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The rapid integration of Deep Learning (DL) in medical imaging is revolutionizing radiology and
addressing critical challenges in diagnostic accuracy and healthcare delivery. In Indonesia and other
developing countries, the shortage of radiologists and uneven distribution of healthcare services
underline the urgency of exploring DL applications as potential solutions. This study aims to
systematically review recent trends, effectiveness, and challenges of DL in diagnostic radiology, as
well as to provide insights into its potential adaptation in the Indonesian healthcare system. Using a
systematic literature review of peer-reviewed articles (2020-2025) from PubMed, IEEE Xplore,
ScienceDirect, and Google Scholar, we identified and synthesized evidence on DL applications
across multiple imaging modalities, including CT, MRI, X-ray, and ultrasound. Results show that
DL achieves radiologist-level accuracy in tasks such as disease detection, segmentation, and
automated report generation, while also improving workflow efficiency and clinical decision-
making. However, challenges remain in terms of data availability, model interpretability, ethical
issues, and clinical integration. This study provides recommendations for advancing DL adoption in
radiology, emphasizing the need for standardized validation, clinician training, and context-specific
implementation strategies in Indonesia. The findings highlight both the global and local significance
of DL in enhancing healthcare access and equity.
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INTRODUCTION

The rapid advancement of deep learning technology has significantly transformed various
sectors, including healthcare. Deep learning, a branch of machine learning, employs artificial neural
networks to analyze vast amounts of data. In recent years, its application in radiology has shown
promising results, enabling the generation of more coherent and accurate radiology reports than
traditional methods, as highlighted by (Monshi , Poon, & Chung , 2020). Additionally, deep learning
has enhanced the quality of medical image analysis, allowing for improved insights from complex
datasets, (Li, Jiang , & Zhang Y, 2023) have demonstrated.

Substantial progress has been made toward implementing automated radiology reporting
models based on deep learning. This progress is largely attributed to the introduction of large medical
text and image datasets, which facilitate the generation of coherent paragraphs that surpass traditional
medical image annotation or single-sentence descriptions. This development has garnered significant
academic attention as it represents a practical and challenging application that bridges visual medical
features with radiologist-generated text. The most common approach has involved utilizing publicly
available datasets to develop deep learning models that integrate convolutional neural networks
(CNN) for image analysis alongside recurrent neural networks (RNN) for natural language processing
(NLP) and natural language generation (NLG).

In Indonesia, the challenges within the field of radiology are notable, characterized by a
shortage of radiologists and uneven distribution of healthcare services. The introduction of deep
learning technology can address these issues by increasing diagnostic efficiency and accelerating image
analysis processes, thereby alleviating the workload on existing radiologists, as discussed by (Nazir,
Sarwar , & Saini , 2024). Given the urgency of improving access to and quality of healthcare in
Indonesia, deep learning presents a viable solution to enhance diagnostic capabilities and patient care.

However, the implementation of deep learning in radiology faces several challenges,
including the scarcity of high-quality data, the complexity of algorithms, and the integration of new
technologies into existing clinical practices. Understanding the structures of radiology text and image
datasets, as well as improving existing deep learning models and evaluation metrics, are critical
challenges that need to be addressed. Ethical concerns regarding privacy and data security also pose
significant hurdles. Despite these challenges, the effectiveness of deep learning in enhancing medical
diagnosis has been demonstrated across various imaging modalities, such as CT, MRI, and X-ray,
where these technologies can identify patterns often missed by human observers, as noted by (Gore,
2019).

