., 2019).

• Likert Scale Scores: A scoring system designed to evaluate medical 
experts’ opinions on the quality of generated reports (Fleiss, 1971).

Taken together, quantitative and qualitative evaluation methods 
capture different but complementary aspects of ARRG quality. Quan-
titative metrics support scalable comparison across models, but they do 
not fully capture factual correctness, logical consistency, or clinical use-
fulness. Qualitative evaluation remains more clinically informative, yet 
it is time-consuming, costly, and difficult to scale. Table 8 summarizes 
these trade-offs. Overall, future progress will depend on more balanced 
evaluation frameworks that combine efficient automatic metrics with 
clinically grounded human or semi-automated assessment.

6.3.  Comparison of ARRG performance

In this part, we compare the experimental results of ARRG studies, 
including NLG evaluation metrics and CE evaluation metrics, to iden-
tify the most advanced methods. Currently, IU X-ray (Demner-Fushman 
et al., 2016) and MIMIC-CXR (Johnson et al., 2019a,b) are the most 
commonly used datasets in ARRG research. To ensure a fair comparison, 
our analysis is based on these two datasets. All cited numerical values 
are derived from the original papers to ensure accuracy and compara-
bility. Tables 9 and 10 present a comparative evaluation of different 
research methods based on the IU X-ray (Demner-Fushman et al., 2016) 
and MIMIC-CXR (Johnson et al., 2019a,b) datasets, respectively.

In the experimental results presented in Table 9, RadioBERT (Kaur, 
2022) demonstrated outstanding performance on the IU X-ray dataset 
(Demner-Fushman et al., 2016). In this experiment, the integration of 
DistilBERT not only provided context-aware word embeddings, enhanc-
ing the semantic coherence of the generated text, but was also utilized 
for sentiment analysis, enabling sentence reordering so that abnormal 
descriptions were prioritized. As a lightweight version of BERT, Dis-
tilBERT reduces model parameters and computational overhead while 
maintaining strong semantic understanding, thereby improving text 
generation efficiency. Additionally, the experiment employed HLSTM 
for text generation, which effectively captures the hierarchical struc-
ture of radiology reports, enhancing the logical consistency of the text. 
This suggests that foundation models can be combined with other gen-
eration models (such as HLSTM) to optimize computational efficiency 
while further improving the overall performance of ARRG models.

Furthermore, Table 9 also shows that the study conducted by Kale 
et al. (2023) achieved excellent results in NLG evaluation metrics on the 
IU X-ray dataset (Demner-Fushman et al., 2016). This may be attributed 
to the fact that NLG evaluation metrics primarily stem from their re-
liance on n-gram matching and word order similarity to assess the re-
semblance between the generated and reference texts. Since template-
based methods employ predefined sentence structures and fixed expres-
sions, the generated reports exhibit a high degree of similarity to refer-
ence reports in terms of vocabulary selection, phrase order, and syntac-
tic structure, thereby achieving higher scores in NLG evaluation metrics.

From Table 10, it can be observed that the study by Kale et al. (2023) 
on ARRG also attained the best performance in NLG evaluation met-
rics on the MIMIC-CXR dataset (Johnson et al., 2019a,b). This may be 
due to the use of predefined sentence structures and fixed expressions 
in template-based methods, ensuring that the generated reports closely 
match the reference reports in terms of word choice, phrase order, and 
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Table 8 
Comparison of ARRG evaluation methods: advantages and disadvantages.
 Method  Advantages  Disadvantages
 BLEU  Easy to implement  Fail to capture semantic consistency
 METEOR

Combines precision and recall; Considers synonyms
and stemming  Fail to capture deep semantics

 ROUGE
Suitable for long texts; multiple variants
(e.g., ROUGE-L) assess different aspects  Fail to reflect semantic consistency

 CIDEr  Uses TF-IDF weighting to emphasize important words  Fail to capture medical fact accuracy
 BERTScore  Captures semantic similarity  High computational cost; Relies on pre-trained models
Precision,
Recall, F1  Directly evaluates medical label accuracy  Requires high-quality annotated data
 MA  Evaluates accuracy of medical terms  Depends on MeSH term coverage
 KA  Evaluates keyword accuracy  Relies on keyword set quality; Fail to assess semantic depth
 MIRQI  Evaluates disease keywords and attributes  High computational complexity; Requires quality annotated data
 RadRQI

Evaluates abnormal findings and attributes; Uses
RadLex and RadGraph for comprehensive assessment  High computational complexity; Requires medical knowledge

RadGraph F1
& RadCliQ

Combines knowledge graphs; Integrates RadRQI for
comprehensive evaluation

High computational complexity; Requires quality annotations
and medical knowledge

Human
Evaluation

Most reliable; Assesses language quality, medical
factual accuracy, and clinical usability  High cost; Time-consuming; Difficult to scale; Subjective bias

