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Abstract 
 
 
 
 
 
 
 

 
General Background: Radiology has evolved from analog image interpretation to data-intensive 

digital analysis, creating opportunities for artificial intelligence (AI) to support diagnostic and 

operationalprocesses. Specific Background: AI, particularly deep learning and convolutionalneural 

networks, is increasingly applied in lesion detection, image segmentation, image reconstruction, 

workflow triage, and radiomics. Knowledge Gap: Despite rapid adoption, a comprehensive synthesis 

of AI applications in radiology and the associated technical, ethical, and legal barriers remains 

necessary. Aims: This review examines current AI applications in medical imaging, their role in 

precision medicine, and the major challenges affecting clinical implementation. Results: AI 

demonstrated expert-level performance in detecting pulmonary nodules, breast cancer, and 

pancreatic lesions; automated segmentation improved quantitative assessment of tumors and 

neurodegenerative changes; deep learning reconstruction reduced radiation dose and shortened MRI 

acquisition time; triage systems prioritized urgent findings and reduced turnaround time; and 

radiomics and radiogenomics enabled non-invasive “virtual biopsy” and prognostic modeling. 

Novelty: This review integrates diagnostic, operational, and predictive roles of AI across the entire 

radiology workflow within the concept of augmented intelligence. Implications: AI is positioned as a 

collaborative tool that supports radiologists and advances precision medicine, while successful 

adoption depends on explainability, data generalizability, privacy protection, and clear regulatory 

frameworks. 

 
Highlights: 

 
• AI supports lesion detection, segmentation, and image reconstruction in medical imaging. 

• Intelligent triage and scheduling reduce turnaround time and improve radiology workflow. 

• Radiomics and radiogenomics enable non-invasive tumor characterization and prognosis prediction. 
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1. Introduction 

The field of radiology has shown a tremendous change from the discovery of X-rays last century (the 19th century) to now, 

where analog film images are being replaced by extremely complex digital data sets, high-order analysis [1]. In the past 

decade, Artificial Intelligence (AI) -particularly deep learning- has emerged as a game-changer in contemporary workflow 

[2]. The ever-increasing burden on the radiologists, spurred in part by rising global medical imaging volumes and no doubt 

fueled by the need to get it right in diagnosis, has seen intelligent algorithms change from being considered technically nice- 

to-haves to something far more impactful – a clinical need [3]. 

 
Essentially, AI in radiology takes advantage of the innate ability of a computer to mimic human thought processes like 

pattern-recognition and deep decision-making derived from analysis of immense "Big Data" sourced typically through 

modalities, such as MRI or CT, for example [4]. The secret to making these technologies work, as one might guess, is the 

ability to extract extremely fine details (some of which humans cannot see) from that image. This premise is the basis of 

"Radiomics" [5]. This emerging field converts standard images into measurable high-dimensional data that may help us 

make medical decisions in a more objective way [5]. 

 
But utilization of AI in a radiology suite is not to replace the radiologist, but to be one where you have "Augmented 

Intelligence." This modality focuses on optimizing the radiological workflow, and thematic focuses are image quality, 

radiation dose saving, and early triage for intervention of live-threading diagnosis [6]. Notwithstanding these promising 

outlooks, several challenges must be addressed, including the "black box" of algorithm decision making, data protection 

problems, and complex legal issues concerning diagnostic liability [7,8]. The purpose of this review is to illustrate the state 

of current AI applications within radiology, barriers to adoption across specialties, and how the future may unfold for a 

specialty in an increasingly automated health care setting. 

 

2. Artificial Intelligence in Analysis of Radiographic Images 

At the heart of this, one might argue that AI is at its most useful for radiology in the ability to execute those higher-order 

tasks that were hitherto only within the remit of human perception. These applications could be generally classified into 

three main tasks on CCC cases: automated detection, segmentation, and image enhancement. For instance, a small lesion 

configuration that appears irregular on a low-resolution digital radiography could be segmented further utilizing image 

analysis segmentation to enhance the lesion margins and density[9]. 

 

2.1. Computer-Aided Detection and Diagnosis (CADe/CADx) 

The application of Deep Learning, especially Convolutional Neural Network (CNN), has greatly increased the sensitivity of 

CAD systems. In thoracic radiology, AI has become so advanced that it can detect pulmonary nodules on chest CT scans as 

accurately or more accurately than attending radiologists [10]. In breast imaging, for example, AI-controlled mammography 

screening has proven highly effective in cutting down on "false negatives," or missed early-stage malignancies resulting 

from human fatigue and error [11]. 

