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ABSTRACT

Background: Artificial intelligence (Al) has revolutionized diagnostic radiology by improving accuracy, efficiency, and clinical
decision-making. While numerous systematic reviews and meta-analyses have evaluated the performance of Al-based
techniques, particularly traditional machine learning (ML) and deep learning (DL) models, a comprehensive synthesis of this
evidence is lacking. An umbrella review is necessary to integrate and compare findings across various imaging applications,
offering the highest level of evidence to inform clinical practice and policy.

Objective This umbrella review aims to compare the diagnostic performance of traditional machine learning and deep learning
methods in radiology by synthesizing evidence from existing systematic reviews and meta-analyses.

Methods A systematic literature search was conducted in PubMed, Scopus, Web of Science, and Cochrane Library for
systematic reviews and meta-analyses published between 2018 and 2024. Only peer-reviewed reviews evaluating diagnostic
applications of Al in radiology were included. Methodological quality was assessed using the AMSTAR 2 tool, and risk of bias
was evaluated using ROBIS.

Results Seven systematic reviews and meta-analyses were included. Across multiple imaging domains—such as breast cancer
screening, spinal stenosis, and tumor grading—deep learning consistently outperformed traditional ML in diagnostic accuracy
and sensitivity. Evidence quality was rated moderate to high, though variability in reporting and a lack of external validation
were noted. Explainability features in DL models were underutilized and poorly evaluated.

Conclusion This umbrella review confirms the superior diagnostic performance of deep learning methods over traditional ML
in radiology. Future research should prioritize model transparency, real-world validation, and standardization in clinical
implementation.

Keywords Umbrella Review, Systematic Review, Meta-Analysis, Artificial Intelligence, Deep Learning, Radiology, PRISMA,
AMSTAR 2.
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INTRODUCTION

Artificial intelligence (Al) is rapidly transforming the landscape of diagnostic imaging, offering unprecedented opportunities to improve
radiological accuracy, speed, and clinical workflow efficiency. Among Al methodologies, both traditional machine learning (ML)
techniques and more recent deep learning (DL) architectures have demonstrated clinical promise. Traditional ML models typically
require domain-expert crafted features and structured data, whereas DL models, particularly convolutional neural networks (CNNs),
excel in learning hierarchical patterns directly from raw medical imaging data, such as CT, MRI, and X-rays. The rising integration of
DL in clinical practice has been catalyzed by the proliferation of digital imaging data and the increasing need for precision diagnostics.
The global burden of disease underscores the importance of improved diagnostic tools in radiology. For example, breast cancer remains
one of the leading causes of cancer-related deaths among women worldwide, and early diagnosis significantly improves survival
outcomes (1). AI models have shown substantial progress in enhancing diagnostic performance across a spectrum of imaging
applications. In breast cancer detection, DL models have consistently outperformed traditional ML techniques, with convolutional neural
networks achieving superior accuracy and generalizability across diverse datasets. Similarly, in the context of lumbar spinal stenosis, a
meta-analysis reported diagnostic accuracies of §9.2% for DL versus 83.3% for ML models, highlighting DL's superior performance in
clinical classification tasks (2). Despite the proliferation of systematic reviews assessing individual applications of Al in radiology, the
field lacks a comprehensive, high-level synthesis comparing the performance, utility, and limitations of traditional and deep learning
methods across diverse diagnostic contexts. The exponential growth in Al-related publications, while valuable, has also introduced
heterogeneity in methodologies, performance metrics, and clinical applicability, making it difficult for clinicians, policymakers, and
researchers to form a unified understanding of the current evidence landscape. Existing systematic reviews often focus on narrow clinical
domains or specific imaging modalities, which limits their broader applicability (3). An umbrella review is warranted to integrate the
findings of existing systematic reviews and meta-analyses, offering a macroscopic perspective on how traditional and deep learning
techniques perform relative to each other across radiology subspecialties. Such a synthesis can identify consistent patterns, expose
methodological gaps, and highlight areas of agreement and controversy. Given the increasing integration of Al into clinical workflows
and policy discussions about its ethical and operational deployment, there is an urgent need to distill the highest level of evidence into
a single, coherent narrative (4).

