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Abstract

The increasing workload of radiologists, coupled with the growing volume of
medical imaging data, has necessitated the development of automated solutions
for radiology report generation. Deep learning has emerged as a promising
approach for generating structured and accurate radiology reports by leverag-
ing medical imaging data and natural language processing (NLP) techniques.
This systematic review provides a comprehensive analysis of deep learning-
based research on radiology report generation, covering key datasets, model
architectures, evaluation metrics, challenges, and future directions. A criti-
cal component of this review is the discussion of publicly available datasets,
such as MIMIC-CXR, IU-XRay, and CheXpert, which have been widely used
to train and evaluate deep learning models. These datasets provide valuable
radiology image-text pairs, enabling researchers to develop Al-driven reporting
systems. However, challenges such as data scarcity, domain-specific variabil-
ity, and privacy concerns limit the generalizability of existing models. From a
methodological perspective, recent advances in deep learning have significantly
enhanced the performance of radiology report generation models. Convolu-
tional Neural Networks (CNNs) and Vision Transformers (ViTs) serve as back-
bone architectures for medical image feature extraction, while natural language
generation is handled by advanced transformer-based language models such as

BERT, GPT, and T5. Additionally, multimodal approaches, which integrate
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visual and textual representations, have been increasingly adopted to improve
the coherence and clinical accuracy of generated reports. Self-supervised and
few-shot learning techniques have also emerged as potential solutions to the
problem of data scarcity, enabling models to learn meaningful representations
from limited labeled data. Evaluation of radiology report generation remains a
complex and challenging task. Standard NLP metrics such as BLEU, ROUGE,
METEOR, and CIDEr are commonly used to assess the linguistic quality of gen-
erated reports. However, these metrics fail to capture the clinical correctness of
findings, leading to the introduction of alternative evaluation techniques such
as RadGraph-based clinical metrics and expert radiologist assessments. The
need for clinically relevant evaluation frameworks is crucial to ensuring that
Al-generated reports align with radiological best practices and do not introduce
critical diagnostic errors. Despite substantial progress, several challenges hinder
the widespread adoption of deep learning-based radiology report generation in
clinical practice. The problem of hallucinated findings—where AI models gen-
erate clinically incorrect information—poses significant risks. Additionally, the
black-box nature of deep learning models raises concerns regarding interpretabil-
ity and trustworthiness, limiting their acceptance among medical professionals.
Ethical and regulatory challenges, such as accountability, bias mitigation, and
compliance with data privacy laws (e.g., HIPAA, GDPR), further complicate the
deployment of automated radiology reporting systems. To address these chal-
lenges, future research must focus on enhancing model robustness, improving
interpretability, and ensuring clinical validation through real-world trials. Po-
tential directions include the integration of domain-specific knowledge through
medical ontologies, development of human-in-the-loop Al systems where radiol-
ogists collaborate with Al-generated report drafts, and the adoption of explain-
able Al (XAI) techniques to enhance transparency. Furthermore, expanding
dataset diversity and establishing standardized reporting frameworks will be
critical for developing Al systems that generalize across different institutions
and patient demographics. In conclusion, deep learning-based radiology report

generation presents a transformative opportunity to enhance diagnostic work-



flows, reduce reporting workload, and improve patient care. However, the suc-
cessful deployment of Al-driven systems in clinical settings requires addressing
significant technical, ethical, and regulatory challenges. By advancing model
interpretability, incorporating multimodal learning, and fostering collaboration
between Al researchers and radiologists, the field can move toward the develop-
ment of reliable and clinically meaningful radiology report generation systems.
This systematic review aims to provide a foundation for future research and
facilitate the safe and effective integration of Al-driven solutions in radiology.

Keywords: Deep Learning, Radiology Report Generation, Natural Lan-
guage Processing, Medical Image Analysis, Transformer Models, Convolutional
Neural Networks, Multimodal Learning, Self-Supervised Learning, Vision-Language
Models, Clinical Evaluation, Explainable AI, Medical Text Generation, Radiol-
ogy Al, Automated Diagnosis, Medical Imaging.

1. Introduction

1.1. Background and Motivation

The advancement of artificial intelligence (AI) and deep learning (DL) has
significantly transformed numerous domains, particularly in healthcare [1]. Among
the various applications of deep learning in medicine, radiology has emerged as
a pivotal field where automated techniques have demonstrated substantial po-
tential in improving diagnostic accuracy, reducing workload, and enhancing ef-
ficiency. Medical imaging plays a crucial role in modern clinical practice, aiding
in the early detection, diagnosis, and treatment planning of various diseases.
Radiologists analyze complex medical images, such as X-rays, computed to-
mography (CT) scans, magnetic resonance imaging (MRI), and ultrasound, to
generate detailed reports that describe findings and provide diagnostic insights
[2]. However, the increasing demand for medical imaging and the shortage of
radiologists have created a bottleneck, leading to delays in report generation
and potential diagnostic errors. With the advent of deep learning, researchers

have increasingly explored automated methods for radiology report generation.



