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Purpose: This systematic review examined the impact of generative artificial intelligence (AI) on nurses' clinical decision-making. 
Methods: Following PRISMA guidelines, we searched four databases for empirical studies (2000-2025) examining generative AI in 
nursing decision-making. Two reviewers independently conducted study selection and quality assessment. Results: Twenty-three 
studies were included (simulation studies n=7, cross-sectional n=4, qualitative n=3, implementation n=3, retrospective evalua-
tion n=3, observational comparison n=3, experimental n=2). Large language models, particularly ChatGPT and GPT-4, were most 
commonly examined. Benefits included 11.3-fold faster response times, high diagnostic appropriateness (94%–98%) in neonatal 
intensive care, improved emergency triage agreement (Cohen's κ, 0.899-0.902), and documentation time reductions (35% to 
>99%). Challenges included limitations in therapeutic reliability, hallucinations in vital sign processing, demographic biases, and 
over-reliance risks (only 34% high trust reported). Conclusion: Generative AI shows promise for augmenting nursing decision-mak-
ing with appropriate oversight, though evidence is limited by predominance of simulation studies and insufficient patient-level out-
come data. AI literacy integration in nursing education and robust institutional governance is essential before routine deployment. 
Large-scale randomized controlled trials are needed.
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INTRODUCTION

The rapid advancement of generative artificial intelligence 

(AI) technologies has created unprecedented opportunities for 

transforming healthcare delivery and nursing practice [1,2]. 

Generative AI refers to AI systems capable of creating new con-

tent, including text, clinical recommendations, and diagnostic 

insights, based on patterns learned from vast datasets [3]. Unlike 

traditional rule-based clinical decision support systems, genera-

tive AI—particularly large language models (LLMs) such as 

ChatGPT and GPT-4—can process natural language, synthesize 

complex clinical information, and generate contextually appro-

priate responses in real-time [4,5].

Nurses are at the forefront of healthcare delivery, making crit-

ical clinical decisions that directly impact patient safety and out-

comes [6]. Clinical decision-making in nursing involves com-

plex cognitive processes including assessment, diagnosis, 

planning, implementation, and evaluation across diverse pa-

tient populations and care settings [7]. The integration of gener-

ative AI into nursing workflows has the potential to transform 

these decision-making processes by providing rapid informa-

tion synthesis, diagnostic support, treatment recommendations, 

and documentation assistance [8,9].

However, the novelty of generative AI technologies and their 

rapid deployment in clinical settings raise important questions 

about their impact on nursing judgment, patient safety, profes-
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sional autonomy, and accountability [10,11]. Concerns have 

emerged regarding AI-generated errors (hallucinations), bias, 

over-reliance, therapeutic safety, and the potential erosion of 

clinical expertise [12,13]. Furthermore, the lack of clear gover-

nance frameworks, regulatory oversight, and liability structures 

creates uncertainty about the appropriate role of generative AI 

in nursing practice [14,15].

As healthcare systems worldwide face increasing pressures 

from workforce shortages, documentation burdens, and in-

creasingly complex patient needs, understanding the role of 

generative AI in supporting nursing decision-making has be-

come critically important [16]. The Korean healthcare context, 

characterized by high patient-to-nurse ratios and intensive care 

demands, makes this topic particularly relevant for Korean 

nursing administrators and policymakers [17]. Despite growing 

interest and implementation, the evidence base regarding gen-

erative AI's impact on nursing decision-making remains frag-

mented across various study designs, clinical settings, and AI 

technologies [18].

While several systematic reviews have examined AI applica-

tions in nursing practice [19,20], these reviews predominantly 

focus on traditional AI systems, machine learning algorithms, 

and rule-based clinical decision support without distinguishing 

the unique characteristics of generative AI technologies. Exist-

ing reviews have not adequately addressed the specific capabili-

ties and risks inherent to LLMs, such as hallucination genera-

tion, prompt-dependent bias amplification, and uncertainty 

communication challenges. Furthermore, most prior reviews 

cover literature published before the widespread deployment of 

ChatGPT and GPT-4 in late 2022 and 2023, missing the rapid 

evolution and real-world implementation experiences that have 

emerged since. Additionally, existing reviews often examine 

general technology adoption or AI applications broadly, rather 

than focusing specifically on the impact on nurses' clinical deci-

sion-making processes—a critical gap given that decision-mak-

ing is central to nursing practice and patient safety. Therefore, a 

systematic review specifically focused on generative AI's impact 

on nursing decision-making, incorporating the most recent evi-

dence and addressing the unique characteristics of these tech-

nologies, is essential to inform safe and effective implementa-

tion in clinical practice.

A comprehensive systematic review is needed to synthesize 

empirical evidence, identify benefits and risks, and inform evi-

dence-based policies, educational curricula, and implementa-

tion strategies that maximize benefits while rigorously manag-

ing risks [21]. This systematic review aims to (1) examine the 

specific aspects of nursing decision-making impacted by gener-

ative AI, (2) identify the types of generative AI technologies be-

ing used or studied in nursing practice, (3) evaluate the reported 

benefits and positive impacts on nursing decision-making, (4) 

identify the challenges, limitations, and risks associated with 

generative AI use, and (5) discuss implications for nursing prac-

tice, education, and policy.

