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ABSTRACT

Objectives: Burnout among healthcare workers adversely affects workforce well-being, healthcare delivery, and
patient outcomes. Artificial intelligence (Al) has emerged as a promising approach for monitoring burnout risk
and supporting interventions to reduce occupational stress. This systematic review evaluated the effectiveness of
Al-based tools in monitoring, predicting, and reducing burnout among healthcare professionals.

Methods: A systematic review was conducted according to the PRISMA guidelines. Five electronic databases
(Scopus, PubMed, Web of Science, CINAHL, and ProQuest) were searched for studies published between January
2014 and December 2024. Eligible studies involved healthcare professionals and evaluated Al-based approaches
for burnout monitoring, prediction, or intervention. Data extraction and quality assessment were performed
independently by two reviewers using the NIH Quality Assessment Tool.

Results: Twenty-five studies met the inclusion criteria. Al techniques included machine learning algorithms,
natural language processing, large language models, wearable-integrated monitoring systems, electronic health
record-based predictive tools, and chatbot interventions. Predictive models demonstrated moderate-to-high
performance, with reported AUC values ranging from 0.72 to 0.91. Chatbot interventions and EHR -integrated
population health management systems showed modest but statistically significant reductions in burnout, whereas
Al-assisted documentation tools reduced administrative burden and improved workflow efficiency. However,
most studies relied on self-reported outcomes, had limited follow-up periods, and demonstrated considerable
methodological heterogeneity.

Conclusions: Al-based technologies demonstrate promising potential for identifying burnout risk and supporting
interventions to reduce burnout among healthcare workers. Nevertheless, stronger longitudinal studies,
standardized evaluation methods, and implementation across diverse healthcare settings are required before
widespread adoption can be recommended.

KEYWORDS: Artificial Intelligence; Burnout, Professional; Health Personnel; Machine Learning; Occupational
Stress

Introduction

Healthcare worker burnout is a critical issue characterized by emotional exhaustion, depersonalization, and a
diminished sense of personal accomplishment. Burnout negatively impacts healthcare professionals and patient
care, with prevalence rates ranging from 10% to 59% across various specialties [1]. A 2022 survey revealed that
46% of healthcare workers experienced frequent burnout, a rise from 32% in 2018 [2]. Burnout leads to decreased
time with patients, increased medical errors, and higher hospital-acquired infection rates [3]. Additionally, affected
individuals may reduce working hours or leave the profession, exacerbating staffing shortages. The COVID-19
pandemic has further intensified workloads and stress among healthcare workers [4]. Artificial Intelligence (AI)
has emerged as a promising tool to alleviate burnout by automating administrative tasks, enhancing decision-
making, and streamlining workflows. Al applications reduce cognitive and emotional burdens, allowing
professionals to focus more on patient care [5]. For instance, Al-driven systems can handle routine documentation,
schedule management, and data analysis, decreasing the time clinicians spend on non-clinical tasks [6].
Moreover, Al can support clinical decision-making by providing evidence-based recommendations, potentially
enhancing job satisfaction and reducing burnout. A survey reported that 78% of physicians were optimistic about
Al improving clinical efficiency [7]. However, integrating Al thoughtfully is essential to avoid complicating
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workflows. Ethical concerns, such as the potential prioritization of profit over patient care, highlight the need for
careful deployment [8].

Many studies exploring Al interventions for burnout are observational or cross-sectional, limiting the ability to
establish causality. Small sample sizes further constrain the generalizability of findings. A review noted that while
Al can reduce cognitive and work burdens, implementation challenges necessitate more robust study designs [9].
There is limited longitudinal research assessing the long-term impact of Al interventions on burnout, making it
difficult to determine whether Al solutions provide sustainable benefits or temporary relief. The deployment of
Al raises ethical concerns, including data privacy issues, potential job displacement, and devaluation of
professional skills. Healthcare workers fear that Al diagnostic errors may increase stress or lead to missed
diagnoses [10]. Additionally, concerns persist that Al might perpetuate higher workloads, contributing to burnout,
clinical errors, and poorer outcomes [6]. The effectiveness of Al systems relies heavily on data quality and
availability. Limitations in these areas hinder Al's ability to address healthcare challenges [11]. Research in high-
resource settings, such as South Korea and the United States, often overlooks challenges faced by healthcare
workers in low- and middle-income countries (LMICs). Differences in healthcare infrastructure, workload
distribution, and cultural attitudes toward mental health can significantly influence burnout factors [12]. The
absence of studies from LMICs highlights the need for inclusive research accounting for diverse healthcare
systems. Additionally, most Al interventions target narrow aspects of burnout, such as administrative tasks,
without addressing complex determinants like interpersonal dynamics or institutional policies. The reliance on
proprietary Al algorithms with limited transparency raises ethical concerns and challenges reproducibility [13].
The lack of longitudinal studies further exacerbates this issue, as the long-term effects of Al interventions on
burnout remain largely unexplored.