Likert Scale
Scores

Quantifies expert opinions; provides subjective
evaluation

Depends on evaluator expertise; Potential variability between
evaluators

syntactic structure. On the other hand, compared to natural datasets, the 
MIMIC-CXR dataset (Johnson et al., 2019a,b) exhibits a certain degree 
of bias. Specifically, the dataset contains fewer abnormal cases than nor-
mal ones, and the complexity of the chest X-ray cases is relatively low. As 
mentioned earlier, template-based methods tend to perform well when 
handling normal images or common diseases. Under this data distribu-
tion, evaluating model performance using NLG metrics may lead to an 
unfair conclusion. As a result, template-based methods tend to excel in 
NLG evaluation metrics. However, it is important to note that although 
template-based methods achieve high scores in NLG evaluation, their 
adaptability in real-world clinical applications is relatively limited, par-
ticularly when handling complex or rare cases, where they may face 
challenges in expressive flexibility.

In terms of CE evaluation metrics, the experimental results in Ta-
ble 9 indicate that texts generated using LSTM or Transformer models 
often outperform traditional template-based and retrieval-based meth-
ods. This is likely because template-based methods are constrained by 
predefined sentence structures, making it difficult to accurately describe 
cases that fall outside the predefined templates. Also, retrieval-based 
methods depend on existing case repositories for matching, which may 
result in reports that do not fully correspond to the specific details of 
rare or complex cases. In contrast, LSTM and Transformer models of-
fer greater flexibility in adapting to different case scenarios, generating 
more personalized and clinically relevant reports, thereby achieving su-
perior performance in CE evaluation metrics.

7.  Ethical issues

Research on ARRG is attracting increasing attention from scholars 
and researchers. Its core objective is to alleviate the workload of radi-
ologists, improve the accuracy and efficiency of report generation, and 
ultimately provide better medical services for patients. However, the ap-
plication of ARRG also raises a series of ethical concerns, primarily in-
volving three aspects: patients, doctors, and regulatory authorities (Char 
et al., 2018; Kaissis et al., 2020). Beyond the general concerns discussed 
in medical AI governance, ARRG also introduces task-specific risks be-
cause it generates long-form clinical text. A report may appear fluent 
and plausible while still containing unsafe content, such as hallucinated 
findings, omission of key abnormalities, errors in handling negation, in-
correct references to prior examinations, or inconsistencies between the 
Findings and Impression sections. In addition, models may overproduce 
templated normal descriptions, thereby masking rare abnormalities or 
making clinically important findings appear less salient. These failure 
modes are particularly important because they are difficult to detect 

from language fluency alone and can directly affect downstream clini-
cal decision-making. From an ethical perspective, such failures are not 
merely technical imperfections; they bear directly on patient safety, in-
formed clinical judgment, responsibility attribution, and the trustwor-
thiness of AI-assisted reporting in real clinical workflows.

7.1.  Patients: privacy, security, and autonomy

From the patient’s perspective, the widespread application of ARRG 
mainly involves issues related to privacy and data security, algorithmic 
bias and fairness, transparency and explainability, as well as informed 
consent and patient autonomy.

7.1.1.  Privacy and data security
ARRG systems require vast amounts of medical imaging data for 

training, which often contain patients’ Protected Health Information 
(PHI), such as names, ages, contact details, addresses, and medical his-
tories. If such data is compromised due to hacking or poor management, 
it could trigger public concern and diminish trust in AI-assisted health-
care. Ensuring patient privacy and data security is, therefore, of utmost 
importance. To address this issue, federated learning can be employed 
to mitigate risks related to data privacy and security (Kaissis et al., 2020; 
Yang et al., 2019). Additionally, it is essential to ensure that data usage 
complies with relevant regulations, such as the EU’s General Data Pro-
tection Regulation (GDPR) (General Data Protection Regulation, 2016).

7.1.2.  Algorithmic bias and fairness
Some studies (Char et al., 2018; Obermeyer et al., 2019) suggest 

that AI systems may exhibit algorithmic bias, leading to inaccuracies in 
diagnosis for certain demographics (e.g., race, gender, or age groups), 
resulting in potential disparities in medical outcomes. For example, if a 
training dataset contains an insufficient number of samples from a spe-
cific group, the ARRG system may fail to diagnose diseases accurately 
in that population (Price & Cohen, 2019). To mitigate this issue, the 
following measures can be taken: Firstly, regular evaluation of models 
across different demographic groups to ensure that sensitivity and speci-
ficity are balanced. Secondly, adopting fairness-aware AI algorithms to 
reduce bias stemming from data imbalances (Char et al., 2018).

