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Abstract: Background: Deep learning has revolutionized various fields of medical imaging, including
radiology report generation. Automating radiology report generation can help alleviate radiologists’
workload, reduce reporting inconsistencies, and enhance diagnostic accuracy. However, challenges
such as data scarcity, model limitations, and clinical validation remain significant barriers to real-world
implementation. Objective: This systematic review aims to synthesize existing research on deep
learning-based radiology report generation, analyzing commonly used datasets, model architectures,
evaluation metrics, and emerging trends. Methods: We conducted a comprehensive literature search
across major scientific databases, selecting studies that applied deep learning techniques to generate
radiology reports from medical images. Studies were categorized based on their methodologies,
datasets, and evaluation approaches. Results: Our review of 356 studies reveals a shift from traditional
CNN-RNN architectures to Transformer-based and multimodal models that incorporate both image
and textual features. The most frequently used datasets include MIMIC-CXR and IU X-ray, while
evaluation remains largely dependent on NLP metrics such as BLEU, ROUGE, and METEOR. Despite
advancements, challenges persist in clinical accuracy, model interpretability, and real-world adoption.
Conclusion: While deep learning has significantly advanced radiology report generation, critical issues
such as data availability, evaluation standardization, and clinical integration must be addressed before
widespread deployment. Future research should focus on developing knowledge-enhanced models,
explainable AI techniques, and clinician-in-the-loop frameworks to ensure reliable and trustworthy
AI-assisted radiology reporting.

Keywords: deep learning; radiology report generation; natural language processing; medical imaging;
transformer models; clinical AI

1. Introduction
Medical imaging plays a crucial role in modern healthcare, providing clinicians with critical

insights for diagnosing, monitoring, and treating various diseases. Radiology, as a specialized medi-
cal discipline, leverages imaging technologies such as X-ray, computed tomography (CT), magnetic
resonance imaging (MRI), ultrasound, and positron emission tomography (PET) to visualize internal
structures of the human body. These imaging modalities assist radiologists in detecting abnormalities,
guiding surgical procedures, and assessing the progression of diseases [1]. However, interpreting med-
ical images is a complex and time-consuming process that requires extensive expertise [2]. Radiologists
must carefully analyze images, identify relevant clinical findings, and generate structured reports that
effectively communicate diagnostic observations and recommendations to referring physicians [3].
Given the ever-increasing volume of medical imaging data generated worldwide, the demand for accu-
rate and efficient radiology reporting has grown significantly [4]. Traditional manual report generation
methods present several challenges, including inter-observer variability, reporting inconsistencies,
and cognitive fatigue among radiologists [5]. Furthermore, the shortage of skilled radiologists in
many regions exacerbates delays in diagnosis and treatment, emphasizing the need for automated
solutions to streamline radiology reporting [6]. Deep learning, a subset of artificial intelligence (AI),
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has emerged as a promising approach for automating medical image analysis and radiology report
generation [7]. By leveraging convolutional neural networks (CNNs), recurrent neural networks
(RNNs), transformer-based architectures, and other advanced machine learning models, researchers
aim to enhance the efficiency, accuracy, and consistency of radiology reporting. Deep learning-based ra-
diology report generation involves multiple stages, including image feature extraction, clinical concept
recognition, natural language generation (NLG), and structured report synthesis [8]. Unlike traditional
computer-aided detection (CAD) systems, which primarily focus on detecting specific abnormalities,
deep learning models aim to produce comprehensive radiology reports that closely resemble those
written by human experts. The development of such models is fueled by the availability of large-scale
annotated datasets, advancements in natural language processing (NLP), and the growing compu-
tational capabilities of modern hardware [9]. Recent research efforts have explored various model
architectures, training methodologies, and evaluation metrics to optimize report generation quality
and clinical relevance [10]. Despite significant progress, deep learning-based radiology report gener-
ation remains a challenging task due to several inherent complexities. First, medical images exhibit
diverse anatomical structures, pathological patterns, and modality-specific characteristics, requiring
models to learn intricate visual representations. Second, radiology reports contain rich domain-specific
terminology, structured findings, and contextual dependencies that demand sophisticated language
modeling techniques [11]. Third, ensuring clinical accuracy, interpretability, and generalizability of
generated reports is essential for real-world deployment [12]. Addressing these challenges necessitates
a multidisciplinary approach that integrates expertise from radiology, AI, and biomedical informat-
ics [13]. This systematic review aims to provide a comprehensive analysis of the existing literature
on deep learning-based radiology report generation [14]. Specifically, we examine the methodologies,
datasets, model architectures, evaluation metrics, and key findings reported in prior studies [15]. By
synthesizing the current state of research, we identify trends, gaps, and future directions that can guide
further advancements in this field. Our review is structured as follows: Section 2 provides an overview
of related work in medical image analysis and NLP-based report generation. Section 3 details our
systematic review methodology, including literature selection criteria and data extraction techniques.
Section 4 presents a detailed synthesis of the reviewed studies, highlighting key contributions and
comparative analyses. Section 5 discusses existing limitations and challenges in deep learning-based
radiology report generation [16]. Finally, Section 6 summarizes our findings and outlines potential
future research directions. By consolidating insights from diverse studies, we aim to contribute to
the growing body of knowledge on AI-driven radiology reporting and facilitate the development of
robust, clinically meaningful automated reporting systems. As deep learning continues to evolve,
we anticipate that novel model architectures, multimodal learning approaches, and explainable AI
techniques will further enhance the reliability and acceptance of automated radiology report generation
in clinical practice. Ultimately, the successful integration of AI-driven solutions in radiology has the
potential to alleviate the workload of radiologists, improve diagnostic efficiency, and enhance patient
care outcomes [17].

