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Abstract: Radiologist burnout has become a significant global concern due to the rapid increase in imaging volumes,
administrative responsibilities, and continuous diagnostic workload. Studies report that a large proportion of radiologists
experience symptoms such as emotional exhaustion, depersonalization, and reduced professional satisfaction. Increasing
case complexity, time pressure, and repetitive cognitive tasks contribute to mental fatigue and reduced diagnostic
performance, making burnout a critical workforce and patient-safety issue. Artificial intelligence [AI] tools are
increasingly being integrated into radiology workflows and can prioritize imaging worklists, generate draft reports, and
analyze operational data to detect patterns associated with workload stress and cognitive fatigue. Evidence suggests that
Al-assisted reporting systems can reduce interpretation time and improve workflow efficiency without compromising
diagnostic accuracy. Additionally, predictive models using electronic health record activity logs have been proposed to
detect early signals of clinician burnout through behavioral analytics and digital workflow metrics. This review aims to
explore the emerging role of artificial intelligence in predicting radiologist burnout and cognitive fatigue through
workflow analytics. It seeks to synthesize current literature on Al-based monitoring of radiologist workload, predictive
modeling of burnout risk, and the potential of intelligent systems to support sustainable radiology practice and improve
diagnostic performance.
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INTRODUCTION diagnostic radiology has brought the profession to a

itical juncture.
In a fast-paced, high-volume reading critical juneture

environment, the persistent, gradual drain on a
radiologist's cognitive abilities is not simply a peril
associated with their professional responsibilities; rather,
it has recently escalated into a significant threat to the
overall health outcomes of patients. The workload-
resource mismatch that has intensified the landscape of

Radiologists have a high burnout rate of 54%,
comparable to rates in general surgery [51%] and
anesthesia [55%]. Across studies utilizing the MBI,
reported prevalence rates vary widely from 5% to 85%
[1]. A substantial proportion [76.7%] of participating
radiologists were classified as experiencing a high
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prevalence of burnout, which aligns with data reported in
international studies and stresses the global nature of the
issue[2]. An analysis of variance [ANOVA] and
Dunnett’s test indicated a significant difference in
imaging volumes. 2019 data showed a substantial deficit
compared to 2022, driven by a rapid spread of COVID-
19 due to a surge in fatality, transforming the patient
admission model[3,4]. Outpatient imaging volumes
increased markedly during the third wave, reaching
115.7% of the pre-COVID-19 volume while CT volumes
dropped by 53% during the pandemic nadir, and have
surpassed their pre-pandemic performance, that indicate
a backlog of outpatient examinations that were deferred
during the first wave of the pandemic[5]. The top quartile
of most productive radiologists now reads 30.6% more
examinations per day than they did in 2018, not just more
cases, but thinner slices, meaning thousands more
images to scroll through per shift[6].

Current trends suggest that the ongoing
pressures of contemporary reading environments,
exacerbated by the COVID-19 pandemic, have escalated
from manageable stressors to significant contributors to
workforce attrition and clinical fatigue[7]. Specifically,
demonstrated perceptual errors on CT scan correlate with
workloads reaching 121% of average daily capacity. Due
to a lack of recovery time, the primary catalyst for moral
injury and chronic fatigue in contemporary reading
environments[8]. An Error-Prone-State[EPS] observed
in radiologists increases the risk of perceptual error in
radiologists, potentially due to perceptual decoupling,
and recognizes fatigue as a crucial variable[9].
Physicians exceeding 55 hours of work weekly exhibited
a high risk of serious adverse events, indicating that
surpassing a critical workload threshold correlates with
an increased threat to patient safety[10]. Cognitive
fatigue erodes diagnostic accuracy, which can lead to
subsequent legal action. The predominant cause of
medical malpractice litigation against radiologists is
diagnostic errors. The errors in radiological practice are
prevalent,  approximately 4%  of  radiologic
interpretations that can result in medical malpractice
lawsuits when they affect patients safety[11].

Recent studies indicate a subjectivity gap
between clinicians' perceived competence and their
actual diagnostic performance. The Physicians
Foundation 2025 Wellbeing Survey, that reported
burnout rates have eased, yet actual levels of clinical
stress and anxiety have surged to near-pandemic
peaks[12]. It implies that self-report tools measure
resilience rather than fatigability. So, unlike surveys, Al
can monitor shift volume in real-time.

