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ABSTRACT: 

Background: Artificial intelligence (AI) is increasingly being incorporated into radiology, not only for image 

interpretation but also for scheduling, examination protocoling, image acquisition, reconstruction, worklist 

prioritisation, quantitative analysis, reporting, communication, and follow-up. The clinical value of these 

systems depends on more than algorithmic accuracy. It also depends on interoperability, usability, external 

validation, human oversight, institutional readiness, and the ability to demonstrate measurable improvement in 

patient care. 

Objective: This review examines how AI is reshaping radiology workflow, summarises clinically relevant 

applications across imaging modalities, evaluates evidence regarding diagnostic performance and operational 

efficiency, and discusses implementation, ethics, regulation, workforce, economic, and equity-related 

considerations. 

Methods: A structured narrative review framework was developed using PubMed/MEDLINE, Embase, Scopus, 

Web of Science, Cochrane Library, PubMed Central, major radiology journals, and publicly available regulatory 

and professional sources. Original clinical research articles published between January 2016 and August 2026 

were prioritised. Studies were considered when they evaluated an AI application in clinical imaging, measured 

diagnostic or workflow outcomes, or described prospective implementation. Because the studies differed 

substantially in task, population, modality, endpoint, and reference standard, findings were synthesised 

narratively rather than pooled statistically. 

Results: AI has demonstrated value in selected tasks involving mammographic screening, chest-radiograph 

interpretation, CT triage, MRI reconstruction, segmentation, quantitative imaging, and worklist prioritisation. 

Prospective and randomised studies suggest that AI can preserve or improve diagnostic performance while 

reducing selected forms of reader workload. Nevertheless, reported workflow gains are variable. Benefits may 

be attenuated by false-positive alerts, additional review requirements, poor system integration, case-mix 

differences, and local staffing patterns. Evidence connecting AI deployment with improved patient outcomes, 

cost-effectiveness, and long-term equity remains less mature. 

Conclusions: AI should be treated as a sociotechnical intervention rather than as a stand-alone software 

product. The most defensible implementation strategy is to begin with narrowly defined clinical problems, 

conduct local validation, integrate outputs into existing systems, train users, monitor performance after 

deployment, and retain accountable human oversight. Sustainable transformation will require prospective 

multicentre research, transparent reporting, interoperable architectures, lifecycle regulation, and deliberate 

protection against bias and unequal access. 

 

KEYWORDS: artificial intelligence; radiology workflow; machine learning; deep learning; medical imaging; 

clinical implementation; diagnostic accuracy; health equity 
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1. INTRODUCTION 

Radiology is organised around a chain of dependent activities. A clinical question must be converted into an 

imaging order, the order must be scheduled and protocolled, the examination must be acquired and 

reconstructed, images must be interpreted, findings must be communicated, and recommendations must be 

followed. Delays or errors at any point can influence diagnosis and treatment. 

The pressure on this system has increased steadily. Clinicians want quicker communication of critical results, 

imaging volumes have increased, examinations include more images, and techniques become more specialised. 

At the same time, radiology departments must manage staffing shortages, subspecialty coverage, emergency 

work, screening programs, quality assurance, and rising expectations for quantitative reporting. 

AI has emerged as one possible response to this complexity. Machine-learning systems can identify patterns in 

images, estimate probabilities, segment anatomical structures, prioritise examinations, generate measurements, 

and extract information from text. Deep-learning systems have been particularly successful in image 

recognition, while newer multimodal models can process combinations of images, reports, laboratory results, 

and clinical narratives. 

The term “AI in radiology” therefore includes several distinct technologies: 

⚫  Detection systems: Identify suspected abnormalities. 

⚫  Classification systems: Assign diagnostic or risk categories. 

⚫  Segmentation systems: Delineate organs, lesions, or anatomical structures. 

⚫  Quantitative systems: Calculate volumes, densities, dimensions, or functional parameters. 

⚫  Reconstruction systems: Generate images from incomplete or noisy raw data. 

⚫  Triage systems: Reorder worklists or issue alerts. 

⚫  Natural-language systems: Extract information or assist with reporting. 

⚫  Operational systems: Support scheduling, protocoling, follow-up, and resource allocation. 

A high test-set area under the receiver operating characteristic curve does not necessarily demonstrate clinical 

value. A model may perform well in a curated dataset but fail after deployment because of differences in 

scanners, protocols, patient populations, disease prevalence, labelling practices, or local workflow [1]. 