METHODS

Study Design
This systematic review was conducted following the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) 2020 guidelines [22]. A detailed review protocol was 

developed a priori, including predefined research questions, 

search strategies, inclusion/exclusion criteria, data extraction 

procedures, and quality assessment methods. However, the pro-

tocol was not prospectively registered in a public database such 

as PROSPERO or Open Science Framework. This limitation is 

acknowledged in the Discussion section. The PRISMA 2020 

checklist is provided in Supplementary Material 1.

Search Strategy
A comprehensive literature search was conducted in Novem-

ber 2025 using four electronic databases: PubMed/Medline, 

Web of Science, CINAHL, and Google Scholar. The search cov-

ered publications from January 2000 to November 2025 to reflect 

the emergence of generative AI in healthcare. The search strate-

gy was developed with input from a health sciences librarian 

and included MeSH (Medical Subject Headings) terms and key-

words related to three domains: generative AI (e.g., "generative 

artificial intelligence," "large language model," "ChatGPT," 

"GPT-4"), nursing (e.g., "nursing practice," "registered nurse," 

"nursing staff"), and clinical decision-making (e.g., "decision 

making," "clinical reasoning," "decision support"). Search terms 

were adapted for each database to accommodate indexing dif-

ferences, including MeSH for PubMed and subject headings for 

CINAHL. Reference lists of included studies and relevant re-

views were manually screened, and citation tracking in Google 

Scholar was performed to identify additional eligible studies. 

Grey literature from major nursing organizations, including the 

American Nurses Association, International Council of Nurses, 
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and Korean Nurses Association, was reviewed to inform search 

strategy development and provide contextual understanding of 

professional guidance on AI in nursing practice. However, grey 

literature sources were not included in the systematic review's 

data extraction or synthesis, as the review focused exclusively on 

peer-reviewed empirical research meeting the predefined inclu-

sion criteria. The detailed search strategy is presented in Sup-

plementary Material 2.

Inclusion and Exclusion Criteria
Studies were included if they were empirical investigations 

examining the use of generative AI in nursing practice and its 

impact on nurses' clinical decision-making. Eligible study de-

signs included quantitative, qualitative, and mixed-methods re-

search, such as experimental studies, observational studies, 

simulation-based evaluations, pilot studies, and qualitative ex-

plorations. Studies were required to involve registered nurses, 

nurse practitioners, or clinical nurses working in real clinical en-

vironments or simulated decision-making scenarios. Only 

peer-reviewed empirical research articles published in English 

in indexed academic journals were included. Grey literature, in-

cluding organizational reports, position statements, technical 

documents, and white papers, was excluded from data ex-

traction and synthesis but was consulted during search strategy 

development to ensure comprehensive coverage of relevant ter-

minology and concepts.

Studies were excluded if they were reviews, bibliometric anal-

yses, theoretical discussions, policy papers, or opinion pieces 

without empirical data. Editorials, commentaries, and confer-

ence abstracts were excluded due to lack of methodological rig-

or. Studies focusing solely on traditional or rule-based AI rather 

than generative AI were excluded, as were those examining AI 

in nursing education without clinical practice relevance. Re-

search involving only nursing students or studies addressing 

general technology adoption without decision-making out-

comes were excluded. Duplicate publications, secondary analy-

ses without new findings, and non-English papers were also ex-

cluded. Studies published in languages other than English were 

excluded due to resource constraints, which may introduce lan-

guage bias. This limitation is discussed further in the Discussion 

section.

Study Selection Process
Study selection was conducted in two stages by two indepen-

dent authors following a standardized protocol. In the first stage, 

both reviewers independently screened all titles and abstracts of 

the 1,324 unique records identified after duplicate removal, us-

ing the predefined inclusion and exclusion criteria. Disagree-

ments that arose at this stage were resolved through discussion, 

ultimately leading to a final consensus. This process resulted in 

68 studies proceeding to full-text review. In the second stage, 

both reviewers independently assessed the full texts of all 68 ar-

ticles for eligibility. Each reviewer documented the reasons for 

exclusion for studies that did not meet inclusion criteria. Again, 

disagreements were resolved through discussion and third-par-

ty adjudication when necessary. The inter-rater agreement for 

full-text screening was substantial (Cohen's kappa = 0.82), indi-

cating high consistency between reviewers. This dual indepen-

dent review process resulted in 23 studies being included in the 

final synthesis (Appendix 1). The study selection process is doc-

umented in the PRISMA flow diagram (Figure 1). Data on study 

selection agreement are provided in Supplementary Material 3.

Data Extraction
Data extraction was conducted independently by two review-

ers (MK and SDK) using a standardized extraction form devel-

oped for this review, with discrepancies resolved through con-

sensus and third-party adjudication when required. Extracted 

study information included author, publication year, country, 

study design, methodology, sample size, participant character-

istics, and clinical setting (e.g., intensive care unit [ICU], emer-

gency department [ED], neonatal ICU, long-term care).

Generative AI characteristics included the AI type (e.g., 

ChatGPT, GPT-4, custom LLM, hybrid system), system architec-

ture and features, and implementation approach (autonomous 

vs. human-supervised). Decision-making characteristics cap-

tured domains assessed (e.g., assessment, diagnosis, treatment, 

documentation, education) and specific clinical tasks or scenar-

ios evaluated. Outcome data included outcome measures, as-

sessment tools, quantitative findings (e.g., percentages, means, 

effect sizes), qualitative results (themes, representative quotes), 

reported benefits, challenges, and risks. Quality appraisal in-

cluded documented study limitations, funding sources, and po-

tential conflicts of interest.