7.1.3.  Transparency and explainability
AI models are often regarded as “black boxes”, meaning that their 

decision-making processes lack explainability (Char et al., 2018; He 
et al., 2019; Jiang et al., 2017). This can decrease patient trust in ARRG-
generated reports, especially when AI conclusions contradict those of 
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Table 9 
Comparison of ARRG performance based on the IU X-ray dataset (Demner-Fushman et al., 2016). “T-B, R-B, A-M, M-F, K-I, R-L” denote “template-based 
models, retrieval-based models, attention mechanisms, multimodal fusion, knowledge integration, reinforcement learning”, respectively. Additionally, “BL-
1, BL-2, BL-3, BL-4, R-L, M, C, P, R, F-1” represent “BLEU-1, BLEU-2, BLEU-3, BLEU-4, ROUGE-L, METEOR, CIDEr, and precision, recall, and F1-score (based 
on CheXpert Irvin et al., 2019)”, respectively.

 Methods
Visual
extractor

Report
generation  BL-1  BL-2  BL-3  BL-4  R-L  M  C  P  R  F-1

 CNN-TRG (Pino et al., 2021)  DenseNet-121  T-B  0.273 (average of BLEU 1–4)  0.352  -  0.249  0.225  0.357  0.239
 (Kale et al., 2023)  -  T-B  0.775  0.699  0.658  0.627  0.817  0.782  0.853  -  -  -
 (Syeda-Mahmood et al., 2020)

VGG &
ResNet-50  R-B  0.56  0.51  0.5  0.49  0.58  0.55  -  -  -  -

 RTEX (Kougia et al., 2021)  DenseNet-121  R-B  0.55  0.202  -  -  0.193  0.222  -
 (Akbar et al., 2023)  DenseNet-121  GRU  0.558  0.463  0.311  0.097  0.448  -  -  -  -  -
 (Nguyen et al., 2021)  DenseNet-121  Transformer  0.515  0.378  0.293  0.235  0.436  0.219  -  -  -  -
 (Sirshar et al., 2022)  VGG

LSTM
+ A-M  0.580  0.342  0.263  0.155  -  -  -  -  -  -

RadioBERT
(Kaur, 2022)  VGG-19

HLSTM +
Distill BERT  0.772  0.770  0.768  0.767  0.897  -  0.556  -  -  -

 R2GenGPT (Wang et al., 2023c)
Swin
Transformer  Llama2-7B  0.488  0.316  0.228  0.173  0.377  0.211  0.438  -  -  -

 (Jing et al., 2017)  VGG-19
HLSTM
+ A-M  0.517  0.386  0.306  0.247  0.447  0.217  0.327  -  -  -

 (Yuan et al., 2019)  ResNet-152
HLSTM
+ A-M  0.529  0.372  0.315  0.255  0.453  0.343  -  -  -  -

 LIFMRG (Sun et al., 2024)  ViT
HLSTM
+ A-M  0.521  0.384  0.292  0.227  0.435  0.244  -  -  -  -

 ASGMD (Xue et al., 2024)  ResNet-101
Transformer
+ A-M  0.489  0.326  0.232  0.173  0.397  0.206  -  -  -  -

 DACG (Lang et al., 2025)  ResNet-101
Transformer
+ A-M  0.518  0.355  0.260  0.198  0.414  0.216  0.415  -  -  -

CheXPrune
(Kaur, 2023)  VGG-19

HLSTM
+ A-M  0.543  0.445  0.374  0.320  0.598  -  0.322  -  -  -

 (Wang et al., 2024d)  ResNet-101
Transformer
+ M-B  0.497  0.357  0.279  0.225  0.408  0.217  -  -  -  -

 IFNet (Guo et al., 2024)  ResNet-152
Transformer
+ M-B  0.507  0.346  0.249  0.190  0.403  0.224  -  -  -  -

 (Luan et al., 2023)
Transformer
+ M-B  0.540  0.424  0.362  0.322  0.479  0.246  -  -  -  -

 (Cheddi et al., 2024)
ResNet-50
+ ViT

BART
+ M-B  0.482  0.312  0.251  -  0.381  0.198  -  -  -  -

MambaXray-VL-Large
(Wang et al., 2024c)  Mamba

Llama2
+ M-B  0.491  0.330  0.241  0.185  0.371  0.216  0.524  -  -  -

 MATNet (Shang et al., 2022)  DenseNet-121
Transformer
+ A-M + M-B  0.518  0.387  0.308  0.254  0.446  0.222  -  -  -  -

 DEKG (Wang et al., 2023a)  ResNet-101
Transformer
+ K-D  0.494  0.322  0.231  0.173  0.380  0.203  -  -  -  -

 KiUT (Huang et al., 2023)  ResNet-101
Transformer
+ K-D  0.525  0.360  0.251  0.185  0.409  0.242  -  -  -  -