In developing countries like Indonesia, the role of deep learning is crucial for improving
healthcare systems, particularly in light of limited human resources and the necessity for efficient
diagnostic processes. This research aims to explain the current trends and technologies in deep
learning within the field of radiology, review the effectiveness and challenges associated with its
implementation, and provide insights into the potential adaptation of deep learning in Indonesia.
Ultimately, this study seeks to enrich the existing literature on the application of artificial intelligence
in healthcare while informing the development and implementation of Al technologies within the
radiology system in Indonesia, taking local contexts and challenges into account (Mohseni , et al.,
2022)

METHOD
This study employed a systematic literature review approach to analyze the evolution,

applications, and challenges of Deep Learning (DL) in diagnostic radiology. The review followed
three main stages: identification, screening, and eligibility assessment.
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Data Sources and Search Strategy

Relevant articles were retrieved from PubMed, IEEE Xplore, ScienceDirect, and Google
Scholar using combinations of keywords such as “deep learning,” “radiology,” “medical imaging,”
“CT,” “MRI,” “X-ray,” and “ultrasound.” The search was limited to peer-reviewed articles published
between 2020 and 2025 in English.

”

Inclusion and Exclusion Criteria.

Articles were included if they (1) discussed the application of DL in radiology, (2) focused on
diagnostic accuracy, clinical implementation, or workflow impact, and (3) provided empirical findings
or systematic evaluations. Exclusion criteria included (1) non- peer-reviewed sources, (2) conference
abstracts without full papers, (3) articles not directly related to radiology, and (4) studies focusing
solely on algorithm development without medical application.

Data Collection and Analysis

After removing duplicates, titles and abstracts were screened for relevance. Full-text articles
were then evaluated against the inclusion criteria. Data extracted included study objectives, imaging
modality, DL model used, dataset characteristics, evaluation metrics, and main findings.

Data Synthesis

The review results were synthesized using a narrative thematic approach, categorizing
findings into emerging trends, dominant DL architectures, clinical applications across imaging
modalities, evaluation metrics, and implementation challenges. This synthesis method was chosen
over meta-analysis due to the heterogeneity of study designs, datasets, and outcome measures across
the included literature..

RESULTS AND DISCUSSION

The rapid advancement of deep learning over recent years has significantly transformed the
field of radiology, introducing a wide range of applications that hold the potential to revolutionize
diagnostic practices and clinical workflows. Recent studies have demonstrated that deep learning can
enhance the accuracy of detection, classification, segmentation, and even automate radiology report
generation across various imaging modalities. The integration of these technologies has shown the
capability to alleviate radiologists' workload, facilitate the prioritization of emergency cases, and
support diagnostic decision-making processes. Despite its promising potential, the adoption of deep
learning in radiology continues to face substantial challenges, particularly concerning the availability
of representative datasets, model interpretability, ethical considerations, and regulatory constraints.
This comprehensive review aims to explore recent trends, prevalent methodologies, clinical
implementations, performance evaluations, as well as the future challenges and opportunities in the
application of deep learning to radiological imaging.

Emerging Trends in Deep Learning for Medical Imaging

The development of deep learning technologies in recent years has had a transformative
impact on the field of radiology. Research shows that radiology, as a highly data-dependent specialty,
is conducive to utilizing artificial intelligence-based data processing techniques. Since 2020, a
significant increase has occurred in the number of scientific publications relating to deep learning
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applications in radiology, illustrating the scientific community's growing interest in this technology's
potential to improve diagnostic efficiency and clinical outcomes.

Some of the key trends that can be identified are the development of more complex models
with better generalization capabilities, an increased focus on model interpretability, and multimodal
integration that combines image data with clinical patient information. Data from the Association of
University Radiologists Radiology Research Alliance Task Force shows that deep learning has made
a significant impact in several areas of radiology, including lesion or disease detection, classification,
quantification, and segmentation. These advancements have the potential to reduce radiology
interpretation errors, which Langlotz says account for about 4% of all radiology interpretations and
contribute up to 10% to patient deaths related to diagnostic errors.

Another prominent trend is the development of deep learning systems for case triage and
prioritization. Google, for example, has developed a system that can detect abnormalities in chest X-
rays with accuracy equivalent to a professional radiologist. Such deep learning systems are not
intended to replace radiologists, but rather to increase their productivity in the face of increased
workloads and help address the shortage of radiologists in developing countries including Indonesia.