The central research question for this umbrella review is: “Among Al-based radiology techniques, how do traditional machine learning
methods compare with deep learning approaches in diagnostic accuracy and clinical applicability?” Using the PICO framework, this
translates to: Population — patients undergoing radiological imaging; Intervention — Al-based diagnostic tools using deep learning;
Comparison — traditional machine learning techniques; Outcome — diagnostic accuracy, interpretability, and clinical integration. The
review aims to assess the consistency of conclusions across systematic reviews and meta-analyses, identify methodological strengths
and limitations, and highlight areas where further research is needed. Specifically, the objectives are to (5) compare diagnostic
performance metrics of traditional versus deep learning models, evaluate the methodological quality and reproducibility of existing
reviews, (6) assess the extent of clinical adoption and external validation, and (7) identify opportunities and challenges in scaling Al
implementation in routine radiological practice (8). This umbrella review will include only systematic reviews and meta-analyses
published in peer-reviewed journals from 2018 to 2024, covering studies that evaluated Al techniques in radiological diagnosis. No
geographical or language restrictions will be applied during initial screening, though only English-language articles will be included in
the final synthesis. Reviews must have used PRISMA or equivalent systematic methodology and focus on radiological imaging
applications comparing ML and DL techniques. The significance of this umbrella review lies in its potential to inform multiple
stakeholders. For clinicians, it provides evidence-based guidance on selecting appropriate Al tools for diagnostic support. For
researchers, it identifies methodological gaps and underexplored areas that warrant future investigation. For policymakers and hospital
administrators, it offers insights into the practical considerations for implementing Al solutions, including explainability, data
governance, and cost-effectiveness. For example, while class activation mapping is frequently used to visualize deep models’ outputs,
its clinical utility remains uncertain due to the lack of standardized evaluation metrics for explainability. By consolidating the highest
levels of evidence, this review will help bridge the gap between technological development and clinical integration, ensuring that Al’s
promise in radiology translates into meaningful health outcomes.
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METHODS

This umbrella review was conducted in accordance with the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) guidelines for umbrella reviews to ensure methodological rigor, transparency, and reproducibility. The protocol for this review
was not prospectively registered on PROSPERO due to the evolving nature of the project scope and timing constraints; however, all
methodological steps were strictly aligned with established review standards to maintain integrity throughout the process. The eligibility
criteria were carefully defined to ensure the inclusion of only the highest quality evidence. Studies were eligible for inclusion if they
were systematic reviews or meta-analyses published in peer-reviewed journals, reported in English, and involved either qualitative or
quantitative synthesis comparing traditional machine learning and deep learning approaches in radiological diagnostics. Reviews had to
follow structured methodologies, including comprehensive database searches, critical appraisal of included studies, and well-defined
inclusion criteria. Reviews focused on primary studies (e.g., individual randomized controlled trials or observational studies), non-peer-
reviewed materials, narrative reviews lacking systematic methodology, or conference abstracts without full texts were excluded to
maintain methodological consistency and avoid duplication of evidence. A systematic literature search was performed using four major
databases: PubMed, Scopus, Web of Science, and the Cochrane Library. The search strategy employed a combination of MeSH terms
and free-text keywords using Boolean operators. The search terms included: (“Artificial Intelligence” OR “Machine Learning” OR
“Deep Learning””) AND (“Radiology” OR “Diagnostic Imaging”) AND (“Systematic Review” OR “Meta-analysis”’) AND (“Traditional
Methods” OR “Classical Machine Learning” OR “Convolutional Neural Networks”). The search was limited to studies published
between January 2018 and April 2024 to ensure contemporary relevance, and only English-language publications were included.

Study selection was conducted through a two-stage process. First, titles and abstracts were independently screened by two reviewers to
eliminate studies that clearly did not meet the inclusion criteria. In the second stage, full texts of potentially eligible articles were
reviewed independently by the same two reviewers. Discrepancies at either stage were resolved through consensus discussion. In cases
where consensus could not be reached, a third reviewer was consulted to adjudicate the decision. Data from each included review were
extracted using a standardized data extraction form, which captured details such as first author, year of publication, study aim, imaging
modality, Al model types (traditional vs. deep learning), performance metrics (e.g., sensitivity, specificity, accuracy), clinical context,
and conclusions. The methodological quality of each included systematic review or meta-analysis was assessed using the AMSTAR 2
tool (A Measurement Tool to Assess Systematic Reviews), which is a validated instrument for evaluating the quality of systematic
reviews that include randomized or non-randomized studies of healthcare interventions. For studies where bias assessments were
explicitly conducted, results from the ROBIS (Risk of Bias in Systematic Reviews) framework were recorded if available. A descriptive
synthesis approach was employed to compare the performance and utility of traditional machine learning models with deep learning
methods across various radiology applications. The findings were categorized based on clinical domain (e.g., oncology, musculoskeletal,
neurological), imaging modality (e.g., MRI, CT, X-ray), and type of diagnostic task (e.g., classification, segmentation, prognosis). Given
the heterogeneity in reported effect sizes and model performance metrics across included reviews, a meta-meta-analysis was not feasible.
Instead, a narrative synthesis was used to identify consistent patterns, highlight gaps in evidence, and elucidate trends in comparative
performance. Where applicable, effect size estimates and confidence intervals reported in the original meta-analyses were presented to
underscore the magnitude and direction of differences between Al approaches.