 MKMIA (Zhao et al., 2023b)  ResNet-101
Transformer
+ K-D  0.513  0.340  0.245  0.188  0.399  0.216  -  -  -  -

 (Zhang et al., 2022)  DenseNet-121
Transformer
+ K-D  0.505  0.379  0.303  0.251  0.446  0.218  -  -  -  -

 DCL (Li et al., 2023a)  ViT
Transformer
+ K-D  -  -  -  0.163  0.383  0.193  0.586  -  -  -

 KARGEN (Li et al., 2024b)
Swin
Transformer  LLaMA2-7B  0.490  0.323  0.232  0.180  0.385  0.218  0.491  -  -  -

 IVGN (Zheng et al., 2024)  ResNet-101
LSTM +
A-M + K-D  0.523  0.357  0.258  0.191  0.405  0.226  -  -  -  -

 CMM + RL (Qin & Song, 2022)  ResNet-101
Transformer
+ R-L  0.494  0.321  0.235  0.181  0.384  0.201  -  -  -  -

 HReMRG-MR (Xu et al., 2023)  ResNet-101
LSTM +
A-M + R-L  0.440  0.306  0.214  0.149  0.381  0.197  0.524  -  -  -

CADxReport
(Kaur, 2022)  VGG-19

HLSTM +
A-M + R-L  0.577  0.478  0.403  0.346  0.618  -  0.380  -  -  -

 CLARA (Biswal et al., 2020)  DenseNet  Hybrid Model  0.512  0.402  0.281  0.254  -  -  0.425  -  -  -
 MedWriter (Yang et al., 2021c)  DenseNet-121  Hybrid Model  0.471  0.336  0.238  0.166  0.382  -  0.345  -  -  -
 MedNet (Nie & Liu, 2023)  CNN  Hybrid Model  0.491  0.349  0.255  0.198  0.426  -  0.383  -  -  -
 RepsNet (Tanwani et al., 2022)  ResNeXt  Hybrid Model  0.58  0.44  0.32  0.27  -  -  -  -  -  -
 TranSQ (Gao et al., 2024)  ViT  Hybrid Model  0.516  0.365  0.272  0.205  0.409  0.210  -  -  -  -

human radiologists, leaving patients uncertain about which assessment 
to believe. Possible optimizations include: Firstly, utilize visual explana-
tion techniques. Methods like Grad-CAM (Gradient-weighted Class Acti-
vation Mapping) (Selvaraju et al., 2017) and MDNet (Medical Diagnosis 
Network) (Zhang et al., 2017) can provide insights into which areas the 
AI model focuses on during imaging analysis. However, because ARRG 
is a text-generation task rather than only a classification task, expla-
nation should also cover how textual statements are produced. Cross-
modal attention maps, evidence-linked sentence generation, and coun-
terfactual analysis of generated findings can provide more task-relevant 
interpretability than heat maps alone. Secondly, develop multimodal 

ARRG models. Combining medical imaging, patient history, and labo-
ratory test data may improve not only predictive performance but also 
the traceability of why particular report statements were generated.

7.1.4.  Informed consent and patient autonomy
One of the four fundamental principles of medical ethics is pa-

tient autonomy. Physicians have an obligation to inform patients about 
whether their medical imaging data will be analysed by AI and ensure 
that patients have the right to decide whether they accept AI-assisted 
diagnosis (Gerke et al., 2020). Notably, ARRG is designed not to replace 
radiologists but to serve as an auxiliary tool. Human-centered care still 
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Table 10 
Comparison of ARRG performance based on the MIMIC-CXR dataset (Johnson et al., 2019a,b). “T-B, R-B, A-M, M-F, K-I, R-L” denote “template-based 
models, retrieval-based models, attention mechanisms, multimodal fusion, knowledge integration, reinforcement learning”, respectively. Additionally, 
“BL-1, BL-2, BL-3, BL-4, R-L, M, C, P, R, F-1” represent “BLEU-1, BLEU-2, BLEU-3, BLEU-4, ROUGE-L, METEOR, CIDEr, and precision, recall, and F1-score 
(based on CheXpert Irvin et al., 2019)”, respectively.