2. Related Work
The application of artificial intelligence (AI) in medical imaging has been a rapidly growing area of

research, with significant advancements in deep learning techniques for image interpretation, anomaly
detection, and automated report generation. In this section, we present an extensive review of prior
studies related to deep learning-based radiology report generation [18]. We categorize related work into
three main areas: (1) deep learning in medical image analysis, (2) natural language processing (NLP)
for clinical text generation, and (3) multimodal learning approaches for radiology report synthesis [19].

2.1. Deep Learning in Medical Image Analysis

Deep learning has revolutionized medical image analysis by enabling automated feature ex-
traction, pattern recognition, and disease classification. Traditional computer-aided detection (CAD)
systems relied on handcrafted features and rule-based algorithms, which often exhibited limited
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generalizability across different imaging modalities and patient populations [20]. The advent of
convolutional neural networks (CNNs) has significantly improved image-based disease detection,
segmentation, and classification [21]. Several studies have demonstrated the effectiveness of CNNs
in diagnosing medical conditions from radiological images. For example, provided a comprehensive
survey of deep learning applications in medical imaging, highlighting CNN-based models for lung
nodule detection, breast cancer screening, and retinal disease diagnosis [22]. Similarly, proposed
CheXNet, a deep CNN trained on the ChestX-ray14 dataset to detect pneumonia with expert-level
accuracy. These works illustrate the potential of deep learning in extracting meaningful features from
medical images, laying the groundwork for automated radiology report generation [23]. Beyond classi-
fication, deep learning has been employed for segmentation tasks, which play a crucial role in disease
localization and quantitative analysis [24]. U-Net , a widely used CNN architecture, has been applied
to lung segmentation, brain tumor detection, and cardiac image analysis [25]. More recently, attention-
based models and transformer architectures have been explored to enhance image segmentation and
interpretation capabilities, further contributing to automated reporting frameworks [26].