Quality Assessment
The methodological quality of included studies was assessed 

using appropriate tools based on study design to ensure rigor-
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ous evaluation across diverse methodologies. Randomized con-

trolled trials were assessed using the Cochrane Risk of Bias Tool 

2 (RoB 2) [23]. Non-randomized experimental studies were 

evaluated using the Risk of Bias in Non-randomized Studies of 

Interventions (ROBINS-I) [24]. Cross-sectional and observation-

al studies were assessed using the Newcastle-Ottawa Scale 

(NOS) [25]. Qualitative studies were evaluated using the Critical 

Appraisal Skills Programme (CASP) Qualitative Checklist [26].

Data Synthesis
Due to substantial heterogeneity in study designs, AI technol-

ogies, clinical settings, and outcome measures, a narrative syn-

thesis approach was employed following guidance from the 

Centre for Reviews and Dissemination [27]. Meta-analysis was 

not feasible due to this heterogeneity, which precluded mean-

ingful statistical pooling of results.

Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 flow diagram of study selection process for the 
systematic review on generative artificial intelligence (AI) use and its impact on nurses’ clinical decision-making. The diagram illustrates the 
number of records identified, screened, assessed for eligibility, and included in the review, along with reasons for exclusion at the full-text 
stage.
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Ethical Considerations
As this study was a systematic review of published literature, it 

did not involve human subjects and therefore did not require 

institutional review board approval. All included studies were 

published research available in the public domain, ensuring 

that our review adhered to ethical standards for secondary re-

search.

RESULTS

Study Selection
The database search identified 1,847 records across PubMed/

Medline (n = 456), Web of Science (n = 523), CINAHL (n = 312), 

and Google Scholar (n = 556). After removing 523 duplicates, 

1,324 unique records were screened by title and abstract, result-

ing in the exclusion of 1,256 studies that did not meet inclusion 

criteria—primarily because they were not focused on generative 

AI (n = 456), were not related to nursing (n = 389), did not exam-

ine decision-making (n = 278), or were not empirical research 

(n = 133). This left 68 articles for full-text review. During full-text 

assessment, 45 articles were excluded due to being reviews 

(n = 18), theoretical or policy papers (n = 14), bibliometric stud-

ies (n = 3), lacking a generative AI focus (n = 6), not addressing 

nursing decision-making (n = 3), or being a non–peer-reviewed 

conference abstract (n = 1). Ultimately, 23 empirical studies sat-

isfied all eligibility criteria and were included in the final synthe-

sis, as summarized in the PRISMA 2020 flow diagram (Figure 1). 

All 23 included studies were peer-reviewed empirical research 

articles published in indexed academic journals; no grey litera-

ture sources met the inclusion criteria for data extraction and 

synthesis. Of the 23 included studies, 21 (91%) were peer-re-

viewed journal articles published in indexed academic journals, 

and 2 (9%) were widely cited preprints or arXiv papers that met 

our quality criteria and provided valuable contributions to the 

emerging evidence base. No other grey literature sources (e.g., 

organizational reports, white papers, conference proceedings) 

met the inclusion criteria for data extraction and synthesis. A 

detailed list of the included studies is presented in Supplemen-

tary Material 3.

Study Characteristics
Study characteristics are summarized in Table 1. The 23 in-

cluded studies were published between 2020 and 2025, with 

most (n = 12) appearing in 2024 (52%), followed by 2025 (n = 8, 

35%), 2023 (n = 2, 9%), and 2020 (n = 1, 4%), reflecting rapidly in-

creasing scholarly attention to generative AI in nursing. Re-

search was conducted globally, with Israel contributing the larg-

est number of studies (n = 4, 17%), followed by Taiwan (n = 4, 

17%), multi-national studies (n = 5, 22%), South Korea (n = 2, 

9%), USA (n = 2, 9%), and Germany (n = 2, 9%). Additional indi-

vidual studies originated from Saudi Arabia, Hong Kong, Turkey, 

and Australia, indicating broad international engagement. The 

included studies applied varied research methodologies, in-

cluding experimental or pilot evaluations, simulation-based 

studies, cross-sectional research, and qualitative designs. Sam-

ple sizes ranged widely depending on study type and purpose. 

from 10 nurse leaders to 312 nurses in participant-based studies, 

and 45 to 2,000 cases in vignette or retrospective dataset evalua-

tions. Clinical settings also varied, with research conducted in 

high-acuity environments such as intensive care units (n = 7, 

30%) and emergency departments (n = 9, 39%), as well as gener-

al hospital settings (n = 4). Additional settings included commu-

nity/home health nursing (n = 2, 9%) and oncology nursing 

(n = 1, 4%). Participants represented multiple nursing roles, in-

cluding registered nurses, advanced practice nurses, ICU and 

emergency nurses, and nurse administrators, supporting appli-

cability across diverse clinical contexts.