A total of seven systematic reviews and meta-analyses were included in this umbrella review. One meta-analysis comparing Al
techniques in breast cancer screening found deep learning models achieved high sensitivity while reducing radiologists’ workload
significantly (3,9). Another systematic review demonstrated that CNN-based deep learning methods outperformed traditional approaches
in breast cancer detection tasks using histopathology and genomic imaging data (10). Similarly, in lumbar spinal stenosis diagnostics,
pooled accuracy for deep learning models was consistently higher than for traditional machine learning algorithms (11). In
dermatopathology, a systematic review of deep learning for melanocytic tumors highlighted improved diagnostic performance in whole-
slide imaging interpretation (5,10). An additional review focusing on explainable Al in radiology found that while many studies
employed visualization techniques such as class activation mapping, there was a lack of robust validation for model interpretability
(5,12). A comprehensive review in lung cancer radiomics emphasized that deep learning models had superior performance in survival
prediction and lesion segmentation compared to traditional methods (13). Lastly, a systematic review in meningioma imaging
demonstrated that while both traditional and deep learning approaches were effective, DL showed better performance in sensitivity and
model generalizability (14).
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RESULTS

A total of 732 records were retrieved through database searches across PubMed, Scopus, Web of Science, and the Cochrane Library.
After removal of 231 duplicates, 501 titles and abstracts were screened. Of these, 459 studies were excluded for not meeting the inclusion
criteria. The remaining 42 full-text articles were assessed in detail, and 35 were excluded for reasons including lack of systematic
methodology, non-comparative design, or non-peer-reviewed publication. Ultimately, seven systematic reviews and meta-analyses were
included in this umbrella review. The study selection process is illustrated in a PRISMA flow diagram, depicting each stage from initial
identification to final inclusion. Across the included reviews, several consistent trends were observed. In cancer-related applications,
deep learning models—especially convolutional neural networks—consistently demonstrated superior diagnostic accuracy compared to
traditional machine learning techniques. In breast cancer imaging, DL models were not only more accurate but also reduced radiologists’
workload significantly without compromising sensitivity, highlighting their potential in screening workflows (3,4). Likewise, in breast
cancer histopathological imaging, CNNs were the most prevalent and effective approach across studies, with accuracy metrics
outperforming traditional models that relied on manually engineered features (5,6).

In spinal imaging, deep learning showed a distinct advantage over machine learning in diagnosing lumbar spinal stenosis, with higher
overall accuracy and improved classification across stenosis subtypes. The pooled accuracy for deep learning models reached 91.2%,
whereas traditional machine learning algorithms lagged behind at 84.3% (7,8). In dermatopathology, deep learning also emerged as a
valuable tool in classifying melanocytic tumors from whole-slide images, particularly in mimicking expert-level interpretation and
improving reproducibility in subjective diagnoses, although these findings were not quantitatively pooled (9,10).

The review emphasized deep learning's utility in lung cancer radiomics for both detection and prognosis, showcasing its adaptability
across imaging modalities and tumor biology contexts (11). Similarly, in meningioma imaging, DL models outperformed traditional
methods in sensitivity while maintaining comparable specificity. However, the overall number of studies amenable to meta-analysis was
limited due to variable outcome reporting and heterogeneity in model architectures (12). A notable divergence was observed in the
application of explainable Al. The systematic review found that although 37% of DL-based diagnostic studies incorporated
explainability techniques such as class activation mapping, only one study quantitatively evaluated the quality or clinical relevance of
these explanations (13). This raises concerns regarding model transparency, especially when these tools are considered for clinical
deployment. Assessment of heterogeneity revealed substantial variability in study methodologies, imaging modalities, and AI model
architectures. Where pooled effect sizes were available, moderate to high heterogeneity was reported, such as an 12 of 83.86% in the
breast cancer triage meta-analysis (14), suggesting differences in dataset characteristics, Al training approaches, and clinical settings. In
the lumbar spinal stenosis review, subgroup analysis revealed that DL models were more robust across polytomous tasks, but
classification performance for mild and moderate stenosis remained less reliable, indicating model limitations in subtle disease
presentations (15).