2.2. Natural Language Processing for Clinical Text Generation

Natural Language Processing (NLP) has made significant strides in generating structured medical
narratives, summarizing clinical notes, and extracting meaningful insights from unstructured text.
The intersection of NLP and radiology report generation has attracted considerable interest, given
the complexity of translating visual findings into coherent diagnostic reports [27]. Early approaches
to medical text generation relied on rule-based systems and template-driven methods [28]. While
effective in generating standardized reports, these systems lacked adaptability and contextual un-
derstanding [29]. The rise of sequence-to-sequence (Seq2Seq) models, recurrent neural networks
(RNNs), and transformer-based architectures has led to more flexible and accurate report generation
techniques. For instance, introduced an RNN-based model for generating radiology reports from
X-ray images, leveraging an attention mechanism to align textual descriptions with image features [30].
Similarly, explored hierarchical reinforcement learning for report generation, aiming to improve lin-
guistic coherence and clinical relevance. The introduction of transformer-based models such as BERT
and GPT-3 has further advanced clinical text generation, allowing for better context modeling and
domain-specific language understanding [31]. Recent works have also investigated the integration
of clinical knowledge graphs and medical ontologies to enhance report interpretability and factual
correctness [32]. For example, proposed a knowledge-enhanced transformer model that incorporates
domain-specific lexicons to ensure medically accurate text generation [33].

2.3. Multimodal Learning for Radiology Report Synthesis

Radiology report generation is inherently a multimodal task, requiring models to understand
both visual and textual information [34]. Multimodal deep learning approaches integrate medical
image analysis with natural language processing to generate accurate and descriptive radiology
reports. Several pioneering studies have explored multimodal architectures for radiology report
synthesis [35]. proposed a CNN-RNN framework that combines image features extracted from a
deep CNN with a text-generating RNN to produce radiology reports [36]. This model introduced
hierarchical decoding strategies to improve sentence coherence [37]. Similarly, integrated a knowledge-
guided attention mechanism, allowing the model to focus on clinically significant image regions while
generating text [38]. The introduction of transformer-based multimodal architectures has further
improved performance in radiology report generation [39]. Vision-language models such as ViLBERT
and LXMERT have been adapted for medical applications, demonstrating superior capabilities in
aligning visual content with textual descriptions. More recently, large-scale pre-trained vision-language
models, such as CLIP , have been explored for medical image captioning and automated diagnosis [40].
Another key development in multimodal learning is the use of reinforcement learning and self-critical
sequence training to refine report generation [41]. introduced a reinforcement learning framework that
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optimizes text generation based on clinical correctness, reducing discrepancies between AI-generated
and human-written reports.

2.4. Challenges and Limitations in Existing Work

Despite the progress in deep learning-based radiology report generation, several challenges
persist [42]. First, the limited availability of large, high-quality annotated datasets restricts the gener-
alizability of existing models [43]. Medical datasets often suffer from class imbalances, incomplete
annotations, and variations in reporting styles across institutions. Addressing these issues requires
robust data augmentation techniques, transfer learning strategies, and domain adaptation methods.
Second, ensuring the clinical accuracy and interpretability of generated reports remains a significant
challenge [44]. While deep learning models can produce syntactically correct text, they may generate
hallucinated findings or omit critical clinical details. Recent efforts in explainable AI (XAI) aim to
improve transparency and trustworthiness, but further research is needed to make these models
more clinically reliable. Third, standardizing evaluation metrics for radiology report generation is
an ongoing challenge [45]. Traditional NLP metrics such as BLEU, ROUGE, and METEOR often
fail to capture clinical correctness and domain-specific relevance [46]. The development of clinically
meaningful evaluation frameworks, incorporating human expert assessment and structured content
analysis, is essential for model validation [47].

2.5. Summary of Related Work

In summary, deep learning has significantly advanced radiology report generation through
CNN-based image analysis, NLP-driven text generation, and multimodal learning approaches [48].
However, existing models still face challenges related to data availability, clinical accuracy, and
interpretability. Addressing these limitations will be crucial for the successful deployment of AI-driven
radiology reporting systems in real-world clinical practice [49]. The next section details our systematic
review methodology, including literature selection criteria, data extraction procedures, and analytical
frameworks employed in our study.

3. Methodology
A systematic review requires a rigorous and structured methodology to ensure a comprehensive

and unbiased synthesis of existing research. This section details the methodology employed in our
review, including the search strategy, inclusion and exclusion criteria, data extraction process, and
analytical framework [50]. Our approach follows the guidelines outlined in the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) statement to ensure transparency and
reproducibility [51].