Existing research often evaluates isolated Al tools without assessing their integrated impact on burnout. Studies
focus on specific outcomes, such as task load reduction or predictive accuracy, while neglecting broader
psychosocial dimensions. Emotional exhaustion and depersonalization, key components of burnout, are frequently
underexplored in Al-related interventions [14][15]. Variations in the use of burnout measurement tools, such as
the Maslach Burnout Inventory (MBI), and the reliance on self-reported data introduce inconsistencies [14].
Additionally, usability, training, and perceived workload redistribution are often overlooked.

While AI and machine learning algorithms have successfully observed or predicted burnout, active
implementation to reduce burnout and enhance job satisfaction remains limited. Most studies evaluate Al model
performance for predicting burnout but place minimal emphasis on leveraging Al for mental well-being or
workplace outcomes. Concerns about job insecurity linked to Al integration further complicate its adoption. The
lack of long-term studies exacerbates the challenge of assessing Al's sustained impact. This study aims to evaluate
Al's predictive capabilities and its potential to deliver meaningful and lasting improvements in burnout reduction
and job satisfaction.

METHODOLOGY

Protocol and registration

This systematic review was conducted in accordance with PRISMA guidelines. The protocol was registered in the
PROSPERO (CRD-NIHR) database with Reference ID CRD42025642827.

Search Strategy

For this systematic search, we developed a search strategy to identify relevant literature. This search strategy was
tailored to five major electronic databases: Scopus, CINAHL, Web of Science, ProQuest, and PubMed. These
databases were chosen for their broad coverage of medical, nursing, and multidisciplinary literature. Search terms
included were “artificial intelligence”, “machine learning”, “AI”, “algorithm”, “predictive analytics”, “healthcare
worker”, “healthcare professional”, “doctor”, “nurse”, “clinician”, “burnout”, “emotional exhaustion”,
“occupational stress”, “compassion fatigue”, “mental health”, “monitor”, “track”, “predict”, “evaluate”,
“improve”, “reduce”, “mitigate”, “effectiveness”, “outcome”, “impact”, and “efficacy”. These terms were
combined using Boolean operators AND or OR to obtain the final search string. The search was conducted for
studies published between January 2014 and December 2024, ensuring that the review captures the most recent
advancements and trends in the use of Al for mitigating healthcare worker burnout. To maintain consistency and
relevance, the search was limited to articles published in English. Only full-text articles were considered, and
reviews, editorials, and opinion pieces were excluded.

Selection Criteria

The selection criteria were developed in alignment with the PRISMA guidelines to ensure the inclusion of relevant
and high-quality studies. The review focused on studies involving healthcare workers, including doctors, nurses,
and allied health professionals, that utilized artificial intelligence (AI) technologies or tools for monitoring,
predicting, and improving burnout. Only observational studies were included. Studies not involving healthcare
workers, those using interventions unrelated to Al, or reporting outcomes unrelated to burnout were excluded.
Additionally, opinion pieces, editorials, commentaries, and abstract-only papers were excluded.
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Quality Assessment

The risk of bias of the included studies was assessed using the quality assessment of NIH Quality Assessment
Tool for Observational Cohort and Cross-Sectional Studies [16][17][18]. Given that most included studies were
observational in nature, this tool was deemed appropriate for evaluating the risk of bias. The two reviewers used
the tool in its standard form without any modifications. Each study was independently assessed by the reviewers
to ensure an objective evaluation. Discrepancies in assessments were resolved through consensus discussions, and
inter-rater reliability was calculated to ensure consistency, with Cohen’s kappa (kx = 0.813) indicating strong
agreement between reviewers. Cohen’s kappa value was calculated using RStudio.

Figure 1. Quality Assessment Results for the Included Studies (NIH Tool)
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Data Extraction

Two independent reviewers screened the titles and abstracts of the articles to assess eligibility, followed by a full-
text review of the selected studies. The reasons for excluding articles were documented. Additionally, the
references of the included articles were hand-searched to identify any potentially relevant studies. Discrepancies
between the reviewers were resolved through discussion and consensus. The following details were extracted
from the included studies into a pilot worksheet by the two reviewers: (1) author names; (2) year of publication;
(3) country; (4) sample size; (5) study design; (6) improvements in burnout; (7) reported burnout metrics; and (8)
types of Al techniques or tools utilized. The extracted information was cross verified independently by both
reviewers to ensure accuracy and reliability. Any inconsistencies were resolved collaboratively

FIGURE 2. Flow diagram of the study selection process
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RESULTS

The search yielded 990 articles from various electronic databases. After removing duplicates, 954 articles were
screened by title and abstract. Of these, 179 met the inclusion criteria for full-text review, and 25 studies were
ultimately included in this systematic review. A PRISMA flow diagram outlining the selection process is provided
in Figure 2.

The 25 included studies were conducted between 2018 and 2024, involving healthcare professionals such as
physicians, nurses, allied health workers, and mixed clinical populations across countries including the United
States, China, Spain, Finland, Japan, Germany, and Canada. Sample sizes ranged from 10 in pilot studies to over
4,000 in large cross-sectional surveys.

Burnout was assessed using various instruments, with the Maslach Burnout Inventory (MBI) and its variants
(MBI-GS, MBI-EE) being the most common (n = 13). Other tools included the Copenhagen Burnout Inventory
(CBI), Stanford Professional Fulfillment Index (PFI), and single-item validated measures.