The included studies employed diverse generative AI technol-

ogies, reflecting the heterogeneous and rapidly evolving land-

scape of AI in healthcare. ChatGPT/GPT-4 and other commer-

cial LLMs were used in 14 studies (61%), multiple LLMs 

compared across studies in 4 studies (17%), retrieval-augment-

ed generation (RAG) systems in 2 studies (9%), voice-based or 

automated documentation systems in 2 studies (9%), and other 

specialized LLM architectures in 1 study (4%). This technologi-

cal diversity reflects the real-world implementation environ-

ment where generative AI is often integrated with existing clini-

cal decision support infrastructure rather than deployed as 

standalone systems.

Quality Assessment
The quality assessment results are summarized in Table 2. 

Overall, the included studies demonstrated moderate to high 

methodological quality, although quality varied by study design. 

The experimental studies generally showed low to moderate 

risk of bias, with appropriate use of objective outcome mea-

sures, though blinding was inconsistently applied. Cross-sec-

tional studies received strong ratings on the Newcastle–Ottawa 
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Table 2. Summary of Quality Assessments of Included Studies (N= 23)

Study No. Assessment tool Overall quality Key limitations*

A1 NOS-CS Good (7/9) Vignette limitations; simulation-based; single-center; limited external validity

A2 NOS-CS Excellent (8/9) Multi-center but limited sample size (n = 32); NICU-specific focus

A3 ROBINS-I Low risk Preprint status; retrospective design; single-center; computational complexity

A4 ROBINS-I Low risk Retrospective design; no patient outcomes; Korean context only; model version 
dependency

A5 ROBINS-I Low-moderate risk Preprint status; dataset-based evaluation; limited real-world validation

A6 Modified NOS Good (7/9) Simulation limitations; generalizability concerns to real ICU practice; automation 
bias risk

A7 Modified NOS Moderate (6/9) Small sample; single-site; limited methodological detail; scalability concerns

A8 CASP High quality Single country (Saudi Arabia); limited transferability; very specific NICU context

A9 ROBINS-I Low risk ICU clinicians not nurses only; simulation-based tasks; voice recognition accuracy

A10 ROBINS-I Low-moderate risk Observational design; single-center; no patient outcomes; severity overestimation

A11 Modified NOS Good (7/9) Implementation study; hallucination concerns noted; limited validation; need RAG

A12 NOS-CS Good (7/9) Vignette limitations; pediatric focus only; limited generalizability; equity concerns

A13 NOS-CS Excellent (8/9) Self-report bias; cross-sectional design; trust measurement challenges

A14 CASP High quality Very small sample (n = 10); nurse leaders only; limited generalizability

A15 NOS-CS Excellent (8/9) Self-report bias; cross-sectional design; Taiwan context; competency gaps

A16 ROBINS-I Low risk Single-center; Turkish context; no patient outcomes; observational design

A17 ROBINS-I Low-moderate risk Comparative evaluation; dataset-based; limited clinical validation; acuity variation

A18 Modified NOS Good (7/9) Simulation limitations; community nursing focus; may not transfer to acute care

A19 Modified NOS Moderate (6/9) System development study; dataset-based; limited clinical validation; needs 
real-world testing

A20 ROBINS-I Low-moderate risk Youth mental health focus only; limited generalizability; small sample; governance 
concerns

A21 NOS cohort Good (7/9) Before-after design; automation not LLM-based; single-unit implementation

A22 Modified NOS Good (7/9) Nursing students not practicing nurses; simulation-based; education focus

A23 Modified NOS Moderate (5/9) Demonstration study; limited empirical data; oncology-specific; needs validation

NOS-CS = Newcastle-Ottawa Scale adapted for cross-sectional studies; NICU = neonatal intensive care unit; ROBINS-I = Risk Of Bias In Non-
randomized Studies of Interventions; Modified NOS = modified Newcastle-Ottawa Scale; ICU = intensive care unit; CASP = Critical Appraisal Skills 
Programme; RAG = retrieval-augmented generation; LLM = large language model.
*Key limitations across all studies included small sample sizes, single-site designs, short follow-up periods, and limited patient outcome data. 
Despite these constraints, the overall methodological quality was sufficient to support meaningful conclusions regarding generative AI use in 
nursing decision-making.

Scale (scores 6–8/9), although several lacked justification for 

sample size. Qualitative studies demonstrated strong method-

ological rigor, including transparent analytic procedures and re-

flexivity. Simulation studies showed adequate design validity 

with clinically realistic scenarios, but limited generalizability to 

real-world practice. Implementation and demonstration studies 

provided valuable feasibility and preliminary outcome data but 

were constrained by small samples, limited controlled compari-

sons, and short follow-up periods. Common methodological 

limitations across studies included small sample sizes, sin-

gle-site recruitment, limited longitudinal outcome measure-

ment, and insufficient reporting of patient-level impact. Despite 

these limitations, the overall evidence base offers sufficient 

methodological strength to inform preliminary conclusions 

about the role of generative AI in nursing decision-making. It is 

important to note that the evidence base comprises studies with 

varying levels of evidence strength. 

Experimental studies (n = 4) and randomized controlled trials 

(n = 2) provide higher-level evidence for causal inferences, while 

cross-sectional studies (n = 6), simulation studies (n = 4), and pi-

lot studies (n = 4) offer preliminary or exploratory evidence. 