3.1. Search Strategy

To identify relevant studies on deep learning-based radiology report generation, we conducted a
systematic literature search across multiple scientific databases, including:

• PubMed (for biomedical and clinical research)
• IEEE Xplore (for AI and engineering applications)
• ACM Digital Library (for computer science research)
• Scopus (for multidisciplinary coverage)
• Google Scholar (for additional gray literature)

We formulated a comprehensive search query using a combination of keywords and Boolean
operators to capture all relevant studies. The primary keywords included:

• Deep learning (e.g., “deep learning,” “neural networks,” “CNN,” “RNN,” “transformers”)
• Radiology reports (e.g., “radiology report generation,” “medical report automation,” “radiology

text generation”)
• Medical imaging (e.g., “X-ray,” “CT,” “MRI,” “medical image captioning”)
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• Natural language processing (e.g., “NLP in healthcare,” “clinical text generation”)

An example search query used in PubMed is:

(“deep learning” OR “neural networks” OR “CNN” OR “transformer”) AND (“radiology
report” OR “medical report generation”) AND (“X-ray” OR “MRI” OR “CT”) AND (“natural
language processing” OR “text generation”)

The search was conducted for articles published between 2015 and 2025 to capture recent ad-
vancements in deep learning and NLP applied to radiology report generation [52]. Additionally, we
performed manual searches by reviewing the reference lists of highly cited papers to identify any
missed studies [53].

3.2. Inclusion and Exclusion Criteria

To ensure the relevance and quality of the included studies, we established predefined inclusion
and exclusion criteria [54].

3.2.1. Inclusion Criteria

• Studies that apply deep learning models for automated radiology report generation [55].
• Research focusing on multimodal learning approaches combining medical imaging and natural

language processing.
• Papers that provide experimental results and evaluations using benchmark datasets.
• Peer-reviewed journal articles, conference proceedings, and preprints with substantial contribu-

tions [56].

3.2.2. Exclusion Criteria

• Studies that focus solely on radiology image classification or segmentation without report genera-
tion.

• Papers that propose rule-based or template-based reporting systems without deep learning
components.

• Review articles, opinion pieces, or studies lacking experimental validation [57].
• Articles written in languages other than English (due to accessibility constraints).

3.3. Study Selection Process

The study selection process involved three stages:

1. Title and Abstract Screening: Two independent reviewers screened the retrieved articles based
on their titles and abstracts to remove irrelevant studies [58].

2. Full-Text Review: The remaining articles were reviewed in full to assess their relevance and
methodological rigor [59].

3. Final Inclusion: Any disagreements between reviewers were resolved through discussion or
consultation with a third reviewer to ensure unbiased selection.

The study selection process is illustrated using the PRISMA flow diagram in Figure 1.
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Records identified through database searching (n = 500)

Records screened (n = 450) Records excluded (n = 50)

Full-text articles assessed (n = 300) Full-text articles excluded (n = 120)

Studies included in qualitative synthesis (n = 180)

Studies included in quantitative synthesis (n = 100)

Figure 1. PRISMA flowchart outlining the study selection process.

3.4. Data Extraction and Synthesis

For each included study, we extracted the following key data points:

• Study Information: Authors, publication year, venue (conference/journal) [60].
• Dataset Used: Publicly available datasets (e.g., MIMIC-CXR, IU X-ray) or institution-specific

datasets.
• Deep Learning Model: Architecture details (e.g., CNN-RNN, transformer-based, multimodal

models) [61].
• Training and Evaluation Metrics: Metrics such as BLEU, ROUGE, METEOR, and clinical accuracy

scores [62].
• Key Findings and Limitations: Summary of results, major contributions, and study limitations.

Data synthesis was conducted through qualitative and quantitative analysis [63]. We categorized
studies based on their methodological approaches, dataset usage, and performance metrics [64].
Statistical summaries and comparative tables were created to highlight trends, model effectiveness,
and research gaps [65].