A novel Al-based metric was discovered,
integrating speed, time, and depth of anatomical
coverage [13]. Using this metric, anticipate changes in
fatigue-related 1image patterns. It addresses the
limitations of subjective fatigue assessments and
provides real-time monitoring. This review delves

deeper into burnout among radiologists and how Al
models are playing their part in it.

3. Understanding Burnout in Radiology
3.1 Concept and Unique Stressors in Radiology
According to the Maslach Burnout Inventory
[MBI], a work-related syndrome involving emotional
exhaustion, depersonalization, and a feeling of reduced
personal  accomplishment, which is prevalent
internationally, is defined as Physician burnout,
representing a negative impact on individual physicians,
patients, and healthcare organizations and systems,
showing it to be a public health crisis. Recent studies
show that over 50% of physicians, including both
trainees and practicing doctors, are affected by burnout.

Research also suggests that despite work hours,
physicians experience higher burnout rates than many
other professions, with higher rates of burnout reported
in female and younger physicians. Burnout among
physicians is most commonly due to longer work hours,
frequent night/weekend duties, work done at home, and
work—home conflicts [14]. And rapid changes in
healthcare, including technological advancements and
high service demand, have created stressful working
conditions for radiology technicians.

Other factors like excessive workload, job
insecurity, and lack of recognition, high workload, staff
shortages, shift work, role ambiguity, workplace
bullying, limited professional recognition, and
insufficient managerial support, and the quality of patient
care also contribute to increased burnout among health
care professionals[14—16]. Support strategies such as
professional  recognition, psychological support,
physical activity, and healthier workplace policies may
help to improve their well-being. Protective factors like
self-compassion, effective coping strategies, and
workplace physical activity were identified as promising
approaches to reducing stress and burnout and enhancing
well-being[16]. It is different from depression, fatigue,
or job dissatisfaction, although it can be related to them.

3.2 Measurable Digital Workflow Markers

The rapid advancement of artificial intelligence
[AI] technology has significantly impacted various
sectors, including healthcare, through various Al-based
techniques.

Turnaround Time [TAT] in radiology measures
the time from imaging order to report completion, and it
is used to evaluate the efficiency of work, patient care
quality and performance of any institution. Excessive
focus on meeting TAT targets may also negatively
impact resident education, diagnostic accuracy, and
contribute to radiologist burnout due to increased
workflow burden[17].

Some studies suggested that increased
workload has deteriorated the efficacy of a radiologist’s
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reading time, gaze distance, image coverage, and
information gain over lung X-rays, indicating fatigue-
related changes in visual search behavior[13].

Some studies found that radiologists made more
diagnostic errors on days when their workload was about
21% higher than their normal productivity, which
suggests that excessive caseloads may increase the risk
of mistakes affecting the efficacy of work. The findings
highlight the need for balanced staffing, manageable
workloads, and further research to better understand and
prevent diagnostic errors in radiology[7].

Hence, increased workload directly affects the
efficacy of diagnostic measures, potentially harming the
well-being of both patients and healthcare workers. In
order to address these challenges, strategies such as
improved staffing models, optimized PACS worklists,
subspecialty reporting, Al-based prioritization systems,
and better workflow management are being implemented
to balance reporting speed with quality of care.

4. Al Techniques for Burnout Prediction
4.1 Machine Learning Models in Workflow Analytics
Machine learning [ML] and deep learning [DL]
are increasingly important in modern healthcare, helping
improve diagnosis, medical image analysis, drug
discovery, and smart health monitoring. By integrating
real-time patient data from various healthcare systems,
ML-DL  technologies can enhance treatment
effectiveness and support better decision-making. As
these technologies expand, they are expected to
significantly improve patient care and healthcare system
efficiency[18,19]