The task of generating radiology reports involves not only image analysis but
also natural language processing (NLP) to produce structured and clinically
meaningful textual descriptions [3]. Deep learning-based approaches leverage
convolutional neural networks (CNNs) for feature extraction from images and
recurrent neural networks (RNNs) or transformer-based architectures for gener-
ating textual descriptions. These models aim to bridge the gap between image
analysis and language generation, thereby mimicking the cognitive process of
radiologists. The integration of deep learning techniques into radiology report
generation holds promise for reducing reporting time, ensuring consistency, and

improving patient outcomes [4].

1.2. Challenges in Radiology Report Generation

Despite the potential of deep learning in automating radiology report gener-
ation, numerous challenges remain [5]. Firstly, medical imaging data is highly
complex, requiring advanced models capable of capturing fine-grained details [6].
Unlike traditional image captioning tasks, where simple descriptions suffice, ra-
diology reports necessitate precise, domain-specific language with standardized
terminology. Additionally, medical images often contain overlapping patholo-
gies, variations in anatomical structures, and noise, making automated inter-
pretation challenging [7]. Another critical challenge is the availability of high-
quality annotated datasets. Deep learning models rely on large-scale datasets
with paired image-text annotations for training [8]. However, the creation of
such datasets requires extensive expertise and manual effort from radiologists,
making it expensive and time-consuming. Furthermore, inconsistencies in ra-
diology report writing styles and variations in descriptions across institutions
introduce additional difficulties in model training and generalization. Inter-
pretability and explainability also pose challenges in deep learning-based ra-
diology report generation [9]. While deep learning models achieve remarkable
performance in image-to-text translation, they often operate as black-box sys-
tems, making it difficult to understand the reasoning behind generated reports.

This lack of transparency raises concerns in clinical applications, where trust



and accountability are paramount [10]. Ensuring that automated systems pro-
duce accurate and clinically relevant reports while maintaining interpretability

remains an active area of research.

1.8. Ezisting Approaches and Their Limitations

Several approaches have been proposed to address the problem of radiology
report generation using deep learning. Early methods relied on CNN-RNN
architectures, where CNNs were used to extract visual features, and RNNs
(such as long short-term memory (LSTM) or gated recurrent units (GRU))
were employed for text generation. These methods demonstrated initial success
but suffered from issues such as limited contextual understanding, repetitive
phrases, and lack of coherence in long reports [11]. More recent studies have
explored transformer-based architectures, such as the Vision Transformer (ViT)
and Bidirectional Encoder Representations from Transformers (BERT), which
have shown significant improvements in image-text tasks. Vision-language pre-
training methods, such as CLIP and ALIGN, have further enhanced the ability
of models to understand medical images and generate more accurate reports.
Additionally, reinforcement learning and attention mechanisms have been incor-
porated to improve report relevance and correctness. However, despite these ad-
vancements, existing approaches still face limitations [12]. Many models struggle
with generating accurate differential diagnoses, handling uncertainty, and incor-
porating clinical context effectively [13]. Furthermore, biases in training data,
such as an overrepresentation of certain pathologies, can lead to imbalanced
predictions and unreliable reports. Addressing these limitations requires novel
techniques, including multimodal fusion, external knowledge integration, and

enhanced model interpretability.

1.4. Objectives of This Systematic Review

Given the rapid evolution of deep learning techniques for radiology report
generation, there is a pressing need to systematically review the literature and
assess the progress made in this field. The primary objectives of this systematic

review are:



e To provide a comprehensive overview of deep learning-based methods for
radiology report generation, including CNN-RNN architectures, trans-

former models, and multimodal approaches.

e To analyze the datasets used for training and evaluating these models,

highlighting their strengths and limitations [14].

e To discuss the challenges and open problems in automated radiology re-
port generation, including data scarcity, model interpretability, and clini-

cal applicability [15].

e To evaluate the performance metrics commonly used in this domain and

assess how well existing models align with clinical needs.

e To explore future research directions and potential improvements in deep

learning approaches for automated report generation [16].

By systematically reviewing the literature, we aim to provide insights into
the state-of-the-art methodologies, identify key research gaps, and offer rec-
ommendations for future developments in deep learning-based radiology report

generation.

1.5. Structure of the Review

This review is structured as follows: Section 2 describes the methodology
used for selecting and analyzing relevant studies [17]. Section 3 provides an in-
depth discussion of various deep learning architectures employed for radiology
report generation. Section 4 reviews the publicly available datasets and their
characteristics. Section 5 examines the evaluation metrics and benchmarks used
in the field. Section 6 discusses the challenges and limitations of existing ap-
proaches and highlights potential research directions and concludes the review.
By synthesizing the latest advancements in deep learning-based radiology re-
port generation, this systematic review aims to serve as a valuable resource for
researchers, practitioners, and healthcare professionals interested in the inter-

section of Al and medical imaging [18].