Qualitative studies (n = 5) provide important insights into imple-

mentation experiences and contextual factors but do not estab-

lish effectiveness. This heterogeneity in study designs means 

that findings should be interpreted with consideration of the 

strength and certainty of evidence for each specific outcome or 

application domain. Meta-analysis was not feasible due to this 

heterogeneity, and our synthesis reflects the current state of an 

emerging field where high-quality experimental evidence is still 

accumulating.
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Effects of Generative AI Technologies on Nursing Practice: 
Benefits, Challenges, and Risks

Generative AI technologies demonstrated meaningful im-

pacts on nursing practice across multiple clinical domains, as 

summarized in Table 3. Commercial large language models, 

such as ChatGPT, significantly improved response time in clini-

cal assessment and triage, operating over ten times faster than 

expert nurses, though initial assessments showed variable ap-

propriateness and occasional unnecessary test recommenda-

tions. Domain-specific fine-tuned models achieved high diag-

nostic accuracy rates of 94%–98% in neonatal intensive care 

settings, with Claude-2.0 outperforming ChatGPT-4 in both ac-

curacy and speed. However, therapeutic recommendations re-

mained less reliable, with concerns about potentially harmful 

suggestions and critical omissions.

Retrieval-augmented generation systems demonstrated sub-

stantial improvements in emergency triage decision-making, 

achieving high agreement scores (quadratic weighted kappa 

0.902) and accuracy (0.802), along with reduced over-triage and 

improved consistency. Multiple emergency department triage 

studies showed high agreement between AI and clinician as-

sessments (Cohen's κ ranging from 0.899 to 0.902), though some 

noted AI's tendency toward overestimation of severity. Voice-

based information and documentation systems completed 

standardized ICU tasks significantly faster than traditional 

methods and produced significantly fewer errors.

AI-assisted documentation systems demonstrated dramatic 

time savings, with documentation time reduced from approxi-

mately 15 to 5 minutes per patient in one study and greater than 

99% time reduction in another multi-hospital implementation, 

while maintaining accuracy. A longitudinal study showed that 

automated data entry reduced errors from approximately 20% 

to 0% and substantially reduced data transfer times, with im-

proved nurse job satisfaction. Simulation studies demonstrated 

diagnostic synergies between AI and nurses, particularly in 

identifying rare conditions, highlighting the importance of hu-

man-AI collaboration.

Despite these benefits, several risks and limitations were 

identified. A diagnostic-therapeutic performance gap remained 

evident, with AI systems achieving 94%–98% appropriateness 

for diagnostic recommendations but demonstrating limitations 

in therapeutic recommendations. Occasional hallucinations 

were observed in outputs, particularly when processing vital 

sign inputs. Demographic biases in recommendations based on 

patient characteristics and severity factors were noted. Automa-

tion bias and over-reliance issues emerged, with studies report-

ing that higher AI-CDSS reliance correlated with lower decision 

regret, though trust calibration issues remained.

Institutional readiness was limited, with unclear governance 

structures, liability uncertainty, and inconsistent deployment 

policies. Qualitative studies revealed concerns about trust, with 

only 34% of NICU nurses reporting high trust in one study. 

Nurses expressed concerns about liability, accountability, fear of 

deskilling, and evolving role boundaries. Training gaps were sig-

nificant, with only 15% of nurses reporting formal AI education 

and only 33% feeling prepared, though 89% expressed interest 

in further training. Implementation challenges included initial 

learning curves, technical glitches, resistance to workflow 

changes, connectivity issues in home settings, and limited of-

fline functionality. Overall, generative AI shows potential to en-

hance nursing decision-making, efficiency, and workflow when 

accompanied by appropriate clinical oversight, structured train-

ing, and governance frameworks, while mitigating risks related 

to patient safety, equity, and professional accountability.

DISCUSSION

This systematic review synthesized evidence from 23 empiri-

cal studies examining generative AI use and its impact on nurs-

es' clinical decision-making. Generative AI technologies show 

preliminary evidence of potential to enhance efficiency, diag-

nostic reasoning, and documentation, though the certainty of 

this evidence varies across application domains and is limited 

by the predominance of implementation studies, simulations, 

and small-scale evaluations. Notable limitations and safety con-

cerns were also identified across multiple studies. Commercial 

LLMs, such as ChatGPT, provided rapid responses in clinical 

scenarios, with a mean response time of 45 seconds compared 

to 8.5 minutes for expert nurses, representing an 11.3-fold speed 

advantage [28]. However, they showed indecisiveness in initial 

assessments, with appropriateness scores 29% lower than those 

of expert nurses, and recommended 35% more unnecessary di-

agnostic tests, indicating a tendency toward over-conservative 

decision-making [28]. Domain-specific, fine-tuned LLMs 

achieved high diagnostic appropriateness rates of 94%–98% in 

neonatal intensive care settings, with Claude-2.0 outperforming 

ChatGPT-4 in both accuracy and speed [29]. Retrieval-augment-

ed generation (RAG) systems demonstrated substantial im-
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Table 3. Effects of Generative AI Technologies on Nursing Practice: Benefits, Challenges, and Risks (N= 23)