In research by Chao Liu, multiple machine-
learning models were evaluated to determine the most
effective approach for the prediction of burnout. Four
algorithms—Logistic Regression [LR], K-Nearest
Neighbors [KNN], Decision Tree [DT], and Random
Forest [RF]—were compared based on their prediction
accuracy and Fl-scores. Among the tested models, the
Random Forest algorithm demonstrated the best overall
performance, indicating its strong capability to capture
complex relationships within the data. The Decision Tree
model also showed good predictive performance,
outperforming Logistic Regression and KNN. Overall,
the study analyzes the factors affecting medical burnout
in hospitals[20]. Another scoping review highlights the
potential of natural language processing [NLP] and text
mining techniques to automatically detect work-related
stress among healthcare professionals[21]. By
integrating NLP-based insights with workflow analytics,
Al systems may provide a more comprehensive
assessment of radiologist performance and mental
workload.

4.2 Computer Vision and Behavioral Analytics
A pilot study investigated the use of deep
learning and eye-tracking data to predict radiologist

fatigue during chest X-ray interpretation. The results
showed that Al-derived gaze features, particularly lung-
coverage patterns on X-rays, strongly correlated with
fatigue levels, outperforming traditional metrics such as
reading time or gaze distance. The findings suggest that
Al-based gaze analysis could enable real-time fatigue
monitoring and improve diagnostic performance in
radiology using different techniques, like U-Net to
segment lung regions on chest X-rays and ResNeXt-50
to analyze gaze-based features[22].

4.3 Deep Learning for Pattern Drift Detection

Another study proposes MMC+, an Al-based
framework designed to detect model drift in medical
imaging systems and ensure the long-term reliability of
Al diagnostics. The framework uses multi-modal data
monitoring and deep learning foundation models like
Med Image Insight to analyze changes in imaging data
and identify shifts that may affect model performance.
By detecting these data drifts early and correlating them
with performance changes, MMC+ acts as an early
warning system that enables timely intervention to
maintain the accuracy and safety of Al systems in
clinical practice[23]. This study introduces CheXStray,
an Al-based framework designed to detect model drift in
deployed medical imaging systems without requiring
ground-truth labels. The framework uses multi-modal
inputs including DICOM metadata, image features
extracted using a Variational Autoencoder [VAE], and
model prediction probabilities to monitor changes in data
and model behavior. The results demonstrate that this
approach can effectively track drift and provide a reliable
proxy for model performance, enabling real-time
monitoring and improving the reliability of clinical Al
systems[24].

5. Existing Evidence and Early Studies

A large cross-sectional study of 6,726
radiologists from 1,143 hospitals found that frequent Al
use was associated with a higher risk of burnout,
especially among radiologists with heavy workloads or
low acceptance of Al compared with the non-Al group.
A survey at 68 hospitals found that radiologists often
experience burnout due to long working hours and
increasing imaging workload. Although artificial
intelligence [AI] may improve workflow efficiency,
current evidence is mostly observational, and larger
validation studies are still needed[25]. A recent study
evaluated an Al algorithm for identifying normal chest
radiographs. It showed high diagnostic accuracy,
enabling the reliable exclusion of normal cases. This may
reduce radiologists' workload, improve workflow
efficiency, and potentially decrease fatigue and
burnout[26]. Another study investigated a deep learning
detection algorithm for triaging chest radiographs in
outpatient settings. Simulation results showed that Al-
based triaging could reduce the radiologist's worklist by
up to 50% without reducing diagnostic sensitivity. The
study highlights the potential of Al to improve workflow
efficiency and reduce workload-related stress in
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radiology departments[27]. This experimental study
used Al-based eye-tracking analysis to evaluate fatigue
during radiological image interpretation. Researchers
found that increasing workload significantly altered gaze
patterns, reading time, and lung coverage, suggesting
that AI may help detect cognitive fatigue through
behavioral markers[13]. Another study used an Al
system to identify normal chest X-rays. The algorithm
achieved high diagnostic accuracy and could exclude
many normal studies, which potentially reduces
radiologists' reporting workload by approximately 15
%][26].