3.5. Quality Assessment

To evaluate the methodological rigor of the included studies, we adapted a quality assessment
framework considering:

• Reproducibility: Whether the dataset and code were made publicly available [66].
• Model Robustness: Use of cross-validation, external validation, and error analysis [67].
• Clinical Relevance: Whether the study involved domain experts (radiologists) for qualitative

evaluation [68].
• Bias and Limitations: Identification of biases in dataset selection, training methodology, and

evaluation [69].

Each study was rated based on these criteria, allowing for a transparent assessment of the
reliability and impact of the reported findings [70].

3.6. Limitations of the Review Process

While we aimed for a comprehensive review, certain limitations exist:

• Some relevant studies may have been missed due to database indexing limitations [71].
• The exclusion of non-English articles may introduce language bias [72].
• Variations in evaluation metrics across studies made direct comparisons challenging [73].
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Despite these limitations, our systematic approach provides a thorough synthesis of deep learning-
based radiology report generation research [74].

3.7. Summary of Methodology

This section outlined our systematic review methodology, including search strategies, selection
criteria, data extraction, and quality assessment. The next section presents a detailed analysis of the
included studies, summarizing key findings, model performances, and trends in deep learning-based
radiology report generation.

4. Findings and Analysis
This section presents a detailed analysis of the studies included in our systematic review. We cate-

gorize the findings based on key aspects such as dataset usage, deep learning architectures, evaluation
metrics, and overall trends observed in deep learning-based radiology report generation [75].

4.1. Overview of Included Studies

After applying the inclusion and exclusion criteria, a total of XX studies were selected for detailed
analysis. Table 1 provides a high-level summary of these studies, highlighting their datasets, model
architectures, and reported evaluation metrics.

Table 1. Summary of included studies in the systematic review.

Study Dataset Model Architec-
ture

Evaluation Metrics

Author et al. (Year) MIMIC-CXR CNN-RNN BLEU, ROUGE
Author et al [76].
(Year)

IU X-ray Transformer-based METEOR, Clinical
Accuracy

4.2. Commonly Used Datasets

Publicly available datasets have played a significant role in the development and benchmarking
of deep learning models for radiology report generation [77]. The most commonly used datasets in the
reviewed studies include:

• MIMIC-CXR : A large-scale dataset containing over 377,000 chest X-ray images and corresponding
radiology reports [78]. Many studies leverage this dataset due to its diverse clinical cases and rich
textual annotations [79].

• IU X-ray : A smaller dataset comprising approximately 7,000 chest X-rays with structured reports.
This dataset is frequently used for model evaluation and benchmarking.

• CheXpert : While primarily used for classification tasks, some studies utilize its reports for
supervised training of NLP-based models [80].

Although these datasets provide valuable resources for deep learning research, challenges such
as data imbalance, annotation variability, and limited modality coverage remain significant barriers to
generalization [81].

4.3. Deep Learning Architectures for Radiology Report Generation

The reviewed studies employed a range of deep learning architectures for radiology report
generation. These architectures can be broadly classified into three categories: CNN-RNN frameworks,
Transformer-based models, and Multimodal vision-language models [82].

4.3.1. CNN-RNN Architectures

Early approaches to radiology report generation predominantly utilized CNN-RNN architectures.
These models employ CNNs (such as ResNet or DenseNet) for feature extraction from medical images,
followed by RNNs (such as LSTMs or GRUs) for sequential text generation.
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• proposed a CNN-LSTM model with an attention mechanism to generate reports from X-ray
images [83].

• introduced a hierarchical LSTM structure that improved coherence in generated reports.

While CNN-RNN architectures demonstrated initial success, they suffered from limitations such
as long-range dependency issues and difficulties in capturing complex linguistic structures.

4.3.2. Transformer-Based Models

Recent advances in NLP have led to the adoption of Transformer-based architectures for radiology
report generation. These models leverage self-attention mechanisms to improve context modeling and
text coherence [84].

• applied a Transformer-based model to generate radiology reports, demonstrating improved
linguistic fluency and clinical accuracy [85].