Conversely, a modestly accurate model may be clinically useful if it reliably prioritises time-sensitive 

examinations and fits naturally into the radiologist’s work environment. 

Recent implementation research supports this distinction. A systematic review of real-world imaging AI found 

that many studies reported reductions in task time, but effects were inconsistent when assessed across different 

settings and workflows [2, 3] . Research on deep-learning worklist prioritisation has reported reductions in 

report turnaround time, particularly when AI actively reordered cases rather than merely displaying a separate 

notification [2]. These findings suggest that the value of AI is determined by the design of the surrounding care 

pathway. 

This review evaluates AI as a transformation of the radiology workflow, rather than as a collection of isolated 

diagnostic algorithms. 

 

2. REVIEW METHODS 

Review design 

A structured narrative review was undertaken to synthesise original clinical evidence concerning AI-supported 

radiology workflow. The review was designed to cover both diagnostic tasks and operational processes. It was 

not intended to produce a pooled estimate of diagnostic accuracy or time savings because the eligible studies 

used incompatible endpoints and study designs. 

Search sources and strategy 

Searches were planned across PubMed/MEDLINE, Embase, Scopus, Web of Science, Cochrane Library, 

PubMed Central, IEEE Xplore, and selected radiology journals. Search terms included combinations of: 

⚫ Artificial Intelligence, Machine Learning, Deep Learning & Computer-Aided Diagnosis. 

⚫ Radiology Workflow, Turnaround Time, Worklist, Triage, Protocoling  & Reporting. 

⚫ Computed Tomography, Magnetic Resonance Imaging, Mammography, Chest Radiography, Ultrasound,  

& Nuclear Medicine. 

⚫ Prospective, Randomised, Implementation, Clinical Deployment & External Validation. 

Original research published between January 2016 and August 2026 was prioritised. Earlier studies were 

retained only when they represented important foundational clinical work. 

Eligibility criteria 

Studies were eligible when they: 

⚫  Evaluated an AI or ML system using clinical imaging data. 

⚫  Included a clinical, diagnostic, operational, or implementation endpoint. 

⚫  Reported original data. 

⚫  Were published in a peer-reviewed journal. 

⚫  Were available as full-text open-access articles or through a verifiable public repository. 

Reviews, guidelines, editorials, commentaries, conference abstracts without sufficient data, and purely technical 

studies lacking a clinical application were excluded from the principal evidence set. 
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Evidence synthesis 

The evidence was grouped according to workflow stage, modality, clinical task, and outcome. Diagnostic 

performance, reader performance, reporting time, worklist prioritisation, image quality, and patient outcomes 

were considered separately. Because the studies differed in disease prevalence, reference standards, workflow 

design, and implementation maturity, no meta-analysis was performed. 

 

 
 

3. Conceptual Foundations 

Machine learning and deep learning 

Traditional computer-aided detection systems used hand-designed features and explicit decision rules. Deep-

learning systems instead learn image representations from examples. In supervised learning, images are paired 

with labels such as “fracture” or “no fracture”. In segmentation, the label identifies the pixels or voxels 

belonging to a structure. In self-supervised learning, the algorithm learns from unlabelled data before being 

adapted to a clinical task. 

A clinical AI system usually contains several components: 

1.Image and metadata acquisition. 

2.Data quality checking. 
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3.Pre-processing and normalisation. 

4.Model inference. 

5.Post-processing and threshold selection. 

6.Result transmission to PACS, RIS, or EHR. 

7.Human review. 

8.Documentation and clinical action. 

9.Post-deployment monitoring. 

Failure can occur at any step. A technically accurate algorithm can still be ineffective if the wrong image series 

is analysed, the result arrives after the report has been finalised, or the alert is sent to a clinician who is not 

responsible for the patient. 

Diagnostic performance and clinical utility 

Classification performance is described by sensitivity and specificity, but how they are interpreted depends on 

threshold selection and prevalence. Positive predictive value is particularly affected by disease prevalence. 

Calibration is also important: a model that reports a 70% probability should be correct approximately 70% of the 

time in the relevant population. 

External validation is essential because imaging data vary between institutions [1]. Differences in scanner 

manufacturer, field strength, acquisition protocol, reconstruction method, patient demographics, disease 

spectrum, and reporting practice can lead to dataset shift. 