A systematic review evaluated the role of
artificial intelligence in addressing radiologist shortages
and increasing imaging demand. The authors concluded
that Al may support workflow optimization and
automated image analysis, but large-scale validated
models and long-term clinical evidence are still
limited[28]. The use of Al-generated draft radiology
reports to help radiologists finish imaging reports was
investigated in this study. Researchers measured
reporting time and diagnosis accuracy by comparing Al-
assisted workflows with conventional reporting. The
study assessed whether Al help may reduce workload
pressure by accelerating report generation without
sacrificing clinical accuracy.

In order to assess the opinions of academic
radiology department chairs from the Society of Chairs
of Academic Radiology Departments regarding the use
of Al in radiology practice, this study administered a
web-based survey to them in October 2023. The study
evaluated anticipated clinical uses, optimism toward Al,
and expected impacts on the radiology workforce and
departmental productivity. Additionally, researchers
looked at the particular phases of imaging practice, such
as image capture, post-processing, and interpretation
workflows, where Al may be used[29]

6. Ethical, Legal, and Professional Concerns
6.1 Privacy of Performance Data

The integration of artificial intelligence [AI]
systems capable of monitoring radiologist workflow
raises serious concerns regarding the privacy and
governance of physician performance data. Modern
radiology procedures generate extensive digital traces,
including reporting time, diagnostic accuracy, eye-
tracking metrics, and interaction logs, which can be
analyzed using machine learning algorithms to infer
cognitive fatigue or burnout risk. While these systems
offer potential improvements in workflow optimization,
the collection and storage of individual -clinician
performance data raises critical ethical and legal issues.

According to research, healthcare workers are
frequently skeptic of how institutions manage sensitive
digital data, with many reporting concerns about privacy
and data protection in electronically managed record
systems [30]. Similarly, the expanding use of Al-based

monitoring tools has heightened fears related to data
misuse, unauthorized access, and limited transparency in
governance. These concerns underscore the need for
explicit institutional policies on data ownership, security,
and anonymization to protect clinicians from potential
misuse of performance metrics[31].

6.2 Risk of Administrative Surveillance

However, with the increasing implementation
of artificial intelligence for monitoring clinical
workflow, concerns about its potential use as a tool for
administrative  surveillance have also surfaced.
Performance analytics based on metrics such as reporting
speed, case volume, and workflow efficiency may extend
beyond quality improvement to influence managerial
oversight. Persistent digital monitoring can also affect
perceptions of professional autonomy and heighten
performance-related  scrutiny,  especially = when
evaluation processes lack transparency. Research on Al-
driven workplace systems reveal that insufficient
governance clarity and limited clinician engagement may
undermine trust and amplify concerns regarding
surveillance

6.3 Bias and Fairness in Performance Metrics

Another critical ethical issue relates to the
potential bias and unfairness embedded within
algorithm-derived performance metrics. Models trained
on historical workflow data may unintentionally
reinforce institutional disparities or misinterpret
legitimate variations in practice as indicators of
suboptimal performance. Consequently, clinicians
working with more complex case mixes or in resource-
constrained environments may be disproportionately
affected by automated assessments. Research shows that
biased training data can result in unequal outcomes,
underlining the importance of thorough dataset
evaluation, clear validation processes, and constant
monitoring  to  assure  fairness in  clinical
applications[34,35].

6.4 Psychological Impact of AI Monitoring

The psychological impact of Al monitoring in
healthcare is increasingly being studied as institutions
adopt algorithm-enabled tools to assist clinicians and
evaluate workflow patterns. A randomized trial showed
that AI reduced work exhaustion and interpersonal
disengagement,  suggesting relief = when  the
administrative burden is lowered[36]. On the other hand,
research on Al “technostress” indicates that perceived
complexity, workload overload, and threats to
professional esteem can increase stress and job insecurity
among physicians[37]. Studies further show that the
impact of Al on satisfaction depends on factors like
autonomy, competence, and the complexity of the job,
highlighting that those effects vary across contexts[38].
These findings emphasize that AI monitoring does not
have uniform psychological outcomes; instead, its
impact depends on how the technology is implemented
and supported in practice.
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7. Proposed Conceptual Framework

To explore how Al could predict radiologist
burnout and cognitive fatigue, a conceptual framework
can be proposed that integrates diverse workflow and
behavioral data from routine practice. Radiology systems
like Picture Archiving and Communication Systems
[PACS], Radiology Information Systems [RIS], and
reporting platforms generate extensive interaction logs
that reflect workload, reading behavior, and cognitive
load. These measurable indicators allow analysis of
fatigue risk. The framework combines operational
workflow metrics with optional physiological data to
enable predictive modeling of burnout and cognitive
strain[39,40].