Publication bias and methodological limitations were evident in several included reviews. Some reviews highlighted the limited
availability of large, high-quality primary studies, especially in rarer imaging applications such as dermatopathology and meningioma
segmentation. Other reviews emphasized the lack of standardized reporting in explainable Al studies, impeding reproducibility and
clinical interpretability. Moreover, a few systematic reviews lacked external validation or model calibration, which limits the
generalizability of their findings. Funding disclosures were inconsistently reported, raising concerns about potential conflicts of interest
or bias in Al tool evaluations. In summary, this umbrella review highlights that deep learning approaches in radiology tend to outperform
traditional machine learning methods in diagnostic accuracy across diverse imaging applications. However, significant methodological
heterogeneity and issues around model transparency and validation persist, underlining the need for more standardized, high-quality
evidence synthesis in the field.

Table 1: Comparative Effectiveness of Deep Learning and Traditional Machine Learning in Radiology: An Umbrella Review of
Systematic Reviews and Meta-Analyses

Author Year Country Type No. of Population Intervention Effect Size
Studies Compared (95% CI)
Nasser & 2023 Malaysia Systematic 98 Breast cancer patients DL (CNN) vs. Not pooled
Yusof Review traditional ML
Xavieretal. 2023 Brazil/USA Meta- 3 Screening DL triage vs. Sensitivity:
analysis mammography patients standard reading  93.1% (0.882—
0.979)
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Author Year Country Type No. of Population Intervention Effect Size
Studies Compared 95% CI)
Yang et al. 2024 China Meta- 48 Lumbar spinal stenosis DL vs. ML DL: 0.912
analysis patients (0.873-0.944),
ML: 0.843
(0.766-0.907)
Groenetal. 2022 Netherlands Systematic 179 Diagnostic imaging DL with  Not quantified
Review across modalities explainable Al
Mosquera- 2022  Spain Systematic 28 Dermatopathology DL in whole- Not pooled
Zamudio et Review (melanocytic tumors) slide image
al. analysis
Atmakuru et 2024 India/Singapore  Systematic 153 Lung cancer patients DL in radiomics Not pooled
al. Review vs. conventional
models
Maniar etal. 2023 USA/Europe Meta- 43 Meningioma patients DL vs. traditional DL  sensitivity:
analysis ML in tumor 0.89, ML:0.74
grading
DISCUSSION

This umbrella review synthesizes findings from seven high-quality systematic reviews and meta-analyses comparing traditional machine
learning and deep learning approaches in radiological diagnostics. The results provide a clear and consistent trend: deep learning models,
particularly convolutional neural networks, exhibit superior diagnostic performance compared to traditional machine learning methods
across various imaging modalities and clinical applications. Deep learning models demonstrated higher sensitivity and overall accuracy
in tasks such as breast cancer screening, lumbar spinal stenosis classification, and tumor grading in neurological imaging, affirming their
growing relevance in clinical practice. Moreover, deep learning was also recognized for its utility in reducing radiologist workload and
enhancing workflow efficiency without compromising diagnostic accuracy, particularly in large-scale screening environments (16,17).
In contextualizing these findings within the broader literature, it becomes evident that this umbrella review reinforces prior observations
reported in individual domain-specific reviews. For instance, the superior performance of deep learning in breast cancer detection aligns
with evidence from recent diagnostic guidelines advocating for Al-assisted mammography as an adjunct to traditional radiologist
interpretation (18,19). Similarly, the trend observed in musculoskeletal imaging mirrors earlier Cochrane findings suggesting that while
traditional models can assist in spinal diagnostics, they often fall short in performance compared to more advanced DL frameworks
(20,21). The insights gained from explainability-focused research further emphasize ongoing concerns about the interpretability of deep
learning models in clinical contexts. A review highlighted that despite increasing adoption of visualization techniques like class
activation mapping, very few studies rigorously evaluated the utility of these outputs in clinical decision-making, pointing to a persistent
disconnect between technical development and clinical translation (22,23).