AI evaluation should distinguish four conditions: 

Condition 1: Radiologist interpretation without AI. 

Condition 2: AI performance without a radiologist. 

Condition 3: Radiologist interpretation with AI. 

Condition 4: The complete AI-enabled clinical pathway. 

The fourth condition is the most clinically relevant but the least frequently studied. 

Human-in-the-loop operation 

Most current systems are assistive. The algorithm identifies a suspected abnormality, proposes a measurement, 

or prioritises a case; a radiologist or another clinician reviews the output. This arrangement preserves human 

judgment but does not eliminate risk. 

Automation bias occurs when users accept a machine recommendation without adequate independent 

assessment. Conversely, excessive distrust can prevent a useful tool from being incorporated into practice. User 

interfaces should therefore show the finding, its location, the relevant image series, the model version, and 

appropriate uncertainty information without implying a level of certainty that the system does not possess. 

 

4. AI Applications Across the Radiology Workflow 

Scheduling and referral management 

AI can classify referrals, identify missing information, estimate appointment duration, predict no-show risk, and 

suggest urgency. Natural-language processing can extract the clinical question from referral text and identify 

relevant prior examinations. These applications require careful governance. Historical scheduling data may 

reflect social disadvantage rather than patient behaviour. A model trained to predict missed appointments could 

unintentionally deprioritise patients with transportation difficulties, unstable housing, limited internet access, or 

language barriers. 

Examination protocoling 

Protocol selection requires clinical context, previous imaging, renal function, implant information, pregnancy 

status, contrast history, and local scanner capability. AI can recommend a protocol and identify missing 

information, but full automation is appropriate only for narrowly defined and low-risk situations. A practical 

protocoling system should display the source information used to generate the recommendation and allow the 

radiologist or technologist to modify it. All overrides should be logged and reviewed periodically. 

Acquisition and image quality 

AI can assist positioning, breathing instructions, ultrasound view acquisition, and examination-quality 

assessment. In MRI, AI-supported reconstruction can accelerate image acquisition or improve the signal-to-

noise ratio of undersampled data. In CT, AI-based reconstruction may support lower-dose protocols. Visual 

improvement alone is not sufficient. A reconstruction method must preserve clinically relevant lesions and 

should be evaluated using diagnostic tasks, not only subjective image-quality scores. Systems that remove noise 

too aggressively may also remove subtle disease or create unfamiliar image textures. 

Detection and triage 

Detection tools are used for suspected intracranial haemorrhage, pulmonary embolism, pneumothorax, 

pulmonary nodules, fractures [4]. lines and tubes, pneumonia, and other findings. Triage systems reorder 

worklists or alert teams to potentially urgent examinations. The effect of triage depends on the surrounding 

process. A faster alert is useful only if it reaches the correct clinician, is acknowledged, and leads to earlier 

review or treatment. A high false-positive rate can produce alert fatigue and may increase workload rather than 

reduce it. 
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Segmentation and quantitative imaging 

Tumour volume, cardiac chamber volume, organ volume, muscle mass, bone density, emphysema burden, and 

other measures can all be computed using AI segmentation. Automated segmentation may improve 

reproducibility and reduce manual post-processing, aiding in essential tasks such as oncologic response 

assessment [5]. However, segmentation error is not always obvious. A small contour discrepancy may have little 

clinical significance in one context but change radiotherapy planning in another. Systems should report quality 

indicators and enable rapid manual correction. 

Reporting and communication 

AI can assist speech recognition, structured reporting, prior-report comparison, critical-result communication, 

and draft generation. Large language models may summarize clinical history or identify inconsistencies in a 

report. Generative systems introduce distinctive risks, including hallucinated findings, incorrect negation, 

omission of relevant abnormalities, confusion between historical and current findings, and overconfident 

language. The safest near-term role is constrained drafting with mandatory human review. Every generated 

statement should be traceable to the source images or clinical data. 

Follow-up and longitudinal care 

AI can identify recommendations for repeat imaging, detect overdue follow-up, compare serial tumor 

measurements, and extract incidental findings from reports. These systems should not merely generate 

reminders. When the suggestion fails to be resolved, they should assign responsibility, document acceptance, 

and provide resolution. 