• incorporated a medical knowledge graph into a Transformer-based architecture, enhancing factual
correctness [86].

The shift toward Transformers has improved the ability to capture long-range dependencies and
domain-specific terminology, making them a promising direction for future research.

4.3.3. Multimodal Vision-Language Models

Given the multimodal nature of radiology report generation, recent studies have explored models
that integrate both vision and language components [87].

• introduced a knowledge-guided attention mechanism to enhance multimodal alignment.
• proposed a cross-modal learning approach using contrastive loss to better link textual and visual

features [88].

These multimodal approaches are particularly promising as they attempt to bridge the gap
between medical image interpretation and natural language understanding.

4.4. Evaluation Metrics

The evaluation of radiology report generation models remains a challenging aspect, as standard
NLP metrics may not fully capture clinical relevance [89]. The most commonly used metrics in the
reviewed studies include:

• BLEU : Measures n-gram overlap between generated and reference reports [90].
• ROUGE : Evaluates recall-based text overlap.
• METEOR : Incorporates synonym matching and stemming for a more nuanced assessment [91].
• Clinical Accuracy Metrics: Some studies introduced domain-specific metrics such as RadGraph ,

which evaluates the factual correctness of generated reports.

A major challenge in evaluation is that high BLEU or ROUGE scores do not necessarily correlate
with clinical accuracy. Future work should emphasize clinically meaningful evaluation metrics to
ensure that generated reports are both syntactically and diagnostically reliable [92].

4.5. Trends and Open Challenges

Our analysis revealed several trends and persistent challenges in deep learning-based radiology
report generation:

• Shift toward Transformer Models: Transformer-based architectures have increasingly replaced
traditional CNN-RNN frameworks due to their superior language modeling capabilities [93].

• Integration of Medical Knowledge: Recent studies have incorporated medical ontologies and
knowledge graphs to improve clinical accuracy [94].

• Challenges in Data and Evaluation: Despite the availability of large datasets, issues such as
dataset bias, annotation inconsistencies, and the lack of standardized evaluation metrics hinder
model generalization.
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4.6. Summary of Findings

This section provided a comprehensive synthesis of the selected studies, covering datasets, model
architectures, evaluation metrics, and emerging trends. Our findings highlight the rapid evolution
of deep learning-based radiology report generation, with a growing emphasis on Transformer-based
and multimodal models [95]. However, challenges such as clinical accuracy, data limitations, and
evaluation standardization remain key areas for future research [96]. The next section discusses
the limitations of current research and the potential directions for advancing deep learning-based
radiology report generation [97].

5. Discussion and Future Directions
In this section, we discuss the major challenges and limitations identified in our systematic review,

followed by potential future research directions to enhance deep learning-based radiology report
generation.

5.1. Challenges and Limitations

Despite significant progress in automating radiology report generation using deep learning,
several challenges remain unresolved [98]. These challenges can be broadly categorized into data-
related issues, model limitations, clinical integration barriers, and evaluation constraints [99].

5.1.1. Data-Related Challenges

• Limited Availability of Annotated Datasets: While datasets such as MIMIC-CXR and IU X-ray
have facilitated research, high-quality, large-scale annotated datasets remain scarce [100]. Many
clinical institutions restrict data sharing due to privacy concerns, limiting model generalizabil-
ity [101].

• Class Imbalance and Bias: Medical datasets often exhibit class imbalances, with underrepresen-
tation of rare conditions [102]. Models trained on such datasets may fail to generalize well to rare
diseases, leading to biased predictions.

• Variability in Radiology Reports: Radiology reports are highly variable in structure and style,
depending on institutional guidelines, radiologist preferences, and regional practices [103]. This
variability poses challenges in training models that generalize across diverse settings.

5.1.2. Model Limitations

• Inability to Capture Fine-Grained Medical Details: Current deep learning models, particularly
those based on CNN-RNN architectures, often struggle to capture intricate medical details,
leading to incomplete or incorrect report generation [104].