Automatic Radiology Report Generation (ARRG) is another significant development that
uses deep learning to automatically generate radiology reports based on medical images. Systematic
research by (Liao, Liu, & pasic, 2023) identified 41 studies focusing on ARRG and 14 commonly used
radiology datasets in those studies. The ability of ARRGs to automatically generate diagnostic reports
has the potential to reduce the administrative burden on radiologists, allowing them to focus on the
more complex aspects of clinical interpretation.

Recent developments have also seen the integration of federated learning techniques to
address issues of data privacy and collaboration between institutions. According to (Yang, et al.,
2021), this approach enables model training from multi-national data without directly sharing patient
data, which is particularly relevant for the development of robust and generalizable models in a global
context.

Deep Learning Overview

Working Principle of Deep Learning in Diagnostic Radiology

The working principle of deep learning in diagnostic radiology is briefly illustrated in Figure
1, which involves the following steps:

(a) Image Encoding: A radiological image (e.g., X-ray, CT, MRI) is input into a convolutional
neural network (CNN), where the early layers extract basic patterns such as edges and textures, while
the deeper layers capture abstract clinical features such as lesions, tumors, or fractures.

(b) Feature Extraction and Pathology Prediction: The extracted feature maps are passed
through the core layers of the network, which perform spatial encoding and semantic abstraction. At
this stage, multiple regions of interest (ROIs) can be localized, and clinical labels (e.g., pneumonia,
pneumothorax) are predicted—often in the form of bounding boxes or segmentation masks—
accompanied by confidence scores.

(c) Final Diagnostic Decision: A final prediction is computed for each region based on
classification confidence and spatial precision (e.g., bounding box overlap). For overlapping or
ambiguous detections, post-processing methods such as non-maximum suppression (NMS) or
thresholding are applied. The model then outputs the most probable diagnosis, lesion location, and a
confidence score.

Deep Learning Architecture in Medical Imaging Applications

(a) depicts the traditional convolutional neural network (CNN) pipeline, where radiological
input data such as X-ray, CT, or MRI scans passes through multiple convolutional and pooling layers.
These layers progressively extract low- to high-level features before reaching fully connected layers
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that output a diagnostic prediction. This architecture is widely used for classification tasks, such as
detecting pneumonia or identifying fractures.

Subfigure (b) illustrates a basic multilayer perceptron (MLP), a type of feedforward neural
network comprising input, hidden, and output layers. Although MLPs are effective for general-
purpose learning tasks, they lack the ability to capture spatial hierarchies in image data, making them
less suitable for radiology compared to CNNs.

Subfigure (c) shows the U-Net architecture, which has become a standard model for medical
image segmentation. U-Net features an encoder-decoder structure with skip connections that link
layers across the two paths. These connections enable the model to retain spatial details and improve
segmentation accuracy, making U-Net ideal for tasks such as tumor boundary delineation or lesion
localization in CT and MRI scans.

Finally, subfigure (d) represents an advanced architecture incorporating a Feature Pyramid
Network (FPN) with U-Net-like skip connections. This structure includes downsampling and
upsampling paths, along with concatenation operations, enabling multi-scale feature integration. It is
particularly effective for complex tasks that require simultaneous detection of small nodules and larger
abnormalities.

Together, these subfigures reflect the progressive sophistication of deep learning models in
radiology, evolving from simple classification networks to highly specialized architectures for
detection, segmentation, and multi-scale feature analysis.

In 2012, Krizhevsky et al. introduced AlexNet, which marked a major breakthrough in image
classification using deep learning. In 2017, CheXNet demonstrated that deep learning models could
match or surpass expert radiologists in detecting pneumonia from chest X-rays. Since then, neural
network architectures have evolved rapidly and diversified into models for segmentation (e.g., U-Net,
nnU-Net), classification (e.g., DenseNet121), and detection.

Today, deep learning is widely used in the medical domain to detect diseases such as lung
cancer, brain hemorrhage, breast tumors, and COVID-19 pneumonia. Several studies have shown
that radiology-specific modifications to network architectures such as grayscale adaptation, noise
handling, and attention mechanisms can significantly enhance performance in clinical settings. A
timeline of deep learning evolution in radiology and widely adopted models is illustrated in Figure
1(c), showing the transition from basic CNN classifiers to hybrid architectures that integrate detection,
segmentation, and clinical decision support.