 

5. Modality-Specific Applications 

5.1 Chest radiography 

Chest radiography is well suited to AI because it is high volume and contains common, clinically important 

abnormalities. Systems have been developed for pneumothorax, consolidation, pleural effusion, pulmonary 

edema, tuberculosis, and device position [6-8].  Randomised evidence has shown that AI-assisted double 

reading can improve nodule detection in screening populations [9].  However, portable radiographs remain 

challenging because of rotation, low inspiration, patient positioning, external devices, and variable exposure. A 

model validated on well-positioned outpatient images may perform differently in the emergency department or 

intensive-care unit. 

5.2 Computed tomography 

CT AI applications include intracranial haemorrhage detection, stroke triage [10-13], pulmonary nodule 

detection [14-17], pulmonary-embolism prioritisation [2, 18], coronary calcium scoring, liver and kidney 

segmentation, vertebral-fracture detection, and body-composition analysis. Worklist prioritisation is one of the 

clearest operational applications. Systematic evaluation reported reductions in turnaround time for several AI-

triage applications [2, 3], although the magnitude varied by disease, setting, prevalence, and whether the tool 

directly reordered the worklist. These results should not be interpreted as a universal time saving. A department 

with low case volume or rapid baseline reporting may gain little. 

5.3 Magnetic resonance imaging 

MRI AI is used for accelerated acquisition, reconstruction, motion correction [19-21], anatomical segmentation, 

cartilage assessment, prostate imaging [22, 23], cardiac imaging, and brain volumetry. Prospective 

implementation studies have shown that the principal benefit may be reduced scan time or improved workflow 

capacity rather than a dramatic change in diagnostic accuracy. MRI systems are highly sensitive to protocol and 

hardware differences. A model trained on one field strength or sequence may not generalise to another. Local 

validation should include nondiagnostic-scan rate, repeat-scan rate, reader confidence, and whether the 

reconstructed images change clinical decisions. 

5.4 Mammography 

Mammography has become one of the most extensively evaluated areas of radiology AI. Potential uses include 

second reading, triage [27], recall reduction, cancer detection, and workflow prioritisation. Large international 

evaluations have demonstrated the potential of AI to support mammographic interpretation [24-26], and 

randomised screening research has suggested that AI-supported reading can maintain screening safety while 

reducing human reading workload [28]. Furthermore, stand-alone AI has shown robust capabilities in 

comparison with human readers in specific contexts [29]. However, retrospective enriched datasets do not fully 

reproduce population screening. Mammography also highlights the risk of automation bias. Incorrect AI advice 

has been shown to impair reader performance, emphasising the need for careful interface design and reader 

education. 

5.5 Ultrasound 

Ultrasound AI can recognise standard views, assess image quality, estimate measurements, guide probe 

positioning, and classify selected lesions. It may be especially valuable in locations where experienced 

sonographers are scarce. The challenge is that ultrasound is not only an image-analysis problem; it is also an 

acquisition problem. Image quality depends on the operator, probe, patient anatomy, and acoustic window. A 

system should therefore communicate when the acquired image is inadequate rather than provide a confident 

classification from poor input. 
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5.6 Nuclear medicine 

AI applications in nuclear medicine include denoising, reconstruction, attenuation correction, segmentation, 

lesion detection, radiotracer quantification, and dosimetry. Quantitative applications require careful calibration 

across scanners, radiotracers, acquisition times, and reconstruction settings. 

 

6. Evidence Concerning Workflow and Clinical Outcomes 

6.1 Turnaround time 

Turnaround time should be divided into clinically meaningful intervals: 

⚫  Order to appointment 

⚫  Appointment to acquisition 

⚫  Acquisition to image availability 

⚫  Image availability to first review 

⚫  First review to report finalisation 

⚫  Report to clinician acknowledgement 

⚫  Acknowledgement to treatment 

AI may improve one interval without improving the whole pathway [2]. For example, a triage tool may shorten 

time to first review but add time spent investigating false-positive alerts. A report-drafting tool may reduce 

dictation time while increasing editing time. 

6.2 Diagnostic accuracy 

AI can provide complementary information when its errors differ from those of human readers. If both the 

algorithm and the radiologist miss the same subtle abnormalities, combined performance may improve very 

little. Appropriate studies should report sensitivity, specificity, calibration, false-positive burden, false-negative 

patterns, subgroup performance, and the clinical consequences of errors. AUC alone should not be used as 

evidence of clinical usefulness. 

6.3 Patient outcomes 

Patient outcomes are less frequently measured than diagnostic accuracy. Relevant outcomes include time to 

treatment, hospital length of stay, repeat imaging, complications, cancer stage, interval cancer rate, functional 

outcome after stroke, and patient-reported experience. 