 Methods
Visual
extractor

Report
generation  BL-1  BL-2  BL-3  BL-4  R-L  M  C  P  R  F-1

CNN-TRG
(Pino et al., 2021)  DenseNet-121  T-B  0.094 (average of BLEU 1–4)  0.185  -  0.238  0.381  0.531  0.428
 (Kale et al., 2023)  -  T-B  0.833  0.807  0.749  0.785  0.833  0.861  0.861  -  -  -
RTEX
(Kougia et al., 2021)  DenseNet-121  R-B  0.59  0.205  -  -  0.229  0.284  -
 (Nguyen et al., 2021)  DenseNet-121  Transformer  0.495  0.360  0.278  0.224  0.390  0.222  -  -  -  -
 (Serra et al., 2023a)  Faster R-CNN  Transformer  0.486  0.366  0.295  0.246  0.423  0.216  -  0.553  0.597  0.516
RECAP
(Hou et al., 2023a)  ViT  Transformer  0.415  0.257  0.171  0.119  0.285  0.164  -  0.381  0.443  0.391
HERGen
(Wang et al., 2024a)  CvT  DistilGPT2  0.395  0.248  0.169  0.122  0.285  0.156  -  0.415  0.301  0.317
 (Li et al., 2024a)  Faster R-CNN  GPT-4  0.395  0.260  0.178  0.131  0.261  0.161  -  0.469  0.470  0.441
R2GenGPT
(Wang et al., 2023c)

Swin
Transformer  Llama2-7B  0.411  0.267  0.186  0.134  0.297  0.160  0.269  0.392  0.387  0.389

 (Sun et al., 2024)  ViT
HLSTM
+ A-M  0.428  0.274  0.211  0.155  0.327  0.201  -  0.662  0.440  0.528

ASGMD
(Xue et al., 2024)  ResNet-101

Transformer
+ A-M  0.372  0.233  0.154  0.112  0.286  0.152  -  -  -  -

DACG
(Lang et al., 2025)  ResNet-101

Transformer
+ A-M  0.398  0.249  0.167  0.117  0.290  0.162  -  0.422  0.405  0.389

 (Mei et al., 2024)  DenseNet-121
Transformer
+ M-B  0.436  0.275  0.184  0.129  0.305  0.177  -  -  -  -

MambaXray
-VL-Large
(Wang et al., 2024c)  Mamba

Llama2
+ M-B  0.422  0.268  0.184  0.133  0.289  0.167  0.241  -  -  -

NADM
(Zhao et al., 2023a)  ResNet-50

Transformer
+ A-M + M-B  0.402  0.258  0.179  0.130  0.289  0.155  -  0.417  0.413  0.415

MATNet
(Shang et al., 2022)  DenseNet-121

Transformer
+ A-M + M-B  0.506  0.370  0.288  0.233  0.395  0.221  -  0.454  0.391  0.405

DEKG
(Wang et al., 2023a)  ResNet-101

Transformer
+ K-D  0.394  0.257  0.175  0.124  0.299  0.151  -  0.412  0.292  0.306

KiUT
(Huang et al., 2023)  ResNet-101

Transformer
+ K-D  0.393  0.243  0.159  0.113  0.285  0.160  -  0.371  0.318  0.321

MKMIA
(Zhao et al., 2023b)  ResNet-101

Transformer
+ K-D  0.399  0.242  0.158  0.109  0.275  0.152  -  0.482  0.505  0.493

 (Zhang et al., 2022)  DenseNet-121
Transformer
+ K-D  0.491  0.358  0.278  0.225  0.389  0.215  -  -  -  -

 DCL (Li et al., 2023a)  ViT
Transformer
+ K-D  -  -  -  0.109  0.284  0.150  0.281  -  -  -

KARGEN
(Li et al., 2024b)  Swin Transformer  LLaMA2-7B  0.417  0.274  0.192  0.140  0.305  0.165  0.289  -  -  -
IVGN
(Zheng et al., 2024)  ResNet-101

LSTM +
A-M + K-D  0.377  0.236  0.158  0.112  0.280  0.144  -  0.415  0.422  0.398

CMM + RL
(Qin & Song, 2022)  ResNet-101

Transformer
+ R-L  0.381  0.232  0.155  0.109  0.287  0.151  -  0.342  0.294  0.292

HReMRG-MR
(Xu et al., 2023)  ResNet-101

LSTM +
A-M + R-L  0.481  0.343  0.256  0.192  0.380  0.207  0.372  -  -  -

MedNet
(Nie & Liu, 2023)  CNN  Hybrid Model  0.502  0.349  0.275  0.213  0.365  -  0.423  -  -  -
MedWriter
(Yang et al., 2021c)  DenseNet-121  Hybrid Model  0.438  0.297  0.216  0.164  0.332  -  0.306  -  -  -
 TranSQ (Gao et al., 2024)  ViT  Hybrid Model  0.423  0.261  0.171  0.116  0.286  0.168  -  0.482  0.563  0.519

relies on doctor-patient interaction to provide personalized treatment 
plans.

7.2.  Doctors: responsibility and professional competency

From the perspective of doctors, the application of ARRG technol-
ogy raises concerns about responsibility attribution and over-reliance 
leading to skill degradation.