(a) Image encoding (b) Feature Extraction, Pathology Prediction

v
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Feature

(c) Final Diagnostic Decision
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Figure 1. A working principle of deep learning in diagnostic radiology
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Figure 2. Deep learning architecture in medical imaging applications

Table 1. Evolution of deep learning architectures in radiology

Year Model Contibuted
2012 AlexNet A breakthrough in image classification using learning.
deep
2017 CheXNet Demonstrates that deep learning models can match or surpass
expert radiologists in detecting pneumonia from chest X-rays.
Segmentation models widely used in medical imaging.
2015 U-Net
2018 U-Net An automatic segmentation framework that adapts to
various medical segmentation tasks.
2015 DenseNet121 An efficient classification model with dense connections
between layers.
2015 YOLO A real-time object detection model used to detect lesions
in medical images.
2015 Faster R-CNN A two-stage object detection model used for lesion
detection

Dominant Deep Learning Architectures in Radiology
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In the context of radiology, several deep learning architectures have demonstrated superior
performance and wide adoption. Convolutional Neural Networks (CNN) remain the backbone of
most medical imaging applications due to their excellent capabilities in visual feature extraction.
CNNs have proven to be highly effective in the processing of structured data such as medical images,
with a wide variety of architectures developed to meet the specific needs of radiology applications.

The ResNet (Residual Networks) architecture has become a popular choice due to its ability to
overcome the vanishing gradient problem, allowing for deeper and more complex network training.
(Zhou, et al., 2021), showed that ResNet-50 and ResNet-101 have been effectively used for lung
nodule detection on CT scans with sensitivity reaching 94% and specificity 91%, making them a
promising choice for clinical applications that require high accuracy.

EfficientNet, which uses a systematic scaling method to balance the depth, width, and
resolution of the network, has also shown promising results in radiology applications. A study by
(Kocon, et al.,, 2024) demonstrated that EfficientNet-B4 achieved 96% accuracy in pneumonia
classification on chest X-ray images, outperforming conventional CNN architectures with a smaller
number of parameters, making it more efficient for implementation in environments with limited
computing resources.

Generative Adversarial Networks (GANs) have gained particular attention in radiology for
applications such as image quality enhancement, image synthesis, and data augmentation (Zhu &
Rosen, 2020) used CycleGANSs to convert T1 to T2 MRI images with quality equivalent to the original
acquisition, potentially reducing scan time and improving patient comfort without sacrificing
diagnostic information.

In recent years, Transformer-based architectures, originally developed for natural language
processing, have been adapted for medical imaging applications. Vision Transformer (ViT) and its
variants such as Swin Transformer have shown promising performance in radiology image
classification and segmentation tasks. (Secinaro et al., 2021) reported that the Swin Transformer
achieved a Dice score of 0.89 in brain tumor segmentation in MRI images, outperforming U-Net
which was the previous industry standard.

Ensemble approaches that combine multiple architectures are also gaining popularity, where
the strengths of different models are combined to improve accuracy and robustness. demonstrated that
an ensemble approach combining DenseNet, ResNet, and EfficientNet achieved a 3.2% improvement
in accuracy compared to the single best model in COVID-19 classification from chest CT images,
demonstrating the potential of collaborative approaches in improving diagnostic performance.

Implementation of Deep Learning on Different Imaging Modalities

CT Scan

Computed tomography (CT) has been one of the imaging modalities that has benefited the most
from advances in deep learning. Prominent applications include detection and characterization of
pulmonary nodules, classification of liver lesions, and identification of intracranial hemorrhage.
(Langlotz, et al., 2020) reported a deep learning system capable of detecting intracranial hemorrhage
on head CT with 98% sensitivity and 95% specificity, enabling rapid triage of patients requiring
immediate intervention.