The causal pathway should be stated explicitly: 

AI Detection  Earlier Review  Earlier Notification  Earlier Treatment  Improved Outcome 

If a study measures only the first step, it should not claim to have demonstrated the outcome. 

6.4 Workload and workforce 

AI may reduce repetitive tasks, but it may also introduce new responsibilities: reviewing outputs, documenting 

disagreements, monitoring performance, managing exceptions, and communicating limitations. Workforce 

benefit should therefore be measured using total task burden, not only interpretation time. The future role of the 

radiologist is likely to include more clinical synthesis, communication, protocol governance, quality assurance, 

and AI oversight. This transition requires education in data literacy, performance evaluation, bias, cybersecurity, 

and human factors. 

 

7. Implementation Framework 

Define the clinical problem first 

The question should be operational rather than technological: 

⚫  Which delay or error is being addressed? 

⚫  Who is affected? 

⚫  What action should occur after the AI output? 

⚫  What is the baseline performance? 

⚫  Which outcome would justify continued use? 

An institution should not purchase a tool merely because it has an attractive AUC or because neighbouring 

institutions have adopted it. 

Local validation 

Before clinical use, the system should undergo silent-mode testing using local data. Validation should examine: 

⚫  Image and series compatibility 

⚫  Missing or incomplete studies 

⚫  Disease prevalence 

⚫  Sensitivity and specificity 

⚫  Alert volume 

⚫  Subgroup performance 

⚫  Inference latency 

⚫  PACS and RIS routing 

⚫  Failure behaviour 

⚫  User comprehension 
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Interoperability 

Standard interfaces should be used whenever possible for AI applications to communicate. DICOM supports 

image exchange, while HL7 and FHIR support clinical messages and electronic-health-record integration. 

Standards-based integration reduces the number of custom interfaces that must be maintained. The radiologist 

should be able to view AI output in the familiar reading environment. Separate portals and repeated logins 

reduce adoption and make it more likely that results will be overlooked. 

Monitoring after deployment 

Post-deployment monitoring should include model version tracking, number of examinations analysed, missing-

output rate, alert rate, positive predictive value, time to alert acknowledgement, disagreement rate, false-

negative events, subgroup performance, user override rate, changes in turnaround time, and system downtime. A 

model should have predefined criteria for investigation, recalibration, retraining, suspension, or withdrawal. 

Community and LMIC settings 

AI may support radiology access in community hospitals and LMICs, but only when the supporting 

infrastructure exists. Important requirements include low-bandwidth operation, affordable maintenance, local 

training, reliable power, appropriate referral pathways, data governance, and representation of local populations 

in validation datasets. Technology that identifies disease without providing access to confirmatory imaging or 

treatment may increase referral burden without improving health outcomes. 

 

Table 1. Representative AI applications by modality, task, workflow role, and evidence maturity 

 

Modality Clinical Task Workflow Role Typical Output 
Evidence 

Maturity 

Main 

Limitation 

Chest 

Radiography 

Nodule, 

pneumothorax, 

consolidation 

detection 

Triage and 

second reading 

Localization and 

probability score 
Moderate 

Positioning 

and 

prevalence 

sensitivity 

CT Head 

Haemorrhage 

and stroke 

triage 

Worklist 

prioritization 

Alert and 

suspected region 
Moderate 

Alert pathway 

dependency 

CT Pulmonary 

Angiography 

Pulmonary 

embolism 

detection 

Prioritization 

and notification 

Suspected 

embolus and alert 
Moderate 

False 

positives and 

delayed 

review 

MRI 
Accelerated 

reconstruction 

Acquisition and 

image 

generation 

Reconstructed 

image series 
Moderate 

Protocol and 

scanner 

dependence 

Mammography 

Cancer 

detection and 

triage 

Second reading 

or prioritization 

Suspicion score 

and region 

Relatively 

mature 

Automation 

bias and 

screening 

prevalence 

Ultrasound 

View 

recognition and 

measurement 

Acquisition 

support 

Quality score and 

measurement 

Early to 

moderate 

Operator 

dependence 

Nuclear Medicine 

Quantification 

and 

reconstruction 

Post-processing 
Segmentation or 

quantitative map 

Early to 

moderate 

Calibration 

requirements 

Reporting 
Draft generation 

and extraction 

Documentation 

support 

Suggested text or 

structured fields 
Early 

Hallucination 

and omission 

 

8. Regulatory, Legal, and Ethical Issues 

Regulation 

AI-enabled medical devices may be regulated according to intended use, risk, predicate availability, and degree 

of clinical autonomy. The FDA maintains a public list of AI-enabled medical devices, many of which are 

radiology-related. Authorisation does not guarantee that a product will improve workflow in every hospital. A 

model that changes over time presents a special regulatory challenge. Institutions should track software 

versions, document updates, repeat performance testing, and preserve the model version associated with each 

clinical output. 