 

 
 

 
The hypoechoic mass which was uncertained on ultrasound, it was clearly detected clearly on the AI-aided deteecton (red 

color) suggesting a pancreatic tumour[12]. 

 
Convolutional neural networks to detect a small pancreatic small lesion. CNN improve diagnostic capability and standardize 

the performance of EUS, we have developed a convolutional neural network to detect very small lesions in the pancreas[13]. 
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2.2. Image Segmentation and Quantitative Analysis 

Segmentation is the precise outlining of anatomical structures or pathologic lesions. AI would clearly welcome this task, by 

automatically "contouring" tumors in three dimensions - a critical part of calculating the volume and tracking its growth over 

time [14]. Neuroradiology In neuroradiology, AI for segmentation is utilized to provide quantitative measures of brain 

atrophy and ventricular dilation in neurodegenerative diseases such as Alzheimer's Disease or volume measuring of white 

matter lesions in Multiple Sclerosis, enabling objective measures as opposed to only qualitative descriptions by clinicians 

[15]. 

 
When working with deep convolutional neural networks to solve a problem related to computer vision, machine learning 

experts engage in stacking more layers. These additional layers help solve complex problems more efficiently as the 

different layers could be trained for varying tasks to get highly accurate results[16]. While the number of stacked layers can 

enrich the features of the model, a deeper network can show the issue of degradation. In other words, as the number of 

layers of the neural network increases, the accuracy levels may get saturated and slowly degrade after a point. As a result, 

the performance of the model deteriorates both on the training and testing data[17]. 

 
Figure 1. RES NET 

 

 

2.3. Image quality improvement and dose sparing 

The ability of AI in restoring high-quality images from their low-quality versions is one such application that holds great 

promise. Reconstruction Contributions Deep learning reconstruction (DLR) methods are capable of generating high- 

resolution CT and MRI images at a much lower radiation dose in CT or scanning time in MRI [18]. This promotes patient 

safety as it reduces X-ray exposure, but also optimizes the capacity of the imaging department to accommodate a greater 

number of patients faster [19]. 

 
The segmentation system comprises of different stages to finally reach its target which is to segment the lung tumor. Image 

pre-processing takes place first where some enhancement techniques are used to enhance and reduce noise in images[20]. 

 
The next stage is where the different parts in the images are seperated to be able to segment the tumor in later stages. In 

this phase threshold was selected automatically which assures the right selection of all images since the tumor have 

different gray-levels intensities in each image[21]. Another technique was also used here to remove the tumor from the 

thresholded image. Finally, the lung tumor is accurately segmented by subtracting the thresholded and the other image.[22] 

 
Figure 2 

 
 

2.4. Triage and Prioritization Systems 

AI is the "first responder" in the digital workflow. For instance, AI algorithms can be used to auto-detect intracranial 

hemorrhages or pneumothorax and bump these cases instantly to the top of a radiologist's worklist [23]. 
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3. Increasing Business and Operational Process: The Heart of The Matter 

 
The role of AI in the radiology workflow extends beyond image interpretation to involve systemic bottlenecks that undermine 

care and clinician satisfaction. The new landscape of imaging is defined by an exponential increase in data volume, 

dramatically outstripping the bandwidth of radiologists [24, 25]. 

 

3.1. Advanced Scheduling and Predictive Analytics 

Inefficiency starts in patient scheduling. As business intelligence became available to the medical industry, it has become 

clear that inefficiencies often start with patients and their appointments. Predictive models based on AI analyze 

multidimensional data (such as patient demographics, historical appointments, and weather patterns), aiming to estimate 

the probability of "no-show" [26]. AI technology for overbooking strategies and appointment reminders has been proven to 

be capable of reducing the idle scanner time by 25% [27, 28]. Moreover, AI realizes the "machine-protocol match," which 

sends advanced cases to high-end scanners without sending patients back for rescans [29]. 