Al-based tools used in these studies included machine learning classifiers (e.g., logistic regression, random forest,
gradient boosting, support vector machines), natural language processing (NLP) models for chatbot-based
screening and documentation summarization, large language models (e.g., GPT-4), wearable device integration,
population health management algorithms embedded in EHRs, and chatbots for psychological support.
Seventeen studies used Al for monitoring or predicting burnout. Monitoring strategies included analysis of EHR
usage to detect work exhaustion [29, 33]. The stratifying burnout risk using population health management tools
and detecting strain among nurses using wearable sensors and operational data [22, 32, 34]. Predictive modeling
studies used demographic, psychological, workplace, or digital trace data to forecast burnout risk with reported
accuracies ranging from 57% to 90% and AUC values from 0.72 to 0.91 [27, 35, 36]. Gradient boosting and
random forest models were most effective, especially in predicting job crafting behaviors and resilience [27, 36].
NLP and LLM-based tools showed promise in reducing administrative burden but did not directly assess burnout
outcomes [28, 30, 44].

Six studies included interventional or quasi-interventional Al applications. These involved chatbots for mental
health support, Al-personalized iCBT for shift workers, population health tools in clinical workflows and Al-
assisted diagnostics [21, 22, 31, 43]. Effects varied: the Vickybot chatbot showed a moderate reduction in burnout
(z=-2.07, P=.04, r = 0.32), and clinicians who valued population health tools reported 15-30% lower burnout
odds [21, 22]. Other interventions showed mixed or non-significant effects.

Two protocol or conceptual studies lacked complete outcome data but illustrated emerging uses of Al that warrant
further evaluation [31, 44]. Overall, predictive models achieved moderate to high accuracy, and interventional
tools showed modest but significant effects on burnout, although follow-up durations were short and most relied
on self-reported measures.

Table 1. Interventional or Quasi-Interventional Al Studies
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Although a meta-analysis was initially considered, it was not feasible due to significant heterogeneity across the
studies included. The studies differed in terms of their designs, Al tools utilized, burnout measurement methods,
and outcome reporting. These differences precluded meaningful statistical pooling; therefore, a narrative synthesis
was conducted.

This systematic review provides a comprehensive overview of current evidence on the role of Al-based tools in
monitoring and reducing burnout among healthcare professionals. The 25 included studies encompassed diverse
healthcare settings and employed various Al techniques, including machine learning classifiers, natural language
processing (NLP), large language models (LLMs), wearable-integrated prediction systems, and population health
management tools. These technologies primarily targeted key drivers of burnout, such as excessive workload,
administrative burden, and emotional fatigue.
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Some Al-enabled interventions, particularly chatbot-based tools and EHR-integrated dashboards, demonstrated
statistically significant improvements in burnout-related metrics. However, findings across studies were mixed,
and many effects were modest or preliminary. Predictive models achieved moderate to high accuracy (AUC 0.72—
0.91) in identifying individuals at risk of burnout, especially when combining workplace, psychological, and
behavioural data [27, 35, 36]. Al-driven documentation support tools, such as GPT-4 based summarization
systems, effectively reduced administrative workload, although their direct impact on burnout was not assessed
[28, 30, 44]. Chatbot interventions like Vickybot produced moderate reductions in burnout symptoms, while
population health management dashboards were associated with lower reported burnout odds [21, 22].

Despite these promising results, several limitations should be considered. Most studies relied on self-reported
burnout measures, which are subjective and susceptible to bias. Few studies included long-term follow-up or
objective clinical outcomes, limiting understanding of sustained impact. Many interventions were pilots or
protocols with small sample sizes, reducing generalizability. The lack of standardized burnout assessment tools
further hindered direct comparisons across studies.

In addition to methodological limitations, broader challenges remain. Ethical considerations including data
privacy, algorithmic bias, and fairness must be addressed to ensure safe and equitable implementation of Al tools.
Moreover, most of the studies were conducted in high-income settings with robust digital infrastructure, limiting
applicability to low-resource contexts where burnout is equally prevalent but structural barriers to Al adoption are
greater.

Future research should prioritize standardized evaluation metrics, incorporate objective outcome measures, and
employ large-scale, longitudinal designs across diverse healthcare settings. Equitable access, user-centered design,
and contextual adaptation will be critical to ensure the successful and ethical integration of Al tools into healthcare
systems worldwide.

CONCLUSION

This systematic review highlights the growing potential of Al-based tools to monitor and reduce burnout among
healthcare workers. Al technologies including predictive modeling, LLM-driven documentation aids, chatbots,
and EHR-integrated population health tools show promise in addressing key contributors to burnout, particularly
workload and administrative burden. However, high heterogeneity in study design, reliance on self-reported
outcomes, limited follow-up periods, and lack of standardization limit the strength and generalizability of current
evidence. Additionally, the concentration of studies in high-income settings raises concerns about global
applicability. Future research should focus on developing robust, standardized, and inclusive evaluation
frameworks to ensure that these tools are effective, scalable, and equitably accessible across diverse healthcare
environments.
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