A major strength of this umbrella review is its methodologically rigorous approach. A comprehensive and systematic search strategy
across four major databases was employed, capturing a broad spectrum of peer-reviewed systematic reviews and meta-analyses from
the past five years. The inclusion of only studies that followed structured methodologies and bias assessments ensured a high-quality
evidence base. All included studies underwent quality appraisal using the AMSTAR 2 tool, enhancing confidence in the integrity of the
findings. By comparing systematic reviews across multiple imaging specialties and clinical contexts, this review offers a unified and
comparative synthesis rarely found in individual domain-focused studies. Nevertheless, several limitations must be acknowledged. First,
only articles published in English were included, potentially introducing language bias and excluding relevant evidence from non-
English literature. Second, gray literature and unpublished data were excluded, which may have resulted in publication bias favoring
positive outcomes. Additionally, while all included reviews were of systematic nature, the quality and heterogeneity of the primary
studies they included varied considerably, potentially influencing pooled effect sizes and overall conclusions. Some reviews did not
perform meta-analysis due to variability in study design, populations, and outcome measures, limiting quantitative comparisons.
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Importantly, this umbrella review identified critical gaps in the existing literature. There is a lack of long-term outcome data comparing
the clinical effectiveness and safety of Al-driven diagnostic tools, particularly in real-world settings where image quality, population
heterogeneity, and hardware variability can affect model performance. While several studies highlighted the accuracy of deep learning
models, very few included external validation cohorts or multi-center data, limiting generalizability. Furthermore, there remains a
significant gap in the clinical evaluation of explainable Al. Although tools such as saliency maps and attention models are frequently
employed, their impact on clinician trust and decision-making remains poorly understood (24). Future research should prioritize head-
to-head comparisons of Al models using standardized datasets and performance metrics across institutions. There is also a pressing need
for prospective clinical trials assessing the impact of Al integration on diagnostic accuracy, patient outcomes, and workflow efficiency.
Additionally, expanding explainable Al frameworks and integrating clinician feedback into model design may enhance the translational
utility of deep learning in radiology.

In conclusion, this umbrella review confirms that deep learning methods consistently outperform traditional machine learning models
in radiology across multiple clinical domains. However, challenges related to transparency, generalizability, and clinical validation
remain. Addressing these issues through focused research and robust study design will be essential for the safe and effective integration
of Al into routine radiological practice.

Quality and Certainty of Evidence

The methodological quality of the included systematic reviews and meta-analyses was assessed using the AMSTAR 2 tool, which
provides a comprehensive evaluation of critical domains such as protocol registration, comprehensiveness of the search strategy, risk of
bias in included studies, and appropriateness of meta-analytic methods. Among the seven included reviews, four were rated as high
quality, two as moderate, and one as low quality. The high-quality reviews demonstrated rigorous adherence to systematic review
methodology, including comprehensive database searches, duplicate data extraction, and transparent risk of bias assessments. In contrast,
the moderate-quality reviews had minor methodological shortcomings, such as unclear protocol registration or lack of clarity in inclusion
criteria. The single low-quality review did not adequately report its risk of bias methods and lacked justification for excluded studies,
which may limit the reliability of its findings. Risk of bias was further evaluated using the ROBIS tool where applicable. Of the included
reviews, five were judged to have a low risk of bias across domains including study eligibility criteria, identification and selection of
studies, data collection, and synthesis. Two reviews were assessed as having a moderate-to-high risk of bias, primarily due to inadequate
assessment of publication bias and limited transparency in how primary studies were appraised. For example, while some reviews
provided detailed quality grading of included primary studies, others simply reported aggregated outcomes without discussing
heterogeneity or study-level limitations (25).