Bias and equity 

Bias may enter through sampling, labelling, access to care, scanner differences, historical practice, and 

socioeconomic proxies. A model may perform adequately overall while performing poorly for a particular 

subgroup. Validation should therefore include relevant demographic and technical strata. When subgroup 
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performance is uncertain, the system should communicate that limitation rather than present a universal 

confidence score. 

Explainability 

A heat map is not necessarily an explanation. Clinically useful transparency should include intended use, 

population in which the model was tested, common failure modes, input adequacy, uncertainty, and evidence 

supporting the output. 

Liability 

The use of AI does not automatically transfer responsibility from the radiologist or institution. Accountability 

should be defined in procurement contracts, institutional policies, training materials, and clinical documentation. 

The system should make it clear whether an output is preliminary, advisory, or part of the finalised report. 

Privacy and cybersecurity 

Imaging and clinical data should be transmitted securely, stored according to institutional policy, and accessed 

only by authorised users. Cybersecurity planning should include ransomware, cloud outage, model theft, 

adversarial manipulation, data poisoning, and downtime. 

Economic and Policy Implications 

The cost of AI includes more than the software license. Institutions must account for integration, infrastructure, 

storage, cloud processing, cybersecurity, validation, training, monitoring, downtime, and staff time. 

A tool that saves radiologist time may not reduce expenditure when staffing is fixed. Its value may instead arise 

from increased capacity, reduced overtime, faster emergency care, fewer repeat examinations, or improved 

access in underserved areas. Economic studies should compare AI-assisted care with the actual local alternative, 

not with an idealised pathway. They should include downstream consequences, false positives, repeat imaging, 

treatment changes, and maintenance costs. 

 

10. Future Research Priorities 

Prospective multicentre evaluation 

Retrospective studies remain useful for development but cannot fully evaluate workflow. Future studies should 

use prospective, pragmatic, multicentre, randomised, or stepped-wedge designs when feasible. 

Patient-centred outcomes 

Research should measure whether AI changes treatment, complications, length of stay, functional status, cancer 

stage, interval cancer, mortality, or patient experience. 

Multimodal models 

Future systems will combine images with clinical history, reports, laboratory results, pathology, and genomic 

information. Though these models may facilitate longitudinal reasoning, they also present hazards related to 

privacy, leakage, and illusions. 

Federated learning 

Federated learning may permit multicentre model development without transferring raw data. Institutions still 

require governance agreements, secure aggregation, standardised labels, and procedures for handling regional 

population differences. 

Continual learning 

Responding to new demographics and scanners may be possible with ongoing learning. Version control, 

rollback protocols, auditability, and protections against quiet performance changes must all be included. 

Human factors 

Future research should examine how users interact with AI, when they override it, when they over-trust it, and 

how interface design affects diagnostic reasoning. Human factors are not secondary to technical accuracy; they 

determine how the system behaves in practice. 

 
GOVERNANCE LAYER: Local Validation | Cybersecurity | Performance Monitoring | Version Control | QA 
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12. Overall conclusions 

AI is changing radiology by inserting computational support into nearly every stage of the imaging pathway. Its 

current contributions are most credible in selected applications involving triage, screening support, 

reconstruction, segmentation, quantification, and repetitive documentation. 

The benefits are not automatic. A model can be accurate yet operationally unhelpful, or efficient yet unsafe if it 

generates excessive false-positive alerts. Sustainable implementation requires a defined clinical problem, local 

validation, integration with PACS and RIS, user training, subgroup evaluation, lifecycle monitoring, and clear 

accountability. 

Radiology should therefore pursue augmentation rather than indiscriminate automation. The central question is 

not whether an algorithm can recognise an abnormality, but whether its use improves the complete pathway 

from patient referral to clinical action. 
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