2. Methodology

Conducting a systematic review requires a structured and rigorous method-
ology to ensure that the findings are comprehensive, reproducible, and unbiased.
This section outlines the approach used to identify, select, and analyze relevant
literature on deep learning-based radiology report generation. The methodol-
ogy follows the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines to ensure transparency and reliability in the

review process [19].

2.1. Search Strategy

A comprehensive literature search was conducted across multiple digital

databases, including:

e PubMed: A primary database for biomedical and clinical research [20].

e IEEE Xplore: A repository of research in artificial intelligence, machine

learning, and medical imaging.

e ACM Digital Library: A source for computer science and deep learning

research [21].
e Scopus: A broad citation database covering multidisciplinary research.

e Google Scholar: A supplementary source to capture additional relevant

studies.

The search was performed using a combination of keywords and Medical Sub-
ject Headings (MeSH) terms. The primary search query included the following

terms:

("deep learning” OR "machine learning” OR "artificial intelligence”)
AND ("radiology" OR "medical imaging") AND ("report genera-
tion” OR "automatic report synthesis" OR "image captioning” OR

"clinical text generation”).



Additional filters were applied to limit the search to peer-reviewed journal
articles, conference papers, and preprints published from 2015 onwards to cap-
ture recent advancements in deep learning techniques. Furthermore, references
from key papers were examined to identify additional studies not retrieved in

the initial search.

2.2. Inclusion and Exclusion Criteria

To ensure relevance and quality, studies were selected based on predefined

inclusion and exclusion criteria.

2.2.1. Inclusion Criteria

Studies were included if they met the following criteria:

Focused on deep learning-based methods for radiology report generation.
e Used publicly available or proprietary medical imaging datasets.

e Evaluated the performance of the proposed models using standard metrics

such as BLEU, ROUGE, METEOR, or clinical evaluation by radiologists.

e Published in peer-reviewed journals or major Al/medical imaging confer-

ences [22].

e Provided sufficient technical details to enable reproducibility.

2.2.2. Exclusion Criteria

Studies were excluded if they met any of the following criteria:

e Did not specifically focus on radiology report generation (e.g., general

medical text generation).

e Used rule-based or traditional machine learning approaches without deep

learning.

e Lacked quantitative evaluation or only provided theoretical discussions

[23].



e Non-English language publications without available translations [24].

e Review articles, editorials, commentaries, or studies with insufficient de-

tails.

2.8. Study Selection Process

The study selection process was conducted in three phases:

1. Title and Abstract Screening: Two independent reviewers screened
the titles and abstracts of all retrieved articles to remove irrelevant studies.
Discrepancies were resolved through discussion.

2. Full-Text Review: Articles that passed the initial screening underwent
a full-text review to ensure they met the inclusion criteria.

3. Data Extraction and Quality Assessment: Selected studies were fur-
ther analyzed for data extraction and methodological quality assessment

[25].

The selection process followed the PRISMA flowchart, illustrated in Figure 1,
which details the number of records retrieved, screened, included, and excluded
[26]. Figure 1 illustrates the PRISMA flowchart summarizing the study selection
process [27].

2.4. Data Ezxtraction

A structured data extraction form was developed to systematically collect

relevant information from each study. The extracted data included:

e Study metadata: Authors, title, publication year, and source.

e Deep learning architecture: Type of neural network used (CNN, RNN|

transformer-based models, hybrid approaches).

e Dataset details: Dataset name, number of images, annotation quality,

and availability.



Records identified through database searching (n = 500)

l

Records screened (n = 450) Records excluded (n = 50)
Full-text articles assessed (n = 300) Full-text articles excluded (n = 120)

l

Studies included in qualitative synthesis (n = 180)

l

Studies included in quantitative synthesis (n = 100)

Figure 1: PRISMA flowchart outlining the study selection process.

e Evaluation metrics: Metrics used to assess report generation quality

(e.g., BLEU, ROUGE, METEOR, CIDEr, clinical coherence).

e Key findings: Main contributions, reported performance, and limitations
[28].
e Clinical validation: Whether the study included evaluation by radiolo-

gists or real-world clinical deployment.

2.5. Quality Assessment

To assess the quality and reliability of the included studies, a modified ver-
sion of the Critical Appraisal Checklist for Al in Healthcare was used [29]. Each

study was evaluated based on the following criteria:

e Reproducibility: Availability of code, datasets, or implementation de-

tails.

e Methodological rigor: Use of proper validation techniques (e.g., cross-

validation, external test sets).
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e Bias assessment: Whether the dataset had a diverse representation of

pathologies, patient demographics, and imaging modalities.

e Clinical relevance: Whether the study considered real-world clinical

applicability and validation [30].

Each criterion was scored on a scale from 0 (not reported) to 2 (well-
documented). Studies with a total score below a predefined threshold were

considered low quality and excluded from the final review.

2.6. Limitations of the Methodology

While this systematic review follows a rigorous methodology, certain limita-

tions exist:

e Some relevant studies may have been missed due to publication biases or

limited database coverage.

e Differences in reporting styles across studies may introduce inconsistencies

in data extraction.

e The reliance on automatic evaluation metrics may not fully capture the

clinical relevance of generated reports [31].