Study No. AI technology type
Aspects of nursing decision-

making impacted
Reported benefits and positive 

impacts
Challenges, limitations, and risks

A1 ChatGPT (GPT-3.5) Clinical assessment and 
diagnosis in emergency 
scenarios

11.3-fold faster response time (45 sec 
vs. 8.5 min); comprehensive 
differential diagnosis generation

Indecisiveness in initial assessments; 
appropriateness 29% lower than 
experts; 35% more unnecessary 
tests; over-conservative tendency

A2 ChatGPT-4 and Claude-2.0 Neonatal clinical decision 
support and management

High diagnostic appropriateness 
(94-98%); Claude-2.0 outperformed 
ChatGPT-4 in accuracy and speed

Limitations in diagnostic specificity; 
therapeutic recommendations less 
reliable; need NICU-specific 
validation

A3 MECR-RAG 
(DeepSeek-V3)

Emergency triage decision-
making with RAG

Improved agreement (QWK 0.902) 
and accuracy (0.802); reduced 
over-triage; improved consistency

Retrospective evaluation only; 
dependency on quality of retrieved 
evidence; computational 
complexity

A4 Multiple LLMs (GPT-4o, 
Gemini, DeepSeek)

Non-critical emergency 
triage (Korean language)

Gemini 2.5 flash highest accuracy 
(73.8%); few-shot prompting 
improved performance; Korean 
feasibility

Model performance varied 
significantly by version; limited to 
non-critical cases; requires ongoing 
validation

A5 LLMs with RAG workflow Clinical decision support for 
triage, referral, and 
diagnosis

RAG workflow improved reliability vs. 
prompt-only LLMs; personalized 
diagnostic suggestions; safer 
evidence-based reasoning

Dataset-based benchmarking limits 
real-world applicability; 
dependency on knowledge base 
quality and currency

A6 Multiple generative AI/
LLM types

ICU diagnostic reasoning 
and clinical case analysis

Diagnostic synergies between AI and 
nurses; identification of rare 
conditions; differences across 
model types

Simulation-based limitations; 
generalizability concerns to real ICU 
practice; risk of automation bias

A7 ChatGPT-based LLM (A+ 
Nurse)

Nursing documentation 
efficiency

Documentation time reduced from 
~15 to ~5 minutes per patient; 
maintained record quality; positive 
usability

Single-site implementation; limited 
detail on accuracy validation; 
scalability concerns

A8 Generative AI for decision 
support

Clinical decision-making in 
high-risk NICUs

AI enhancing clinical judgment; 
support for complex decision 
scenarios; workflow efficiency gains

Requires human validation; evolving 
role boundaries; trust issues (only 
34% high trust); liability concerns

A9 Voice information and 
documentation system

ICU documentation and 
information retrieval

Significantly faster task completion 
than PDMS and paper; fewer errors; 
improved workflow efficiency

ICU clinicians (not nurses only) in 
sample; voice recognition accuracy 
concerns; learning curve

A10 GPT-4 LLM Emergency triage acuity 
assessment

High agreement with clinician ESI 
assignments (Cohen’s k ~0.899); 
rapid processing of patient data

GPT-4 assigned lower median ESI 
(more severe) than human 
evaluators, indicating 
overestimation of severity

A11 Generative LLM (nursing 
information system)

Nursing handover 
documentation

> 99% documentation time reduction; 
enhanced clinical data integration 
across hospitals; improved work 
efficiency

Occasional hallucinations when 
processing vital sign inputs; need 
for comparative analyses and RAG 
approaches

A12 GPT-4, Gemini, Claude Pediatric emergency severity 
index prediction

Multiple models available for 
comparison; demonstrated 
potential for pediatric triage support

Model performance varied; 
demographic and severity factors 
influenced accuracy; equity 
concerns; pediatric-specific 
validation needed

A13 AI-CDSS ICU nurses’ trust, reliance, 
and decision regret

Higher AI-CDSS reliance correlated 
with lower decision regret; trust in 
AI moderated emotional outcomes

Self-report bias; cross-sectional 
design limits causal inference; trust 
calibration issues remain

A14 Various AI tools in ICU AI governance, 
implementation, and 
ethical oversight

Recognition of benefits in task 
automation; awareness of need for 
governance frameworks

Concerns: overreliance, workflow 
adaptation, algorithmic bias, ethical 
accountability; need for 
transparency and training

(Continued to the next page)
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Study No. AI technology type
Aspects of nursing decision-

making impacted
Reported benefits and positive 

impacts
Challenges, limitations, and risks

A15 ChatGPT AI literacy, training needs, 
and technology 
acceptance

High perceived future role for AI; 
interest in education/training (89%); 
recognition of potential benefits

Formal training rate only 15%; 
preparedness only 33%; concerns 
about accuracy and regulation; 
competency gaps

A16 GPT-4 triage prompts Emergency department 
triage decision accuracy

Almost perfect agreement with 
clinician assessment (Cohen’s k 
~0.899); high predictive 
performance

Single-center study; Turkish context 
may limit generalizability; no 
patient outcome data

A17 Multiple LLMs vs. 
clinicians

Emergency medicine triage 
performance comparison

Comparative performance metrics 
across models and humans; LLMs 
can inform untrained staff

Performance varies by model and 
triage category; limited clinical 
validation; need for ongoing 
evaluation

A18 Generative LLM models Community nursing 
diagnostic reasoning and 
care planning