 
Segmentation mask visualization plays a significant role in the process of image segmentation and computer vision. Masks, 

which are colored overlays on images that highlight segmented regions, provide a clear and precise outlook for AI systems 

to identify and classify objects or areas within an image. This technique allows for more efficient and accurate results  in 

applications and segmentation tasks such as object detection, medical imaging, autonomous driving, and robotics[30].(Fig 3) 

 
Figure 3 

 

 

 

3.2. Real-Time Quality Assurance and Protocoling 

Mistakes in the choice of culture play a large part in diagnostic delay. AI tools are already integrated in Electronic Health 

Records (EHRs), applying Natural Language Processing (NLP) to check clinical measures against ACR (American College of 

Radiology) Appropriateness Criteria [31, 32]. Whilst scanning, AI-driven computer vision detects patient motion or machine 

artifacts in real-time. Should a series be corrupted, the technologist is alerted, and the sequence can be reacquired 

immediately while the patient remains in place [33, 34]. 

 

3.3. Elements of an Intelligent Triage and "Critical Result" Assistance 

FIFO as well as "Near-By The Worst First" (NBTWF): take what you will closest to the worst patient. This represents a 

fundamental error for emergency department reporting. AI functions as a persistent background interceptor of process 

scanning/ordering of the PACS [35] for acute pathologies. We already have validated algorithms for ICH, LVO, and tension 

pneumothorax that result in automatic alerts that are independent of the standard queue [36, 37]. Studies have shown that 

AI-based triage could decrease the "turnaround time" (TAT) of critical findings by more than an hour to less than three 

minutes, with significant enhancement of patients' outcome in the setting of "time is brain" [38, 39]. 

 

4. Radiomics and predictive analysis: the era of quantitative imaging 

Radiomics usher in an era that considers images not as pictures but high-dimensional minefields. This area is concerned 

with the process of deriving feature representation for tumor shape, intensity, and texture (the local distribution of gray 

levels) [40, 41]. 

4.1. Radiomics Workflow and Machine Learning 

The process includes four major steps: image acquisition, segmentation (manual or AI-assisted), feature extraction, and 

statistical modeling [42,43]. Recently, the state-of-the-art radiomics uses "Deep Features" by Convolutional Neural Networks 

(CNNs), which are usually more stable than traditional "hand-crafted" features [44]. These representations may be 

indications of a complex process referred to as "Intratumoral Heterogeneity, known as one of the most important resistance 

concepts that has been ignored in single-site needle biopsies [45, 46]. 

https://portal.issn.org/resource/ISSN/3032-1182
https://doi.org/10.21070/anamnetic
https://umsida.ac.id/


JOURNAL OF MEDICAL AND HEALTH SCIENCE 

Vol. 4 No. 1 (2026): July 

DOI: 10.21070/anamnetic.v4i1.1655 

ISSN 3032-1182 (online), https://anamnetic.umsida.ac.id, published by Universitas Muhammadiyah Sidoarjo 

Copyright © Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). 

11/14 

 

 

 
4.2. Radiogenomics: The Non-Invasive Genetic Map 

Radiogenomics connects imaging phenotypes with molecular genotypes [47]. In neuro-oncology, AI can predict the IDH1 

mutation and 1p/19q co-deletion in gliomas with high AUC/Az values on conventional MRIs [47,48]. Additionally, radiomic 

signatures in lung cancer have the ability to detect EGFR/ALK mutations for the targeted treatment choice [49,50]. This 

concept of "Virtual Biopsy" presents the actual fingerprint of the whole tumor, not just a few millimeters of tissue [51]. 

 
Ground truth segmentation is the authoritative label map used as the reference standard for evaluating, training, or 

validating image segmentation algorithms. It specifies, for every pixel (or voxel), the correct class or region membership 

according to human annotation, expert judgment, or a validated measurement process. Key elements and uses 

 
Format: discrete label images (per-pixel integers) or binary masks per object/class; can include instance IDs, boundaries, or 

probabilistic labels[52]. 

 
Creation methods: 

 
Manual annotation by experts using polygons, brush tools, or boundary tracing. 

Semi-automatic annotation refined by humans (e.g., interactive segmentation). 

Consensus or aggregated labels from multiple annotators (majority vote, STAPLE). 

High-fidelity sensors producing proxy ground truth (e.g., LIDAR-derived depth masks, medical imaging modalities with 

histology correlation). 

 
Figure 4 

  

Original image Segmentation ----- Red margin (Ai-aided) 

over Yellow margin (Ground truth) 

  

 

https://youtu.be/ryUCJHk2ckU?si=gnrAu1JgxLY6PzvV 

 

 
4.3. Prognostics and Longitudinal Treatment Monitoring 

Prediction of clinical endpoints, such as "Overall Survival" (OS ) and "Disease-Free Survival" (DFS), is a strong suit of AI. 