During the COVID-19 pandemic, deep learning for chest CT analysis became the focus of
intensive research. A multicenter study by (Yang, et al., 2021) developed a ResNet-based model that
achieved 89% accuracy in identifying COVID-19 pneumonia, aiding rapid diagnosis and patient
management during a global health crisis. The study also demonstrated the success of a federated
learning approach that enabled model training using data from China, Italy, and Japan without direct
patient data transfer between institutions.

Segmentation of organs and anatomical structures on CT has also shown significant progress.
U- Net and its variants have been used for automated segmentation of abdominal organs with Dice
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coefficient reaching 0.95 for liver and 0.90 for kidney, greatly assisting in surgical and radiotherapy
planning as described by (Willemink, et al., 2020) This automatic segmentation capability not only
improves workflow efficiency but also reduces inter-observer variability that often occurs in manual
measurements.

MRI

Magnetic resonance imaging (MRI) presents unique challenges for deep learning analysis due
to acquisition variability and signal complexity. However, significant progress has been made in brain
structure segmentation, tumor detection and classification, and neurodegenerative disease
assessment.(Y. Zhang et al., 2023) developed a 3D CNN architecture for brain tumor segmentation
on multimodal MRI images, achieving 94% accuracy in distinguishing high-grade from low-grade
glioma tumors.

The use of GANs for MRI image super-resolution has also shown promising results. (Y. Zhang
et al., 2023) demonstrated that GANs can increase the spatial resolution of brain MRI images by a
factor of 4x, potentially reducing acquisition time without compromising diagnostic quality. This
approach is particularly relevant in a clinical context where shorter scan times can increase patient
throughput and reduce motion artifacts.

Transfer learning has proven to be very effective in MRI applications, especially when training
data is limited. (Lundervold & Lundervold, 2019) showed that a model trained first on a large dataset
of public MRI images and then customized for a specific task can achieve comparable performance to
a model trained from scratch, despite using only 30% of the training data. This approach is particularly
valuable in the Indonesian context where large, well-labeled MRI datasets may not always be
available.

X-Ray

Conventional radiography (X-ray) is still the most commonly used medical imaging modality
worldwide, and has become a major focus of deep learning applications. The system developed by
Google is capable of detecting abnormalities in chest X-rays with accuracy equivalent to that of a
professional radiologist. It can serve as a triage tool, helping radiologists prioritize urgent and
potentially life-saving cases in settings where access to radiologists is limited.

CheXNet, a DenseNet-121-based deep learning model developed by (Secinaro et al., 2021)
achieved performance exceeding that of radiologists in detecting 14 different pathologies on chest X-
rays, with an average Area Under the Curve (AUC) of 0.84. Follow-up research has improved this
model to provide pathology localization and uncertainty estimation, increasing interpretability and
clinical confidence in the system-generated results.

Deep learning has also been applied to musculoskeletal radiographs, with notable applications
in fracture detection and osteoarthritis assessment. (McBee, et al., 2018) used EfficientNet to classify
wrist fractures on radiographs with 90% sensitivity and 88% specificity, potentially reducing
diagnostic errors in busy emergency departments. This application has particular relevance in
Indonesia where the availability of musculoskeletal specialist radiologists may be limited in remote
areas

Ultrasound

Ultrasound, although highly operator-dependent and subject to high variability, has also
benefited from deep learning applications. Research has focused mainly on image quality
improvement, structure segmentation, and lesion classification. (Prevedello, et al., 2020) developed a
model capable of detecting and classifying thyroid nodules on ultrasound with 95% sensitivity and
90% specificity, aiding decision-making on the need for biopsy.

For fetal ultrasound, deep learning has been applied for automated biometry and congenital
anomaly detection. (Yu, Mohajer, Eng, & Wispelwey, 2022) developed a CNN-based model that can
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automatically measure standardized fetal biometric parameters with an average difference of less than
2mm compared to manual measurements by experienced sonographers. In Indonesia, where access
to perinatology specialists may be limited in certain areas, this kind of application has the potential to
bridge the gap in maternal care.