Inputs and Data Sources

The initial layer of the proposed framework
collects diverse data reflecting both behavioral and
physiological aspects of radiologist work. Key
behavioral inputs include PACS interaction logs, which
track image viewing times, case navigation, and study
switching patterns metrics, increasingly utilized in
radiology research to quantify workload and reading
behavior. Reporting system timestamps, such as report
start times, dicta on dura on, and turnaround me, provide
temporal indicators of cognitive efficiency, with studies
showing significant varia on based on location and case
priority[41]. Patterns of error correction, like report
amendments, can signal diagnostic uncertainty or
fatigue, with studies showing mistakes increase when
workloads are high[7]. Likewise, long hours and heavy
workload are linked to increased diagnostic errors and
are recognized contributors to physician fatigue and
burnout, underscoring the value of including scheduling
and cumulative workload data in predictive models[42].
Physiological inputs from wearable devices such as heart
rate variability, sleep duration, and activity metrics offer
objective measures of stress and fatigue, and integrating
this with workflow metrics improves the accuracy of
fatigue predictions[43]. Together, these data sources
provide a comprehensive basis for assessing cognitive
strain and anticipating burnout risk.

Al Layer: Modeling and Features

The Al layer forms the central component of the
proposed framework, where machine learning
algorithms combine workflow and physiological data to
model cognitive fatigue and identify performance
declines. Supervised learning models can be trained on
labeled clinical or workflow data to estimate the
probability of fatigue or burnout, using patterns such as
prolonged reporting times, cumulative workload, and
temporal behavior changes. Evidence from research
demonstrates that models trained on electronic health
records and clinical notes can detect fatigue signals and
align with objective work patterns, confirming the
feasibility of predictive fatigue modeling with large
datasets[44]. Beyond supervised approaches, anomaly
detection and unsupervised learning techniques can
identify deviations from an individual clinician’s

baseline workflow, serving as early indicators of
cognitive overload or performance deterioration.
Exploratory studies using biosignal data further show
that longitudinal machine learning can accurately detect
fatigue-related physiological patterns, supporting the
integration of anomaly detection and change-point
analysis into predictive frameworks for assessing
cognitive strain[45].

Outputs: Risk Scores and Scheduling Optimization

The final layer of the framework converts
predictive analytics into practical outputs that can
enhance radiology workflow and reduce fatigue-related
risks. Central to this is a quantitative fatigue risk score
generated by machine learning models, offering an
interpretable measure of cognitive load or burnout
probability for individual radiologists based on
combined workflow and physiological data. Similar
methods using clinical audit logs have successfully
predicted burnout, showing that algorithmic scores can
reflect real-world cognitive stress and guide targeted
interventions[46]. In other clinical settings, real-me
alerts from predictive models have improved workflow
and patient safety, such as early warning systems in
critical care that trigger action when risk thresholds are
exceeded[47]. Applying this approach in radiology could
enable notifications for high fatigue risk, supporting
timely breaks or task redistribution. Additionally, Al-
derived risk scores can inform adaptive scheduling,
balancing case complexity and workload to reduce
cognitive strain, with evidence from other healthcare
domains confirming the effectiveness of predictive
staffing and workload management[48].

8. Integration into Clinical Practice

Artificial intelligence [Al] systems that predict
radiologist burnout and cognitive fatigue can be
integrated into the current clinical processes in such a
way that radiologists would gain considerable
advantages with the increased automation of a variety of
image-related tasks made by Al, and radiology feedback
is employed to improve the AI usage further[49].
Researchers have suggested a framework according to
which clinical integration can take three levels of
maturity: research, production, and feedback. In the
research level, the results of Al can be visualized and
examined by radiologists to evaluate without interfering
with patient records. During the production phase,
validated Al models are incorporated, and systems,
including picture archiving and communication systems
[PACS], and their output are integrated into the clinical
process. The feedback phase allows radiologists to view
and amend Al-generated outputs and proceed with the
process of constant model enhancement through
retraining and clinical feedback[50]