Through the analysis of longitudinal images, AI can identify "Delta-Radiomics" (feature changes over time), which are 

indicative of early treatment response [53, 54]. AI is very useful in such an immunotherapy setup where it works to 

distinguish "Pseudo-progression" and the real disease progression, stopping timely withdrawal of life-saving drugs [55, 56]. 

 

5. Challenges, Limitations, and Ethical Considerations 

Although AI has the potential to transform radiology, technical, moral, and legal barriers are preventing it from being 

routinely applied in clinical practice. Facing up to these challenges is fundamental in order to protect patient safety and 

sustain the confidence of healthcare professionals [57]. 

 

5.1. The 'Black Box' Issue and Explainability 

https://portal.issn.org/resource/ISSN/3032-1182
https://doi.org/10.21070/anamnetic
https://umsida.ac.id/


JOURNAL OF MEDICAL AND HEALTH SCIENCE 

Vol. 4 No. 1 (2026): July 

DOI: 10.21070/anamnetic.v4i1.1655 

ISSN 3032-1182 (online), https://anamnetic.umsida.ac.id, published by Universitas Muhammadiyah Sidoarjo 

Copyright © Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). 

12/14 

 

 

One of the key technical problems is that models created by Deep Learning are a "Black Box". Current deep neural networks 

are typically based on counterintuitive non-linear relationships that can be difficult to understand for human radiologists 

[58]. This lack of "Explainable AI" (XAI) results in a trust gap: clinicians are understandably hesitant to utilize diagnostic 

recommendations when the rationale behind them is not understood, particularly in high-risk clinical situations [59, 60]. 

 

5.2. Data Standardization and Algorithmic Bias 

AI models are only as solid as the data they are trained on. The majority of algorithms to date are trained with datasets 

derived from a single institute or region, which gives rise to "overfitting" [61]. However, if such models are deployed on 

other patient populations or images from different scanner manufacturers, their performance substantially decreases: a 

phenomenon referred to as "Lack of Generalizability" [62]. Additionally, if the reference data are biased due to human bia ses 

(e.g., some ethnicities were under-represented), AI could reinforce and exacerbate Adam's vulnerabilities or even make 

those problems worse [63, 64]. 

 

5.3. Ethical Accountability and Legal Liability 

The question of liability for an AI that misses a life-threatening finding is equally fraught from a legal perspective once 

automated diagnosis becomes widespread. [65]. Underlying legal foundation based on the assumption of human error and a 

"liability gap" between developer software, hospital, and radiologist has not been well drawn [66]. From an ethical 

perspective, there's also Automation Bias, where radiologists will begin to over-trust in AI findings and become lazy 

downstream in their own diagnostic abilities [67, 68]. 

 

5.4. Data Privacy and Security 

Teaching AI to do so requires an egregious amount of patient feeding the beast gobs and gobs of data. Tim Date Restricting 

access to this data, similarly demanding regimes such as GDPR and HIPAA are hard to maintain [69]. There is an ever- 

present danger of "re-identification" whereby a clever enough algorithm can re-connect the disembodied source of the 

anonymized medical images to as few as a handful of people and invade their privacy in turn [70, 71]. 

 

6. Conclusion and Future Directions 

The radiology AI is not merely new technology; it's a disruption to Precision Radiology. As these and other examples in this 

review illustrated, the AI impact stretches across the entire imaging value chain, from raw data acquisition/derivation 

through to complex interpretation of radiomic features allowing for "virtual biopsies" [72]. Whilst concern for AI's 

inevitability overtaking all radiologists was very much a topic of early discussion, the collective mindset has certainly shifted 

towards Augmented Intelligence. In this scenario, the radiologist continues to be the center of clinical integration, utilizing 

IA tools to dehumanize repetitive low-energy tasks and focusing their attention on complex diagnostic issue-solving 

problems and patient engagement [73]. 

 
The future achievement of AI in this domain will be based on our ability to address the "black box" nature of algorithms via 

Explainable AI (XAI), and to establish that models are trained on a diverse, multi-institutional dataset to eradicate 

demographic bias [74]. Restricted by the regulation system and liability laws, the integration of human precision with 

machine efficiency would probably be a future direction of diagnostic medicine, which will enable health care become more 

prospective, accurate, and available [75, 76]. 
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