7.2.1.  Responsibility attribution and doctor-patient relationship
Although ARRG improves efficiency in radiology report generation, 

responsibility attribution remains a critical issue when errors or omis-
sions occur (He et al., 2019). From a legal standpoint, radiologists must 
ultimately be responsible for the accuracy of reports, and ARRG cannot 
serve as the sole basis for medical decisions. Specifically, the follow-
ing measures should be considered: Firstly, implementing human-in-the-
loop (HITL) collaboration, where radiologists must review and sign off 
on AI-generated reports to ensure diagnostic accuracy. Secondly, estab-

lishing clear legal liability frameworks that define the responsibilities of 
doctors, hospitals, and ARRG system developers.

7.2.2.  Over-reliance and skill degradation
Excessive reliance on ARRG systems may lead to the decline of ra-

diologists’ professional skills, negatively affecting long-term healthcare 
quality. As previously mentioned, a collaborative human-in-the-loop ap-
proach should be adopted to maximize strengths and minimize weak-
nesses. For instance: ARRG may be more sensitive than doctors in de-
tecting small nodules, but AI can sometimes misidentify cross-sections 
of blood vessels as nodules, making radiologists’ second confirmation 
essential. To address this issue, here are some recommendations. On 
the one hand, continuous training programs should be implemented to 
help radiologists understand the limitations of ARRG while maintain-
ing their diagnostic proficiency. On the other hand, clinical experience 
must remain central in medical decision-making, with ARRG serving as 
an assistive tool rather than a substitute (Davenport & Kalakota, 2019; 
Topol, 2019).
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7.3.  Regulatory authorities: laws, standards, and ethical oversight

Different countries enforce varying medical regulations (Price & Co-
hen, 2019). For example, the EU’s GDPR (General Data Protection Reg-
ulation, 2016) emphasizes data protection and patient privacy. ARRG 
systems must undergo rigorous clinical validation and comply with es-
tablished international standards. Additionally, continuous monitoring 
and evaluation are essential to maintaining ARRG system reliability and 
ethical integrity.

ARRG technology holds great potential for enhancing radiologists’ 
efficiency and improving medical services, but it also presents chal-
lenges concerning privacy protection, responsibility attribution, algo-
rithmic fairness, and legal oversight. Moving forward, ARRG develop-
ment should be guided by ethical and regulatory principles to ensure 
transparency and reliability while balancing the interests of patients, 
doctors, and regulatory authorities, ultimately realizing safe, fair, and 
efficient AI applications in healthcare (European Union, 2025; Gen-
eral Data Protection Regulation, 2016).

8.  Limitations & future direction

Despite the increasing attention on ARRG and the progress achieved 
in this field, several limitations remain.

8.1.  Radiology report formatting

A review of the literature reveals that very few studies focus on gen-
erating structured radiology reports, with most research emphasizing 
diagnostic text generation. The primary reason for this is the absence 
of a globally standardized radiology report format. Currently, radiology 
reports are predominantly categorized into free-text reports and struc-
tured reports. Given the lack of a unified reporting format within the 
radiology community, the datasets used to train ARRG models also lack 
consistency. Consequently, the generated reports from these models nat-
urally follow no standardized format.

The absence of a globally unified radiology report format stems from 
the inherent advantages and limitations of both free-text and structured 
reporting systems. For instance, structured reports often lack the neces-
sary flexibility to accurately characterize complex cases with nuanced 
lesion features. Conversely, structured reporting demonstrates superior 
performance in standardized scenarios such as tumor staging.

This dichotomy underscores the critical importance of developing 
ARRG systems that synergistically integrate the strengths of both free-
text and structured formats - an approach that would significantly en-
hance clinical utility and workflow efficiency.

8.2.  Medical experimental data

As highlighted in most ARRG-related review papers, current ARRG 
research primarily relies on 2D chest X-ray datasets. While some studies 
have begun incorporating 3D chest CT data, 3D lumbar spine MRI data, 
and 2D CT slices of other anatomical regions (e.g., brain scans), there is 
still a significant lack of data diversity.

Another major issue is the limited data scale, data scarcity, and acces-
sibility challenges, which are discussed in detail in Section 4 and other 
review articles. Here, we introduce an additional concern: the absence 
of bone window imaging in datasets. Whether in 3D CT datasets (e.g., 
CT-RATE Dataset Hamamci et al., 2024a) or 2D CT slice datasets (e.g., 
CTRG-Brain-263K Dataset Tang et al., 2024), only soft tissue windows 
are provided, while bone window data is missing. Take a case from the 
CTRG-Brain-263K dataset (Tang et al., 2024) as an example (Fig. 8). The 
report states: “The bone window shows a linear low-density shadow in 
the left holoskeleton and skull base". However, the corresponding CT im-
ages provided only include soft tissue windows, with no bone window 
available. Since soft tissue windows alone do not clearly reveal bony 

structures, it is not possible to directly identify the “left temporal bone 
and skull base fracture".