The application of real-time deep learning on ultrasound is also emerging as a promising
research area. (Zhou, et al., 2021) developed a system capable of providing guidance during ultrasound
interventional procedures, improving needle placement accuracy and potentially improving clinical
outcomes for ultrasound-guided biopsy and drainage procedures.

Performance Evaluation and Success Metrics

Performance evaluation of deep learning models in radiology requires consideration of various
metrics that reflect both technical accuracy and clinical utility. While conventional metrics such as
accuracy, sensitivity, and specificity remain essential, they must be interpreted in the context of disease
prevalence and the clinical consequences of diagnostic errors.

The Area Under the Curve (AUC) of the Receiver Operating Characteristic (ROC) curve has
emerged as a standard assessment metric for deep learning models in radiology. A systematic review
by (Liao, Liu, & pasic, 2023) identified six commonly used clinical effectiveness metrics for evaluating
Automatic Radiology Report Generation (ARRG) systems, underscoring the need to assess models
not only from a technological standpoint but also in terms of clinical impact.

These metrics include clinical accuracy, alignment with reference reports, information
completeness, and terminology precision.

Comparison with human radiologist performance is another critical aspect of evaluation.
(McBee, et al., 2018) reported that a deep learning model for rib fracture detection in chest X-rays
achieved a sensitivity of 90%, compared to 75% for general radiologists, albeit with slightly lower
specificity (92% vs. 96%). These findings highlight AI’s potential as a decision-support tool that can
enhance diagnostic accuracy, particularly for commonly missed cases.

Prospective evaluation in real-world clinical settings is increasingly recognized as the gold
standard for assessing the practical utility of deep learning models. (Langlotz, et al., 2020)
implemented a deep learning system for head CT triage across multiple hospitals and demonstrated
an average reduction in interpretation time by 20 minutes for intracranial hemorrhage cases,
potentially improving clinical outcomes through earlier detection and intervention. Patient- centered
metrics, such as time to diagnosis, waiting periods, and long-term clinical outcomes, are also gaining
importance in radiology Al evaluation. (Prevedello, et al., 2020) found that deploying an Al-based
triage system for chest X-rays reduced average wait times by 31% for patients with critical findings,
emphasizing its potential benefits for clinical workflow optimization and enhanced patient care

quality.

Challenges and Limitations of Implementation

A major challenge in developing deep learning models for radiology is the scarcity of high-quality,
accurately labeled datasets. Data imbalance between normal and abnormal cases—a significant issue
identified in (Liao, Liu, & pasic, 2023) systematic review can introduce prediction bias and reduce model
generalizability across diverse patient populations. Radiology data heterogeneity further complicates
model development, with variations in imaging protocols, equipment vendors, and acquisition
parameters potentially degrading performance. (Willemink, et al., 2020) reported a 12% accuracy drop
when models trained on data from one institution were applied to another without domain adaptation,
underscoring the need for techniques to mitigate cross-institutional variability and enhance
generalizability. Data privacy and ethical concerns surrounding patient data usage for model training
pose additional challenges, particularly in Indonesia, where patient data protection regulations are still
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evolving. (Yang, et al., 2021) demonstrated federated learning as a potential solution, enabling model
training without direct data sharing, albeit with trade-offs in computational efficiency and
implementation complexity.

The "black-box" nature of many deep learning models remains a barrier to clinical adoption.
Radiologists and clinicians require transparency in model decision-making to build trust and facilitate
collaborative diagnosis. Interpretability-enhancing methods—such as class activation maps and
gradient-based feature attribution—have been extensively studied. (Kocon, et al., 2024) showed that
providing visualizations of model-predicted salient regions increased radiologists’ trust in model outputs
by 28%. Such approaches are crucial for clinical adoption in Indonesia, where clinicians may hesitate to
rely on poorly understood technologies. Advanced explainable AI (XAI) techniques, including concept-
based explanations and model-agnostic interpretability methods, have also been tailored for
radiology.(Secinaro et al., 2021) proposed a framework for generating explanations in standardized
radiological terminology, potentially improving clinical workflow integration and healthcare
professional acceptance.