In addition to the established digital systems,
including picture archiving and communication systems
[PACS], radiology information systems [RIS], and
electronic health records [EHR], some of the new Al
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techniques including convolutional neural networks
[CNNs] can be proposed to optimize the clinical
workflow and decrease report turnaround times [RTATs]
in critical findings in the chest radiograph[51]. These
data can help to gain important insights into the work
pattern of radiologists, and Al algorithms can supervise
the dynamics of workflow and identify the signs of
cognitive fatigue or workload imbalance in the early
stages, enhancing diagnostic efficiency and decreasing
delays in patient care.

8.1 Adaptive Workload Redistribution

Real-time analysis of parameters like volumes
of imaging, reporting periods, and case complexity can
enable the Al systems to prioritize critical research and
dynamically manipulate the radiology worklist, enabling
radiologists to work on the high-priority cases at the
expense of routine check-ups divided among the
available personnel. Several clinical studies have
identified that Al-based triage and prioritization tools,
which are incorporated in radiology workflows, can
substantially decrease report turnaround times and
increase efficiency[52,53]. As an illustration, Al-based
worklist prioritization in chest radiography has been
shown to identify critical findings faster and provide a
higher-quality reporting order in high workload
situations. In the same way, the results of other studies
investigating the use of Al triage systems in CT imaging
have reported that it reduces the time to diagnosis of
urgent conditions like pulmonary embolism[54]. The
findings indicate that the redistribution of workloads
with the help of Al can improve the balance of the
workflow, diagnostic efficiency, and potentially reduce
the decline of performance related to fatigue in
radiologists.

8.2 AI-Guided Break Scheduling

Around 60-80% of radiological errors are
attributed to overlooked abnormalities, the rate of which
increases at the end of work shifts. Monitoring systems
based on artificial intelligence can be used to analyze
workflow indicators like the time spent reading, gazes,
and reports to identify the initial symptoms of fatigue and
reduced productivity. As an example, radiologists'
patterns have been analyzed using AI models to
determine changes related to workload caused by fatigue
when interpreting images[13]. Another study assesses
the performance of readers during digital breast
tomosynthesis screening, showing that the modern eye
tracking technology enables non-invasive monitoring of
the eye movements and other visual search parameters.
According to it, the more time a person blinks, the more
advanced levels of mental workload and fatigue are
linked with it[55]. The implementation of such fatigue-
detection measures in clinical workflows may enable Al
systems to suggest micro-breaks or the most effective
rest times on radiology shifts, which would facilitate the
promotion of cognitive recovery, maintenance of
diagnostic accuracy, and the overall health of
radiologists.

8.3 Fatigue-Aware Diagnostic Assistance
Fatigue-aware decision support systems are
also another noteworthy attribute of clinical integration.
Diagnostic assistance tools can be used to offer further
support to radiologists when Al models identify possible
symptoms of cognitive overload. Such systems may
indicate suspicious imaging results, prioritize the cases,
or give automated second-reader analysis. As an
illustration, the radiologists and the Deep learning-based
automated detection algorithm had similar diagnostic
measures in the detection of active pulmonary
tuberculosis on the chest radiographs[56,57].

8.4 Institutional Policy Implications

The introduction of Al-powered burnout
prediction tools can also affect the institutional policies
in the area of workforce management and physician
wellness. Aggregated workflow data can be used by
healthcare organizations to streamline staffing
approaches, create fatigue-reduction initiatives, and
enhance scheduling approaches[58]. Nevertheless, there
should be transparent governance frameworks to allow
the responsible use of performance data

9 FUTURE DIRECTIONS

The use of Al as an imaging identification aid
is gaining traction as a solution to the workload issues in
radiology, but longitudinal studies are needed to help
better understand this association, and the role of Al in
decreasing radiologist burnout must be weighed. The
development of a deep learning model of electronic
health record [EHR] activity logs that, unlike other
approaches that solely used questionnaires to measure
the severity of burnout, directly learns deep
representations of physician behaviours based on large
clinical activity logs in predicting burnout. This is a show
of how more comprehensive and sophisticated methods
are expected to be researched in the future[59]

The advantages of Al embedded into clinical
decision-making can be enumerated as a number of
them, particularly in terms of enhancement of the
precision of diagnosis, acceleration of clinical processes,
and reduction of healthcare expenses due to resource
optimisation. Such advantages may make it more widely
adopted by health care systems. Consistent with previous
studies that show that Al decreases manual labour and
the potential of human error, Al systems can be used to
reduce idle time and automate healthcare processes to
eventually contribute to greater operational efficiency
and cost reduction [60].