For trauma patients, particularly those with cranial injuries, the ab-
sence of bone window imaging makes it difficult to determine the pres-
ence of skull fractures-an essential piece of clinical information. Due to 
this limitation, ARRG models trained on such datasets may fail to detect 
skull fractures or rib metastases, which are critical findings in radiology.

8.3.  Methods

Currently, research on ARRG encompasses a wide range of methods, 
reflecting the fact that no single approach has yet emerged as a perfect 
solution. For example, in the study conducted by Kale et al., a template-
based approach was adopted, and the experimental results demonstrated 
outstanding performance in NLG evaluation metrics (Kale et al., 2023). 
However, this does not imply that template-based methods are the op-
timal solution. This may be attributed to the fact that NLG evaluation 
metrics primarily stem from their reliance on n-gram matching and word 
order similarity to assess the resemblance between the generated and 
reference texts. Since template-based methods employ predefined sen-
tence structures and fixed expressions, the generated reports exhibit a 
high degree of similarity to reference reports in terms of vocabulary se-
lection, phrase order, and syntactic structure, thereby achieving higher 
scores in surface-level NLG metrics such as BLEU and ROUGE. Never-
theless, template-based methods lack flexibility and struggle to handle 
complex or rare cases.

In contrast, foundation models have demonstrated outstanding per-
formance in image captioning tasks but have not performed as well as 
expected in ARRG tasks. This discrepancy may be primarily attributed 
to several factors. First, the size and quality of medical datasets are 
crucial factors affecting model performance. Compared to image cap-
tioning tasks, which typically rely on large-scale, high-quality anno-
tated datasets, ARRG datasets are significantly smaller. This disparity 
in dataset scale may limit the generalization ability of foundation mod-
els. Second, there is a fundamental difference in task objectives. While 
image captioning focuses on describing visual content, ARRG must en-
sure the medical accuracy of the generated reports. That is, the text must 
not only be fluent but also adhere to clinical diagnostic standards. This 
task involves not only natural language generation but also requires the 
model to integrate medical knowledge for reasoning, ensuring the sci-
entific validity and clinical applicability of the generated content. More-
over, there are notable differences between medical images and natural 
images. In medical imaging, lesions are typically much smaller than nor-
mal anatomical structures. This inherent data imbalance may impact 
model performance in ARRG tasks, making it challenging for models 
to accurately identify and describe abnormalities. Additionally, in real-
world clinical scenarios, most medical images represent normal cases, 
while abnormal cases are relatively rare. This imbalance in class dis-
tribution further exacerbates the performance gap between ARRG and 
image captioning tasks, making it more difficult for models to generate 
high-quality textual descriptions in ARRG compared to image caption-
ing. These factors collectively contribute to the inferior performance of 
foundation models in ARRG compared to their success in image caption-
ing tasks.

Given that no single approach has proven to be universally opti-
mal, future research should explore hybrid methods, which integrate 
the strengths of different approaches to enhance report accuracy and 
interpretability, such as combining template-based methods with foun-
dation models. By employing Transformers or other foundation models, 
the sentence structures of templates can be dynamically adjusted to in-
crease flexibility rather than being entirely fixed. Furthermore, consid-
ering the success of foundation models in image captioning, techniques 
such as fine-tuning, transfer learning, and pre-training can be explored 
to optimize ARRG. In addition, a fundamental distinction between ARRG 
and image captioning lies in the fact that ARRG is not merely about gen-
erating fluent text but also ensuring clinical accuracy, that is, whether 
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the generated content meets diagnostic standards. Therefore, future re-
search should further explore knowledge integration methods to en-
hance the medical reliability of the reports, as well as multimodal meth-
ods that incorporate imaging features, patient history, and laboratory 
data to enable models to generate reports that are more aligned with 
real-world clinical environments.

8.4.  Evaluation methods

The ultimate goal of ARRG research is to reduce the workload of 
radiologists by providing accurate and timely reports. In theory, human 
(expert) evaluation serves as the gold standard. However, a literature 
review reveals that human evaluations often lack objective metrics and 
instead rely on subjective assessments.

This raises a key issue: evaluation standards are highly dependent 
on the experience of the radiologists involved in the assessment pro-
cess. Moreover, human evaluation is time-consuming, which ironically 
increases the workload for radiologists. Therefore, developing new eval-
uation methods is an urgent priority in ARRG research.

Another promising future direction is the development of LLM-
assisted evaluation frameworks for automated radiology report genera-
tion. Recent studies in natural language generation suggest that strong 
large language models, when used with carefully designed prompts, 
scoring rubrics, or structured evaluation procedures, can achieve bet-
ter alignment with human judgments than conventional surface-overlap 
metrics such as BLEU or ROUGE (Chiang & Lee, 2023; Kim et al., 
2024a,b; Liu et al., 2023b). Related work further shows that rubric-
guided, chain-of-thought-based, and evaluator-oriented language mod-
els may enable richer and more flexible assessments of generation qual-
ity than traditional automatic metrics alone, especially for dimensions 
such as coherence, consistency, and overall response quality (Kim et al., 
2024a,b; Liu et al., 2023b). In addition, recent work on evaluator-
oriented language models suggests a move toward more transparent, 
reproducible, and customizable evaluation systems beyond proprietary 
black-box models (Kim et al., 2024a,b).