Despite these limitations, this systematic approach ensures a comprehensive
and unbiased review of the literature on deep learning-based radiology report
generation. The next section presents a detailed analysis of the deep learning

architectures used in radiology report generation.

3. Deep Learning Methods for Radiology Report Generation

The field of radiology report generation has seen significant advancements
with the emergence of deep learning techniques [32]. Automated report gener-
ation is a multimodal learning problem, as it requires integrating visual infor-
mation from medical images with natural language processing (NLP) to gener-

ate structured and clinically meaningful text. This section provides a detailed
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overview of the deep learning architectures employed in radiology report gener-
ation, including convolutional neural networks (CNNs) [33, 34], recurrent neural

networks (RNNs), transformer-based models, and hybrid approaches.

3.1. Convolutional Neural Networks (CNNs) for Image Feature Extraction

Convolutional neural networks (CNNs) have been widely used for extracting
features from medical images [35]. CNNs excel at capturing spatial hierarchies
and patterns in image data, making them well-suited for analyzing radiological
scans [36]. The process of using CNNs for feature extraction in radiology report

generation typically involves:

1. Preprocessing: Input images are resized, normalized, and augmented to
enhance model generalization.

2. Feature Extraction: CNN architectures such as ResNet, DenseNet,
VGG, and EfficientNet are employed to extract high-dimensional visual
features.

3. Feature Encoding: The extracted features are converted into vector

representations, which are then used as inputs for text-generation models.

Several studies have utilized CNN-based feature extractors, with ResNet and
DenseNet being the most common due to their ability to capture fine-grained
image details. CNNs provide strong visual representations, but they must be

combined with NLP models to generate coherent textual descriptions.

3.2. Recurrent Neural Networks (RNNs) for Sequence Modeling

Recurrent neural networks (RNNs) and their variants, such as long short-
term memory (LSTM) and gated recurrent units (GRU), have been widely
adopted for generating radiology reports. These models process sequential data
and are effective in capturing contextual dependencies in text [37]. The typical

pipeline involves:

1. Extracting visual features using a CNN [38].

12



2. Feeding these features into an LSTM or GRU network to generate sequen-

tial text tokens.

3. Using an attention mechanism to focus on different regions of the image

while generating the report [39].

Attention Mechanisms: Attention mechanisms allow the model to focus
on specific areas of the image relevant to each word in the report. The most

commonly used attention mechanisms in radiology report generation include:

e Soft Attention: Assigns a weight to each image region dynamically [40].
e Hard Attention: Selects specific regions based on learned policies [41].

e Hierarchical Attention: Applies attention at multiple levels, such as

word and sentence levels.

While RNNs and LSTMs have been effective in text generation, they suffer

from issues such as long-term dependency limitations and slow training times.

8.8. Transformer-Based Models for Radiology Report Generation

Transformer-based models have revolutionized NLP and have recently been
applied to radiology report generation [42]. Unlike RNNs, transformers process

entire sequences in parallel, making them more efficient for text generation [43].

8.8.1. Vision-Language Transformer Models
Several studies have adopted transformer-based architectures for radiology
report generation, integrating vision and language modeling. Notable architec-

tures include:

e Image Transformer (ViT): A vision transformer model that replaces

CNNs for feature extraction.

¢ BERT-Based Models: Pretrained language models such as BERT and
BioBERT are used to improve the fluency and coherence of generated

reports [44].
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e Multimodal Transformers: CLIP, ALIGN, and other multimodal trans-

formers integrate vision and language tasks [45].

3.8.2. Self-Attention and Context Modeling

The self-attention mechanism in transformers enables effective context mod-
eling, allowing the model to generate reports with better coherence and medical
correctness. Pretrained models such as GPT-3 and T5 have been fine-tuned for

radiology report generation, leveraging large-scale datasets.

8.4. Hybrid Approaches: Combining CNNs, RNNs, and Transformers

Recent research has explored hybrid architectures that combine CNNs for
feature extraction, transformers for language understanding, and reinforcement

learning for improving report quality. Some notable approaches include:

e CNN-RNN-Transformer Hybrid: Using CNNs for visual features,

RNNs for local coherence, and transformers for long-term dependencies.

¢ Knowledge-Augmented Models: Incorporating external knowledge

bases, such as medical ontologies, to improve clinical relevance [46].

e Reinforcement Learning-Enhanced Models: Using reward-based learn-

ing to optimize report accuracy and clinical correctness [47].

3.5. FEwvaluation of Deep Learning Models

The performance of deep learning models in radiology report generation is
typically evaluated using automatic metrics and clinical validation. Common

evaluation metrics include:

e BLEU (Bilingual Evaluation Understudy): Measures n-gram over-

lap between generated and reference reports [48].

¢ ROUGE (Recall-Oriented Understudy for Gisting Evaluation):

Evaluates recall and precision of generated reports [49].