Diagnostic synergies in community 
settings; implications for mobile/
home health workflows; simulation 
training value

Simulation-based limitations; 
community nursing focus may not 
transfer to acute care; limited 
real-world validation

A19 Llama-3-70b multi-agent 
CDSS

Korean KTAS-based triage 
and treatment planning

High accuracy in triage decisions; 
demonstrated multi-agent 
potential; Korean language 
adaptation successful

System development study; limited 
clinical validation; dataset-based 
evaluation; need for prospective 
real-world testing

A20 ChatGPT-4 Youth mental health 
emergency triage

ChatGPT showed potential for triage 
support; rapid processing of mental 
health crisis scenarios

Clinicians outperformed ChatGPT in 
nuanced assessments; governance 
concerns; youth mental health 
specificity limits generalizability

A21 Automated data entry tool 
(device-to-EHR)

Vital sign documentation 
and data transfer 
automation

Data errors decreased from ~20% to 
0%; data transfer time reduced by 5 
min-2 hr per event; improved job 
satisfaction

Automation not LLM-based (pre-
generative AI era); before-after 
design limits causal inference; 
single-unit implementation

A22 ChatGPT models Pediatric simulation-based 
nursing education and 
assessment

ChatGPT performance comparable 
in some simulation rounds; 
educational value for nursing 
students

Nursing students (not practicing 
nurses); students generally 
outperformed models; simulation-
based limitations

A23 LLM-based care plan 
generation tools

Oncology nursing care 
planning and 
documentation

LLMs assist in care plan generation; 
support workflow efficiency; 
demonstrated feasibility in oncology 
context

Demonstration study with limited 
empirical data; oncology-specific 
focus; need for validation across 
settings

This table synthesizes findings from all 23 included studies, showing the diverse applications of generative AI in nursing practice and the spectrum of 
impacts on clinical decision-making processes. Studies are organized by AI technology type, aspects of nursing decision-making impacted, reported 
benefits and positive impacts, and challenges, limitations, and risks. The evidence reveals substantial potential benefits in efficiency, diagnostic 
support, and specialized applications, alongside significant concerns regarding therapeutic safety, errors, bias, over-reliance, and governance gaps 
that must be addressed before widespread clinical deployment.
AI = artificial intelligence; NICU = neonatal intensive care unit; MECR-RAG = multi-evidence clinical reasoning with retrieval-augmented generation; 
QWK = quadratic weighted kappa; LLM = large language model; ICU = intensive care unit; PDMS = patient data management system; 
ESI = Emergency Severity Index; AI-CDSS = artificial intelligence–based clinical decision support system; KTAS = Korean Triage and Acuity Scale; 
EHR = electronic health record.

Table 3. Continued

provements in emergency triage decision-making, with im-

proved agreement (quadratic weighted kappa [QWK] 0.902) and 

accuracy (0.802), along with reduced over-triage and improved 

consistency [30,31]. Multiple studies of emergency department 

triage showed high agreement between AI and clinician assess-

ments (Cohen's κ ranging from 0.899 to 0.902), though some 

studies noted AI's tendency toward overestimation of severity 

[32,33]. Voice-based information and documentation systems 

completed standardized ICU tasks significantly faster than tra-

ditional patient data management systems and paper methods, 

and produced significantly fewer errors [34]. AI-assisted docu-

mentation systems demonstrated dramatic time savings, with 

documentation time reduced from approximately 15 to 5 min-

utes per patient in one study [35] and greater than 99% docu-
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mentation time reduction reported in another multi-hospital 

implementation [36], while maintaining documentation accu-

racy. One longitudinal study from 2020 showed that automated 

data entry reduced errors from approximately 20% to 0% and 

substantially reduced data transfer times (from 5 minutes to 2 

hours per event), with improved nurse job satisfaction [37]. De-

spite these benefits, the diagnostic-therapeutic performance 

gap remains a critical challenge. AI systems achieved 94%–98% 

appropriateness for diagnostic recommendations but demon-

strated limitations in diagnostic specificity and therapeutic rec-

ommendations, with concerns about potentially harmful sug-

gestions and critical omissions [29]. This gap reflects the 

difficulty AI systems face in integrating patient-specific factors, 

comorbidities, contraindications, medication interactions, and 

nuanced risk-benefit assessments required for therapeutic deci-

sions. Simulation studies demonstrated diagnostic synergies 

between AI and nurses, particularly in identifying rare condi-

tions, highlighting the importance of human-AI collaboration 

[38,39]. High AI trust without adequate scrutiny led to automa-

tion bias, a phenomenon well-documented in the broader auto-

mation literature [40-42]; studies reported that higher AI-CDSS 

reliance correlated with lower decision regret, though trust cali-

bration issues remain [43]. Occasional hallucinations were ob-

served in LLM outputs, particularly when processing vital sign 

inputs [36], and demographic biases in recommendations 

based on demographic and severity factors were observed [44]. 

These findings emphasize the need for rigorous oversight, poli-

cy guidance, and structured education to ensure safe and equi-

table AI use.