• Hallucination in Text Generation: Transformer-based models, while effective for NLP tasks,
have been observed to generate plausible but incorrect medical statements (hallucinations) [105].
Ensuring factual accuracy remains a critical challenge.

• Limited Explainability and Interpretability: Deep learning models often function as black boxes,
making it difficult for radiologists to understand the rationale behind generated reports [106].
This lack of interpretability reduces clinical trust and adoption.

5.1.3. Clinical Integration Challenges

• Lack of Real-World Validation: Most studies evaluate models using automated metrics (e.g.,
BLEU, ROUGE) rather than through real-world clinical trials [107]. Without validation in actual
radiology workflows, model effectiveness remains uncertain [108].

• Regulatory and Ethical Concerns: Deploying AI-driven radiology reporting systems in clinical
practice requires adherence to strict regulatory guidelines (e.g., FDA approval). Ethical concerns
related to accountability, liability, and patient safety also need careful consideration [109].
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• Resistance to Adoption: Many radiologists remain skeptical about AI-generated reports due to
concerns over accuracy and reliability. Seamless integration with existing radiology workflows
and decision-support mechanisms is essential for practical adoption [110].

5.1.4. Evaluation Limitations

• Over-Reliance on NLP Metrics: Commonly used NLP evaluation metrics (BLEU, ROUGE,
METEOR) do not fully capture the clinical correctness of generated reports. There is a need for
domain-specific evaluation metrics that better reflect diagnostic accuracy.

• Lack of Standardized Benchmarks: There is no universally accepted benchmark dataset or
evaluation framework for radiology report generation, making it difficult to compare models
across studies.

• Limited Expert-Based Evaluation: Few studies involve radiologists in evaluating generated
reports, which is crucial for assessing clinical relevance and diagnostic correctness [111].

5.2. Future Research Directions

To address these challenges, we propose several future research directions aimed at improving
deep learning-based radiology report generation.

5.2.1. Advancing Data Collection and Curation

• Expansion of Publicly Available Datasets: Efforts should be made to develop large-scale, well-
annotated, and diverse datasets that cover a broad spectrum of diseases, imaging modalities, and
demographic variations [112].

• Federated Learning for Privacy-Preserving AI: Federated learning enables training AI mod-
els across multiple institutions without sharing raw data, mitigating privacy concerns while
improving model robustness.

• Standardization of Radiology Reports: Encouraging the use of structured reporting templates in
radiology could reduce variability and improve the consistency of training data [113].

5.2.2. Improving Model Architectures

• Hybrid Deep Learning Models: Combining CNNs, Transformers, and graph-based learning
approaches could enhance the model’s ability to capture both visual and textual relationships in
medical images [114].

• Knowledge-Enhanced NLP Models: Incorporating medical knowledge graphs and ontologies
(e.g., UMLS ) can improve the factual accuracy and interpretability of generated reports [115].

• Self-Supervised and Few-Shot Learning: Techniques such as contrastive learning and few-shot
learning could enable models to learn from limited labeled data while improving generaliza-
tion [116].

5.2.3. Enhancing Clinical Integration and Evaluation

• Clinician-in-the-Loop AI Systems: Future models should focus on AI-assisted reporting rather
than full automation, allowing radiologists to edit, refine, and validate generated reports[117].

• Development of Clinically Meaningful Evaluation Metrics: Creating new evaluation frame-
works that incorporate clinical accuracy, disease detection performance, and expert validation
will be critical for reliable assessments.

• Real-World Clinical Trials: Conducting multi-institutional clinical trials to assess model perfor-
mance in real-world radiology workflows is essential for validating AI-generated reports [118].

5.2.4. Regulatory and Ethical Considerations

• Establishing AI Governance Frameworks: Developing clear guidelines on AI-driven medical
report generation, addressing issues of bias, transparency, and accountability.
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• Ensuring Fairness and Bias Mitigation: Future research should focus on fairness-aware AI
models that minimize biases related to gender, ethnicity, and socioeconomic factors in medical AI
applications [119].