14



e METEOR (Metric for Evaluation of Translation with Explicit
ORdering): Incorporates synonym matching for better correlation with

human judgments.

e CIDEr (Consensus-based Image Description Evaluation): As-

sesses the semantic similarity between reports [50].

However, automatic metrics alone are insufficient for evaluating clinical ac-
curacy [51]. Therefore, clinical validation by expert radiologists is crucial to

ensure the generated reports align with real-world diagnostic standards.

8.6. Limitations of Current Approaches
Despite advancements, deep learning-based radiology report generation still

faces several challenges:

e Data Scarcity: High-quality annotated datasets are limited, making

model training difficult.

e Interpretability Issues: Most deep learning models operate as black-
box systems, raising concerns about trust and reliability in clinical settings

[52].

e Bias and Generalization: Models trained on specific datasets may not

generalize well across different institutions and patient populations [53].

e Clinical Validation: Many studies lack thorough clinical validation, lim-

iting their applicability in real-world healthcare settings.

Addressing these challenges requires further research in model interpretability,

domain adaptation, and human-in-the-loop systems.

8.7. Summary

This section reviewed the major deep learning approaches used for radiology
report generation, including CNN-based feature extraction, RNNs for sequen-
tial modeling, transformers for advanced language generation, and hybrid mod-

els that combine multiple architectures. While these models have significantly
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improved automated report generation, challenges such as data scarcity, inter-
pretability, and clinical validation remain [54]. The next section discusses the

datasets used for training and evaluating these models [55].

4. Datasets for Radiology Report Generation

Deep learning-based radiology report generation relies heavily on large-scale
datasets that contain medical images paired with corresponding diagnostic re-
ports [56]. High-quality annotated datasets enable the training, validation, and
benchmarking of automated systems. However, acquiring such datasets is chal-
lenging due to privacy concerns, variations in report writing styles, and the need
for expert annotations. This section provides an overview of the most commonly
used datasets in radiology report generation, discussing their characteristics, ad-

vantages, and limitations [57].

4.1. Publicly Available Datasets

Several large-scale publicly available datasets have been curated for radiology
report generation [58]. These datasets provide valuable resources for training

and evaluating deep learning models [59].

4.1.1. MIMIC-CXR (Medical Information Mart for Intensive Care - Chest X-

ray)
MIMIC-CXR is one of the largest publicly available datasets for radiology

report generation [60]. It contains:
e Images: Over 377,000 chest X-ray images from 227,827 unique studies.
e Reports: Free-text radiology reports associated with each study [61].

e Metadata: Patient demographics, acquisition details, and structured la-

bels for various pathologies [62].
Advantages:

e Large-scale dataset with diverse cases.
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e Paired image-report annotations support supervised learning.

e Rich metadata enables additional clinical insights.

Limitations:

e Reports contain variations in writing styles and terminology [63].
e Requires preprocessing to extract structured findings.

e Chest X-rays only, limiting applicability to other modalities.

4.1.2. 1U-XRay (Indiana University Chest X-ray Dataset)
IU-XRay is another widely used dataset for radiology report generation,

consisting of:
e Images: 7,470 frontal and lateral chest X-ray images [64].
e Reports: 3,955 free-text radiology reports [65].

e Structured Labels: Manually annotated disease labels.

Advantages:

o Well-structured dataset with detailed reports.

e Includes both frontal and lateral views for better context [66].
Limitations:

e Relatively small compared to MIMIC-CXR [67].

e Reports contain redundant and templated text, which may affect model

generalization.

4.1.8. Open-I (Open Access Biomedical Image Search Engine)

The Open-I dataset is another publicly available dataset containing:

e Images: 7,470 chest X-rays.

17



e Reports: Corresponding radiology reports in structured form.

e Findings and Impressions: Segmented sections of reports for finer

granularity.
Advantages:
e Well-organized dataset with structured reports.

e Useful for evaluating NLP-based techniques separately from image-based

models.
Limitations:
e Small dataset, limiting deep learning training efficiency.

e Limited diversity in medical conditions.

4.1.4. CheXpert

CheXpert is a large dataset developed to address automatic chest X-ray

interpretation. It includes:
e Images: Over 224,316 chest X-ray images [68].
e Labels: Pathology labels extracted using NLP techniques [69].
Advantages:
e Large-scale dataset with strong benchmark potential [70].
e Provides weakly supervised labels for multiple conditions.
Limitations:
e No full-text radiology reports, limiting its use for report generation tasks.

e Labels extracted via NLP may contain errors [71].

18



4.2. Private and Institution-Specific Datasets

Several studies utilize private or institution-specific datasets that are not
publicly available [72]. These datasets are often collected from hospital archives
and include diverse imaging modalities such as CT, MRI, and ultrasound [73].

Advantages:
e Covers a broader range of medical imaging modalities.
e Contains institution-specific variations in report writing.
e Enables real-world validation in clinical settings.
Limitations:
e Not accessible for reproducibility and benchmarking [74].
e Data biases may exist due to institutional protocols [75].
e Requires extensive de-identification for privacy compliance [76].