The adoption of deep learning in radiology faces complex ethical and regulatory hurdles. Legal
accountability for Al-assisted diagnostic errors remains unresolved, while Indonesia’s Ministry of Health
and regulatory bodies work to balance innovation with patient safety. Algorithmic bias is another ethical
concern. (Yu, Mohajer, Eng, & Wispelwey, 2022) found that models trained primarily on data from
specific populations underperform on underrepresented demographics, potentially exacerbating
healthcare disparities. This has critical implications for Indonesia, where ethnic and geographic diversity
must be considered during algorithm development and validation. Transparency in model
development—including detailed methodology disclosure and performance evaluation results—is
increasingly emphasized by regulators and professional organizations as a prerequisite for responsible
clinical implementation. (McBee, et al., 2018) highlighted the need for consistent reporting standards to
enable comparative algorithm assessments and inform regulatory decisions.

Integrating deep learning systems into existing radiology workflows presents significant technical
and logistical challenges. Interoperability with Picture Archiving and Communication Systems (PACS)
and Radiology Information Systems (RIS) requires standardized communication protocols and well-
designed interfaces. End-user acceptance among radiologists and radiology technologists is another
critical factor for successful adoption. (Zhou, et al., 2021) identified key determinants, including
perceived usefulness, ease of use, and alignment with existing workflows. In Indonesia, where access to
technology and training may be uneven, these factors must be prioritized during implementation
planning. Economic considerations, such as implementation costs and return on investment (ROI), also
influence adoption rates. (Prevedello, et al., 2020) demonstrated that while radiology Al systems require
substantial upfront investment, they may yield long-term cost savings through improved productivity
and reduced diagnostic errors. For Indonesia’s resource-constrained healthcare system, comprehensive
health economic analyses are essential to guide adoption decisions.

CONCLUSION

The application of deep learning in radiology has led to significant advancements across
various imaging modalities such as CT scans, MRI, X-rays, and ultrasound (van Leeuwen et al.,
2021). Numerous studies have demonstrated that deep learning can enhance diagnostic accuracy,
expedite triage processes, and reduce inter-observer variability in anatomical segmentation (Brossard
et al., 2021). Innovations such as federated learning and transfer learning have further expanded
opportunities for optimizing model performance, particularly in settings with limited data availability,
as is often the case in Indonesia (Montoro et al., 2023). Overall, deep learning presents a substantial
potential to improve healthcare efficiency and support clinical decision-making (Lo Gullo et al., 2024).

Nonetheless, evaluating the performance of deep learning models in radiology cannot rely
solely on technical metrics (Khafaji et al., 2022). It is essential to assess real-world clinical impacts,
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such as time to diagnosis, workflow efficiency, and long-term patient outcomes (Q. Zhang et al.,
2024). Prospective studies conducted in actual clinical environments have proven crucial in validating
the practical benefits of these technologies (Fan et al., 2024). Additionally, direct comparisons between
Al performance and human radiologists underscore the role of Al as a supportive tool, intended to
augment rather than replace human expertise in medical imaging (Mir6-Nicolau et al., 2022).

However, significant challenges remain in the implementation of deep learning in radiology,
including data quality issues, variability across imaging sources, and ethical concerns regarding
privacy and algorithmic transparency (Fritz & Fritz, 2022). Efforts to enhance model interpretability,
such as using visualization techniques and concept-based explanations, are vital for fostering clinician
trust. Furthermore, careful attention must be paid to potential algorithmic biases, which could
exacerbate healthcare disparities, especially in diverse populations like those in Indonesia (Adams et
al., 2021).

The successful adoption of deep learning systems in radiology hinges not only on technical
excellence but also on the readiness of healthcare ecosystems to integrate these technologies (Montoro
et al., 2023). Critical factors such as system interoperability, user acceptance, availability of adequate
training, and thorough cost-benefit analyses must be considered during implementation planning.
With a cautious and systematic approach, deep learning has the potential to become a transformative
force in expanding access to and enhancing the quality of radiological services across Indonesia (Saw
& Ng, 2022).
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