Multimodal AI [workflow + physiologic sensors]

The idea of multimodal artificial intelligence
systems, which integrate workflow analytics with data
gathered by physiological sensors, is increasingly
becoming significant in future studies touching upon the
detectability of radiologist burnout and cognitive fatigue.
As the continuous observation of heart rate variability
[HRV] can become an effective predictor of human
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health, inexpensive, wearable photoplethysmography
[PPG] sensors are currently easily available in the market
that can be used to predict fatigue in daily life conditions
by combining these physiological measurements with
electronic workflow data [61,62]. Al programs have the
potential to improve fatigue forecasting and allow real-
time measurement of the well-being of physicians by
combining  these  physiological signals  with
computerized workflow information [63]. To maintain
diagnostic performance and accuracy, these combined
systems could benefit from timely treatments and
identify early signs of cognitive stress [64].

Federated Burnout Prediction across Institutions

Addressing the privacy concerns of
decentralised medical data, a distinctive adaptive
aggregation method has maximised the model
convergence in the federated learning environment and
retained high classification rates, also enabling
healthcare organisations to create extremely accurate
models without compromising patient privacy. A study
suggests that transfer learning combined with federated
learning is a scalable, reliable, and secure method that
can be used to make practical medical diagnoses. One of
the significant concerns is to ensure that the Al models
are accurate and reliable. Moreover, the reliability
problems of multi-access edge computing can be
addressed with federated learning [65].

Federated learning can solve healthcare Al
ethical challenges such as privacy, governance,
transparency and explainability, fairness and reduction
of bias, and equitable access to Al models that allow
hospitals of any size to develop models explicitly and
collaboratively, and increase their generalisability across
different hospital settings, imaging volumes, and
workload patterns [66].

Explainable Al for Transparency

Explainable AI [XAI] can influence the trust
and dependence of the user, who should be the key to the
successful implementation of such systems. The high
levels of confidence contributed greatly to amplifying
the trust, yet it led to overreliance and reduced diagnostic
accuracy, as per research. Conversely, low scores on the
confidence scale were a sign of more conservative
behaviour and reduced trust and agreement to the process
of lengthening the diagnosis.

To address this, the black box character of most
machine learning models and associated mistrust and
acceptance of results could be overcome with a hybrid
machine learning framework utilizing XAI skills to
increase interpretability, transparency, and -clinician
trust, besides enhancing the prediction performance. This
strategy will encourage the ethical and successful
implementation of Al in healthcare applications by
ensuring that Al outputs are reliable and actionable [67].

Prospective Interventional Trials

Future interventional studies are vital to
determine the true world performance of Al-based
burnout prediction systems since most of the existing
studies are retrospective and are only predictive. In
radiology, the use of the Al tool and its effect on patient
outcomes in the long run can be evaluated in terms of the
workload of clinicians, diagnostic quality, and workflow
rates. This form of prospective evidence is vital in the
process of validating Al interventions and greater
clinical implementation [68—70].

CONCLUSION

Radiologist burnout is increasing due to rising
imaging volumes, administrative workload, and
cognitive demands, affecting physician well-being and
diagnostic performance. Artificial intelligence can
analyze workflow patterns, reporting time, and electronic
health record activity logs to detect early signs of fatigue
and burnout risk. This review explores the role of Al-
based workflow analytics in predicting radiologist
burnout and cognitive fatigue. Major themes include
burnout drivers, machine-learning prediction models,
Al-assisted workflow optimization, and the impact of Al
on clinician well-being. Al integration with radiology
systems may enable proactive workload management
and sustainable radiology practice.
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