4.8. Challenges in Dataset Availability and Quality

Despite the availability of several datasets, radiology report generation faces

numerous challenges related to data quality and accessibility.

4.8.1. Data Annotation and Standardization
Radiology reports exhibit significant variability due to differences in report-
ing styles, institution-specific protocols, and radiologist preferences. This lack

of standardization affects model training and evaluation.

4.3.2. Privacy and Ethical Concerns

Medical data is highly sensitive, and patient privacy regulations (such as
HIPAA and GDPR) impose strict constraints on data sharing [77]. Anonymiza-
tion and de-identification are necessary but may lead to the loss of useful clinical

context.
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4.8.8. Class Imbalance and Bias

Many datasets exhibit class imbalance, where certain pathologies are under-
represented. Models trained on imbalanced data may struggle to generalize to
rare conditions [78]. Additionally, demographic biases in datasets may lead to

disparities in model performance across different patient populations.

4.4. Summary

This section reviewed the primary datasets used for radiology report genera-
tion, highlighting their strengths and limitations. While large-scale datasets like
MIMIC-CXR and IU-XRay provide valuable resources for deep learning models,
challenges such as data standardization, privacy concerns, and class imbalance
remain. Addressing these issues is crucial for developing robust and clinically
reliable automated reporting systems [79]. The next section discusses the eval-
uation metrics used to assess the performance of deep learning-based radiology

report generation models [80].

5. Evaluation Metrics for Radiology Report Generation

Evaluating deep learning-based radiology report generation models is a chal-
lenging task, as it involves assessing both the accuracy of medical image inter-
pretation and the quality of natural language generation. A comprehensive eval-
uation framework should consider both automatic language metrics and clinical
relevance. This section discusses the key evaluation metrics used in the lit-
erature, categorized into automatic evaluation metrics and clinical evaluation

metrics [81].

5.1. Automatic Evaluation Metrics

Automatic evaluation metrics are widely used to measure the linguistic sim-
ilarity between generated reports and reference reports [82]. These metrics are
borrowed from natural language processing (NLP) tasks, such as machine trans-

lation and image captioning.
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5.1.1. BLEU (Bilingual Evaluation Understudy)
The BLEU score is an n-gram precision-based metric originally designed for
machine translation. It calculates the overlap of n-grams (contiguous sequences

of words) between the generated and reference reports.

N
BLEU = BP - exp (Z wy, log pn> (1)

n=1
where BP is the brevity penalty, w,, are weighting factors, and p,, represents

n-gram precision [83]. Advantages:
e Easy to compute and widely used [84].
e Captures lexical similarity between generated and reference reports.
Limitations:
e Does not account for semantic meaning.

e Penalizes synonyms and paraphrasing [85].

5.1.2. ROUGE (Recall-Oriented Understudy for Gisting Evaluation)
The ROUGE metric is commonly used for summarization tasks and measures

recall-based similarity between generated and reference reports [86].
¢ ROUGE-N: Measures overlap of n-grams [87].
e ROUGE-L: Uses the longest common subsequence (LCS) for evaluation.
Advantages:
e Considers recall, which is important for medical applications.
e More flexible than BLEU for paraphrased text [88].
Limitations:
e Still relies on surface-level text matching.

e Does not directly assess medical correctness [89].
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5.1.8. METEOR (Metric for Evaluation of Translation with Explicit ORdering)
The METEOR score improves upon BLEU and ROUGE by considering

synonym matching and stemming. Advantages:
e Accounts for synonyms and morphological variations [90].
e Shows higher correlation with human judgments than BLEU.
Limitations:

e Computationally more expensive than BLEU and ROUGE.

5.1.4. CIDEr (Consensus-based Image Description Evaluation)
CIDEr was designed for image captioning tasks and evaluates how well the

generated report aligns with human reference descriptions [91]. Advantages:
e Considers term frequency and importance.
e Shows strong performance in report generation tasks.
Limitations:

e Requires multiple reference reports for better accuracy.

5.1.5. BERTScore
BERTScore computes similarity between generated and reference reports

using contextual embeddings from BERT. Advantages:
e Captures semantic similarity rather than exact word matching [92].
e More robust to paraphrasing.
Limitations:
e Requires a pretrained language model.

e Computationally expensive [93].
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5.2. Clinical Evaluation Metrics

Since automatic evaluation metrics do not guarantee clinical correctness,

human evaluation by medical experts is crucial.

5.2.1. Clinical Coherence and Correctness
Radiologists assess whether the generated reports contain accurate and rel-

evant medical findings [94]. Clinical evaluation criteria include:

¢ Findings Consistency: Does the report correctly describe the abnor-

malities in the image [95]?

e No Hallucination: Does the report avoid generating false or misleading

information?

e Readability: Is the language coherent and consistent with professional

reporting standards?

5.2.2. RadGraph-Based Clinical Metrics
RadGraph is a structured clinical evaluation tool that extracts medical en-
tities and relationships from radiology reports. A report’s correctness can be

assessed by comparing the generated and reference reports in terms of:
e Findings Overlap: Comparison of extracted clinical entities.

e Abnormality Localization: Accuracy of anatomical references.