For ARRG, this emerging direction is potentially relevant because 
clinically meaningful evaluation often requires assessment beyond lex-
ical similarity alone. In particular, report evaluation may need to con-
sider whether generated outputs preserve clinically important findings, 
maintain internal consistency across report sections, and avoid criti-
cal factual errors. However, LLM-based evaluation should still be inter-
preted cautiously. Existing studies have highlighted limitations such as 
prompt sensitivity, evaluator bias, and reproducibility concerns in LLM-
based evaluation (Chiang & Lee, 2023; Kim et al., 2024a,b; Liu et al., 
2023b). These limitations suggest that, in specialized domains such as 
radiology, general-purpose LLM evaluators may not always reliably cap-
ture task-specific clinical requirements. Therefore, in the near term, 
LLM-assisted evaluation is better viewed as a complementary compo-
nent of hybrid evaluation frameworks, to be combined with structured 
factual metrics, report-specific clinical checklists, and targeted expert 
validation, rather than as a replacement for clinically grounded human 
assessment.

8.5.  Ethical considerations

While ARRG technology holds great potential for enhancing radiolo-
gists’ efficiency and optimizing healthcare services, it also introduces 
challenges related to privacy protection, accountability, algorithmic 
fairness, and legal regulations. In addition, future work should explicitly 
target ARRG-specific safety problems, including hallucination detection, 
faithful preservation of negation, omission of key abnormalities, align-
ment between Findings and Impression, correct handling of references to 
prior examinations, and safeguards against reports in which templated 
normal descriptions obscure rare or clinically important abnormalities.

Moving forward, the development of ARRG must be guided by eth-
ical principles and regulatory frameworks to ensure transparency and 

reliability. Achieving a balance between patients, physicians, and reg-
ulatory bodies will be essential to realizing safe, fair, and efficient AI 
applications in healthcare.

9.  Conclusion

This review examines the development of ARRG research from five 
key perspectives: report format, data, methodology, evaluation meth-
ods, and ethics. First, we show that not all cited ARRG datasets play the 
same role: some directly support image-to-report generation, whereas 
others mainly contribute auxiliary supervision, grounding, or evalua-
tion signals. This distinction is important for interpreting both model 
design and reported benchmark performance. For example, in CT imag-
ing, an ideal dataset should include both soft-tissue window and bone 
window images, yet most publicly available datasets currently only pro-
vide soft-tissue window data. Second, we examine ARRG methodolo-
gies through the complementary lenses of methodological paradigms 
and enhancement mechanisms. In this way, traditional template-based 
and retrieval-based approaches, encoder-decoder families, foundation 
models, and hybrid systems can be discussed alongside attention, multi-
modal fusion, knowledge integration, and reinforcement learning with-
out conflating architectural levels. Third, we examine the clinical impli-
cations of report format. Free-text reports offer flexibility for complex 
or atypical cases, whereas structured reports improve standardization, 
completeness, and downstream data use. This supports the view that 
future ARRG systems may benefit from hybrid reporting targets that 
combine structured anchors with flexible natural-language description. 
Finally, we extend the ethical discussion by emphasizing ARRG-specific 
generative risks, including hallucination, omission of key abnormalities, 
negation errors, inconsistency between different report sections, incor-
rect references to prior examinations, and the risk that templated normal 
descriptions may obscure rare but clinically important abnormalities, in 
addition to broader concerns such as privacy, bias, and legal responsi-
bility.

Given the rapid development of ARRG research, new datasets, mod-
els, and evaluation strategies may continue to emerge beyond the re-
view window covered in this article (Wu et al., 2026). Looking ahead, 
progress in ARRG is likely to depend on a linked sequence of advances 
rather than isolated improvements. Better public and clinically richer 
datasets can support more realistic multimodal and knowledge integra-
tion modeling; stronger evaluation frameworks can then provide more 
reliable feedback on factual correctness, report structure, and clinical 
usefulness; and these foundations together are necessary for safer real-
world deployment. In this context, future research should place particu-
lar emphasis on clinically grounded evaluation standards, including hy-
brid frameworks that combine structured factual metrics, report-specific 
clinical criteria, expert assessment, and cautiously used LLM-assisted 
evaluation. At the same time, continued attention to ethical, regulatory, 
and deployment-related challenges will remain essential for translating 
ARRG systems into trustworthy clinical practice.
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