• Explainable AI for Clinical Trust: Implementing explainable AI (XAI) techniques, such as
attention heatmaps and counterfactual explanations, could help radiologists better understand
and trust AI-generated reports.

5.3. Summary of Discussion

This section highlighted the critical challenges faced by deep learning-based radiology report
generation, including data limitations, model shortcomings, evaluation constraints, and clinical in-
tegration barriers [120]. To advance this field, future research should prioritize expanding datasets,
improving model architectures, developing clinically meaningful evaluation frameworks, and address-
ing ethical and regulatory considerations. By focusing on these directions, AI-driven radiology report
generation can move closer to reliable, clinically integrated solutions that enhance diagnostic accuracy
and efficiency [121]. The next section presents the conclusions of this systematic review, summarizing
key findings and outlining the broader impact of deep learning in radiology [122].

6. Conclusion
The rapid advancements in deep learning have significantly transformed the field of medical

image analysis, particularly in the domain of radiology report generation. This systematic review
synthesized the latest research on deep learning-based approaches for automating radiology reporting,
analyzing key methodologies, datasets, evaluation metrics, and emerging trends.

6.1. Summary of Key Findings

Based on our review of XX studies, we identified several important insights:

• Shift Toward Transformer-Based Architectures: Traditional CNN-RNN frameworks have been
progressively replaced by Transformer-based models, which offer improved language modeling
and contextual understanding.

• Multimodal Learning as a Key Trend: The integration of medical image features with textual
components (e.g., medical knowledge graphs, structured reports) has improved the factual
consistency of generated reports.

• Challenges in Clinical Accuracy and Evaluation: Despite improvements in NLP metrics (e.g.,
BLEU, ROUGE, METEOR), these metrics do not fully capture the clinical correctness of reports,
highlighting the need for expert-involved evaluations.

• Limited Dataset Availability and Bias Concerns: While datasets like MIMIC-CXR and IU X-ray
have driven progress, issues such as dataset bias, imbalance, and privacy restrictions remain
major barriers to real-world deployment.

• Need for Clinician-AI Collaboration: Fully automated report generation remains an ambitious
goal; future systems should focus on AI-assisted reporting, where deep learning models support,
rather than replace, radiologists.

6.2. Broader Impact and Clinical Implications

The automation of radiology report generation has the potential to address key challenges in
modern healthcare, such as reducing radiologists’ workload, improving reporting consistency, and
enabling faster diagnoses. However, before widespread clinical adoption can be achieved, several
factors must be addressed:

• Regulatory Approval: AI-driven medical applications require validation through rigorous clinical
trials and compliance with regulatory standards (e.g., FDA, CE certification).

• Ethical Considerations: Ensuring fairness, transparency, and accountability in AI-generated
reports is crucial to prevent biases that may negatively impact patient care.
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• Seamless Integration into Radiology Workflows: AI models should complement radiologists’
decision-making rather than operate in isolation, allowing for real-time editing, feedback, and
verification.

6.3. Future Outlook

Moving forward, several key areas warrant further research and development:

• The creation of large-scale, diverse, and publicly available datasets with structured annotations
to improve model generalization.

• The adoption of self-supervised learning and knowledge-enhanced AI to mitigate data scarcity
issues and improve factual correctness in generated reports.

• The development of clinically meaningful evaluation metrics that assess diagnostic accuracy
rather than mere text similarity.

• The implementation of explainable AI techniques to enhance transparency and trust among
clinicians and regulatory bodies.

• The conduction of real-world clinical trials to evaluate the effectiveness of AI-assisted radiology
reporting in hospital settings.

6.4. Final Remarks

Deep learning has demonstrated remarkable potential in automating radiology report generation,
but significant challenges remain before it can be fully integrated into clinical practice. This systematic
review highlights the progress made, existing limitations, and promising future directions that can
drive further advancements in the field. By addressing current challenges through interdisciplinary
collaboration among AI researchers, radiologists, and healthcare policymakers, AI-driven radiology
reporting can evolve into a transformative tool that enhances patient care and diagnostic accuracy.
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