5.2.3. Human Evaluation by Radiologists

Radiologists assess generated reports based on predefined rating scales:

e 5-Point Likert Scale: Measures overall report accuracy (e.g., from

“Poor” to “Excellent”) [96].

e Clinical Relevance Score: Evaluates diagnostic utility.
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5.8. Challenges in Evaluation

Despite the availability of multiple evaluation metrics, several challenges

remain:

e Limited Ground Truth Variability: There can be multiple correct

ways to describe a radiology image.

e Lack of Standardized Clinical Metrics: Automatic evaluation metrics

do not always correlate with expert assessments.

e Need for Domain-Specific Adaptations: NLP metrics must be adapted

for medical contexts to improve their reliability [97].

5.4. Summary

This section reviewed the evaluation metrics used to assess radiology report
generation models [98]. While automatic metrics such as BLEU, ROUGE, and
METEOR provide linguistic comparisons, they fail to capture clinical correct-
ness [99]. Therefore, clinical evaluation by radiologists and structured tools like
RadGraph are essential for real-world validation [100]. Future research should
focus on developing more clinically relevant evaluation frameworks. The next
section discusses current challenges and future directions in deep learning-based

radiology report generation.

6. Challenges and Future Directions in Radiology Report Generation

Despite significant advancements in deep learning-based radiology report
generation, several challenges remain that hinder the widespread adoption of
automated systems in clinical practice. These challenges arise from data lim-
itations, model interpretability, clinical validation, and ethical considerations
[101]. Addressing these challenges is crucial for improving the reliability and
usability of Al-driven reporting systems [102]. This section discusses the key

challenges and outlines promising future directions for advancing the field.
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6.1. Challenges in Deep Learning-Based Radiology Report Generation

6.1.1. Data Scarcity and Quality Issues
High-quality, annotated datasets are essential for training deep learning mod-
els, yet obtaining large-scale medical datasets remains challenging due to the

following reasons:

e Limited Publicly Available Data: Most high-quality radiology datasets

are restricted due to patient privacy regulations.

e Variability in Report Structure: Reports written by different radiol-

ogists exhibit diverse writing styles, leading to inconsistencies.

e Class Imbalance: Rare diseases and abnormalities are underrepresented

in existing datasets, limiting the generalizability of models [103].

6.1.2. Lack of Standardization in Reporting

Radiology reports vary significantly across institutions and radiologists, lead-
ing to inconsistencies in phrasing, terminology, and structure [104]. This vari-
ation poses a challenge for training Al models that require consistent patterns

in data [105].

6.1.3. Medical Report Hallucination

A major issue with deep learning models is the generation of inaccurate
or "hallucinated" findings that are not present in the medical images. These
errors can have serious clinical consequences, making it critical to ensure that

Al-generated reports are factually correct.

6.1.4. Model Interpretability and Trustworthiness

Deep learning models, especially transformer-based architectures, function
as black-box systems with limited interpretability. The lack of transparency
raises concerns among medical professionals regarding the trustworthiness of

Al-generated reports [106].
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6.1.5. Generalization Across Modalities and Institutions
Most existing models are trained on a single dataset or a limited set of
medical imaging modalities (e.g., chest X-rays) [107]. However, a clinically

useful Al system should be capable of generalizing across:
e Different imaging modalities (e.g., CT, MRI, ultrasound).
e Different healthcare institutions with varying protocols [108].

e Diverse patient demographics [109].

6.1.6. FEthical and Legal Considerations
The deployment of Al-generated radiology reports raises ethical and legal

concerns:

e Accountability: Who is responsible when an Al-generated report leads

to misdiagnosis?

e Bias in AI Models: Models trained on imbalanced datasets may in-
troduce biases that disproportionately affect certain patient populations

[110].

e Data Privacy: Strict regulations (e.g., HIPAA, GDPR) limit data shar-

ing, making it challenging to develop large-scale, diverse datasets.

6.2. Future Directions
6.2.1. Self-Supervised and Few-Shot Learning Approaches

To mitigate data scarcity, self-supervised learning (SSL) and few-shot learn-
ing techniques can be explored [111]. These approaches enable models to learn
from a limited amount of labeled data while leveraging large-scale unlabeled

data [112].

e Contrastive Learning: Techniques like SimCLR and MoCo can be used

for pretraining vision encoders on medical images.

e Few-Shot Learning: Meta-learning frameworks can help models gener-

alize to new diseases with minimal labeled examples [113].
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6.2.2. Multimodal and Cross-Modal Learning
Future research should explore multimodal learning approaches that inte-

grate multiple data sources, such as:

e Multi-View Learning: Combining frontal and lateral X-rays for im-

proved diagnostic accuracy.

e Fusion of Clinical Data: Incorporating patient history, lab results, and

genetic information alongside imaging data [114].