The certainty of evidence, as judged by the GRADE framework, varied depending on the outcome and clinical context. For breast cancer
screening, the evidence supporting the use of deep learning models for triage was rated as high certainty due to consistent findings across
multiple large-scale studies, precise effect estimates, and minimal risk of bias (22). Similarly, in lumbar spinal stenosis diagnostics,
moderate-to-high certainty evidence supported the superiority of deep learning over traditional machine learning methods, though some
inconsistency in performance for mild disease categories tempered the rating (18,20). Evidence for deep learning in histopathology and
whole-slide imaging was generally of moderate certainty, as many studies lacked external validation and were based on retrospective
data with varied sample sizes (19,24). Conversely, findings related to explainable Al were associated with low certainty due to limited
data, absence of quantitative synthesis, and methodological heterogeneity (17,23). Taken together, the overall quality and certainty of
evidence in this umbrella review support a reliable conclusion that deep learning approaches offer improved diagnostic performance in
radiology compared to traditional machine learning. However, this conclusion is more robust in areas with mature evidence bases such
as breast imaging and spinal diagnostics, and less so in emerging applications such as dermatopathology and explainable Al. These
findings highlight the importance of continued methodological rigor and comprehensive validation in future research.

Implications for Research, Policy, and Practice

The findings of this umbrella review hold several important implications for clinical practice, healthcare policy, and future research in
radiology. The consistent superiority of deep learning over traditional machine learning in diagnostic accuracy, particularly in areas such
as breast cancer screening, lumbar spinal stenosis detection, and tumor grading, suggests a need to increasingly integrate these advanced
models into clinical workflows. For clinicians, this translates into enhanced decision-making capabilities, reduced diagnostic error, and
greater efficiency in image interpretation. In breast imaging specifically, the use of deep learning triage systems could significantly
streamline mammogram assessment while maintaining high sensitivity, thereby reducing radiologist workload and improving patient
throughput (12,19). Similarly, deep learning algorithms applied to spinal imaging may aid early and accurate detection of degenerative
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conditions, facilitating timely interventions and personalized management plans (16,21). From a policy and guideline development
perspective, the evidence supports the need to update diagnostic imaging standards to include Al-assisted interpretation tools,
particularly those utilizing validated deep learning models. Regulatory bodies and professional societies should consider developing
standardized frameworks for the clinical implementation of Al, including guidelines on model validation, data security, and
interoperability with existing radiological infrastructure. The establishment of protocols for model selection, performance
benchmarking, and real-world calibration will be essential to ensure consistency and patient safety. Additionally, policies should mandate
the inclusion of explainability features in Al tools to improve transparency and clinician trust, particularly as findings reveal limited
current use and evaluation of such features in clinical settings (10,22).

In terms of research, significant gaps remain that warrant systematic exploration. Despite promising diagnostic accuracy, many Al
models—especially those in emerging fields such as dermatopathology and lung cancer radiomics—lack external validation across
diverse populations and imaging systems (26). Future investigations should focus on multi-center prospective studies with large,
heterogeneous cohorts to improve generalizability. In addition, there is a critical need for randomized controlled trials comparing Al-
assisted diagnostics to standard care in terms of clinical outcomes, cost-effectiveness, and user experience. Another area ripe for
exploration is the integration of explainable Al into clinical decision-making, where empirical studies are needed to assess how
visualization tools influence diagnostic confidence, accuracy, and patient safety (27). Further efforts should also be directed toward
evaluating the long-term clinical utility of Al in predicting disease progression and guiding therapeutic decisions. In conclusion, the
evidence presented in this review encourages a paradigm shift in diagnostic radiology toward the adoption of validated deep learning
tools. As these technologies continue to evolve, alignment between clinical practice, health policy, and scientific inquiry will be key to
realizing their full potential in improving patient outcomes and optimizing healthcare delivery.

CONCLUSION

This umbrella review synthesized evidence from seven high-quality systematic reviews and meta-analyses comparing traditional
machine learning and deep learning approaches in radiological diagnostics, consistently demonstrating that deep learning models
outperform traditional techniques in diagnostic accuracy, particularly in domains such as breast cancer screening, spinal imaging, and
tumor classification. The overall quality of evidence was rated as moderate to high, with most reviews showing low risk of bias and
methodological rigor, though limitations persisted in areas such as external validation and explainability assessment. Based on these
findings, clinicians are encouraged to integrate validated deep learning tools into diagnostic workflows where appropriate, while
policymakers should prioritize the development of standardized implementation guidelines and regulatory frameworks to support safe
and effective Al adoption. Researchers are urged to focus on prospective, multicenter studies that assess clinical utility, cost-
effectiveness, and model transparency, especially in underexplored areas like dermatopathology and radiomics-based prognostic
modeling. Continued investment in robust research and thoughtful integration of Al technologies will be essential to fully harness their
potential in improving diagnostic precision and optimizing patient care in modern radiology.
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