6.2.3. Clinical Knowledge Integration
Integrating external medical knowledge into deep learning models can im-
prove report accuracy and reduce hallucinations [115]. Potential strategies in-

clude:

e Medical Ontologies: Incorporating structured knowledge from resources

like RadLex and SNOMED-CT [116].

e Knowledge Graphs: Using graph-based representations to link related

medical concepts.

6.2.4. Human-in-the-Loop Al Systems
Instead of fully autonomous Al-generated reports, future systems should

focus on human-AI collaboration:

e Al-Assisted Drafting: AI can generate initial report drafts that radi-

ologists can review and refine.

e Interactive Report Generation: Systems that allow radiologists to

guide the AT model through feedback loops [117].

6.2.5. Improving Model Interpretability
To enhance trust in Al-generated reports, research should focus on inter-

pretability techniques:
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e Attention Visualization: Highlighting image regions that influenced

Al-generated text [118].

e Saliency Maps: Explaining model predictions by visualizing important

features.

e Counterfactual Explanations: Generating alternative reports based

on slight image modifications.

6.2.6. Clinical Trials and Real-World Validation
Before widespread deployment, Al systems should undergo rigorous clinical
trials to assess their effectiveness and safety in real-world settings [119]. Future

work should focus on:

e Multi-Institutional Validation: Testing AI models across different

hospitals and imaging centers.

¢ Radiologist Feedback Studies: Measuring how Al assistance impacts

radiologist efficiency and diagnostic accuracy [120].

e Regulatory Approval Pathways: Working with regulatory bodies (e.g.,
FDA, EMA) to ensure Al systems meet clinical standards [121].

6.3. Summary

This section outlined the major challenges in deep learning-based radiology
report generation, including data limitations, report hallucinations, lack of in-
terpretability, and ethical concerns. Several future research directions were dis-
cussed, such as self-supervised learning, multimodal integration, human-in-the-
loop AI, and improving model transparency [122]. Addressing these challenges
is crucial for developing Al-driven radiology reporting systems that are accu-
rate, interpretable, and clinically trustworthy [123]|. The next section concludes
the review by summarizing key findings and highlighting future opportunities

in Al-powered radiology report generation.
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7. Conclusion

The field of deep learning-based radiology report generation has witnessed
significant advancements in recent years, driven by the increasing availability of
medical imaging datasets, the evolution of natural language processing (NLP)
models, and the growing demand for Al-assisted healthcare solutions. This
systematic review explored the current state of research in this domain, covering

datasets, methodologies, evaluation metrics, challenges, and future directions.

7.1. Key Findings

e Datasets: Several large-scale datasets, such as MIMIC-CXR and IU-
XRay, have played a crucial role in advancing automated radiology report
generation. However, issues related to data privacy, report standardiza-

tion, and class imbalance remain challenges that need to be addressed.

e Deep Learning Approaches: Transformer-based architectures, multi-
modal learning techniques, and self-supervised learning have demonstrated
promising performance in radiology report generation. The integration of
vision-language models has improved the ability of Al systems to interpret

medical images and generate coherent textual reports.

e Evaluation Metrics: Traditional NLP metrics (e.g., BLEU, ROUGE,
METEOR) are widely used for assessing the quality of generated reports,
but they fail to capture clinical correctness. Emerging clinical evalua-
tion techniques, such as RadGraph-based metrics and expert radiologist

assessments, provide a more reliable measure of medical accuracy.

e Challenges: Several key challenges persist, including data scarcity, re-
port hallucination, lack of model interpretability, and generalization across
different institutions and imaging modalities. Ethical and regulatory con-
cerns, such as accountability, bias, and patient privacy, must also be care-
fully considered before deploying Al-based reporting systems in real-world

clinical practice.
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e Future Directions: Promising research avenues include self-supervised
learning, multimodal fusion of clinical data, human-in-the-loop AI sys-
tems, and enhanced interpretability techniques. The development of clin-
ically validated AI models, combined with real-world testing and regula-
tory approval, is essential for ensuring the safe and effective adoption of

automated radiology report generation in healthcare settings.

7.2. Final Remarks

Deep learning-based radiology report generation holds immense potential
for improving radiologists’ workflow efficiency, reducing reporting errors, and
enhancing the overall quality of healthcare services. However, significant chal-
lenges remain in ensuring that Al-generated reports are clinically accurate, ex-
plainable, and trustworthy. Future research efforts should focus on integrating
Al-driven automation with human expertise to develop hybrid systems that
complement rather than replace radiologists.

With continued advancements in Al, increased availability of high-quality
medical datasets, and rigorous validation through clinical trials, deep learning-
powered radiology report generation systems may soon become an integral part
of modern radiology practice. A collaborative effort between AI researchers,
radiologists, and regulatory authorities will be essential to achieving this goal
and ensuring the safe deployment of Al in medical imaging.

This concludes the systematic review of deep learning-based research on radi-
ology report generation. Future work should continue exploring novel method-
ologies, addressing existing challenges, and pushing the boundaries of Al-driven

medical imaging analysis.
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