Generative AI can enhance nursing practice when imple-

mented with appropriate supervision. Lower-risk applications 

include documentation assistance, triage support, and clinical 

information retrieval, all of which benefit efficiency without 

compromising safety [34-37]. More direct clinical decision sup-

port, such as diagnostic and therapeutic recommendations, re-

quires strict human oversight, local validation, and clear ac-

countability structures [45,46]. AI literacy should be integrated 

into nursing education at all levels. Foundational education 

should cover basic AI concepts, capabilities, limitations, ethical 

considerations, and professional accountability [47]. Intermedi-

ate training should focus on critical evaluation, integration into 

clinical reasoning, and avoidance of automation bias [40-42], 

while advanced training should encompass AI system evalua-

tion, implementation planning, governance, and policy advoca-

cy [48]. Simulation exercises and continuing education pro-

grams are recommended to reinforce practical application skills 

and critical evaluation [38,39]. Administrators should establish 

institutional AI committees with strong nursing representation 

to oversee AI deployment and ensure safe integration into clini-

cal workflows [46,48]. Policies must define acceptable AI uses, 

prohibited applications, and accountability frameworks. Man-

datory incident reporting, regular performance monitoring, and 

bias audits are essential. Local validation and continuous staff 

training are required, with protocols for rapid system suspen-

sion if safety concerns arise. Regulatory engagement and align-

ment with national health information strategies can facilitate 

safe, contextually appropriate AI implementation. Research pri-

orities include addressing the diagnostic-therapeutic gap, eval-

uating patient-centered outcomes, optimizing supervision, 

monitoring demographic biases, assessing long-term impacts 

on clinical reasoning, and conducting comprehensive econom-

ic evaluations [19,20]. Large-scale, multi-site randomized con-

trolled trials with standardized outcome measures and longer 

follow-up periods are recommended to strengthen the evidence 

base. In the Korean nursing context, high patient-to-nurse ra-

tios, intensive care demands, advanced health information 

technology infrastructure, and emphasis on quality and safety 

support generative AI adoption. Hospitals should leverage exist-

ing electronic health records, utilize AI-assisted documentation 

to mitigate workforce pressures, develop Korean language mod-

els, conduct local validation, and capitalize on nursing infor-

matics expertise to lead AI evaluation and implementation. Ko-

rean language adaptation has shown promise, with studies 

demonstrating the feasibility of Korean Triage and Acuity Scale 

(KTAS)-based systems and high accuracy in real-world Korean 

emergency department conversations [31]. Overall, the evi-

dence suggests that while generative AI holds promise for en-

hancing nursing practice, its safe and effective use requires 

structured human oversight, robust education, careful policy 

planning, and ongoing monitoring to mitigate risks and opti-

mize patient outcomes.

The strength of evidence varies across different applications 

of generative AI in nursing practice. Strong evidence (from mul-

tiple convergent studies) supports efficiency improvements in 

documentation. Moderate evidence (from implementation 

studies and simulations with consistent findings) suggests po-

tential benefits for diagnostic support and triage in controlled 

settings. Weak or preliminary evidence (from single studies or 
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qualitative research) exists for therapeutic recommendations, 

bias mitigation, and long-term impacts on clinical reasoning. 

Insufficient evidence currently exists for patient-level outcomes 

such as mortality, hospital length of stay, or adverse event rates. 

Several potential sources of bias and limitations should be ac-

knowledged. First, the lack of prospective protocol registration 

limits the transparency and reproducibility of our review pro-

cess. While we developed and followed a detailed a priori proto-

col throughout the review, the absence of public registration 

means that protocol deviations, if any, cannot be independently 

verified. This may increase the risk of selection bias and post-

hoc decision-making, although we attempted to minimize this 

through rigorous dual independent review processes and com-

prehensive documentation of all methodological decisions. 

Second, the technological heterogeneity among included stud-

ies presents challenges for interpretation and generalizability. 

While we established clear operational definitions for "genera-

tive AI" (see Methods, Section 3), the included studies employed 

diverse AI architectures ranging from pure LLMs to hybrid sys-

tems integrating generative and rule-based components. This 

heterogeneity reflects the real-world implementation environ-

ment but complicates direct comparisons of effectiveness and 

safety across studies. Different system architectures may have 

different risk-benefit profiles, and our findings should be inter-

preted with consideration of this technological diversity. Future 

reviews may benefit from subgroup analyses based on specific 

AI architectures once sufficient evidence accumulates for each 

category. Third, the heterogeneity in study designs and evidence 

levels limits the certainty and generalizability of our findings. 

The evidence base comprises predominantly implementation/

demonstration studies (n = 3), simulation studies (n = 7), 

cross-sectional studies (n = 4), and qualitative studies (n = 3), 

with only a small number of experimental studies (n = 2) and 

observational comparison studies (n = 3). Retrospective evalua-

tion studies (n = 3) provided valuable real-world performance 

data but are limited in establishing causality. This means that 

many findings are based on preliminary or exploratory evidence 

rather than definitive effectiveness trials; simulation-based find-

ings may not translate to real-world clinical performance; small 

sample sizes and short follow-up periods limit statistical power 

and long-term outcome assessment; the predominance of sin-

gle-site studies limits external validity; and few studies mea-

sured patient-level outcomes, focusing instead on process mea-

sures or surrogate endpoints. Therefore, our conclusions should 

be interpreted as describing the current state of an emerging 

field rather than definitive evidence of effectiveness. Statements 

about "benefits" or "improvements" reflect findings from avail-

able studies but should not be interpreted as established effects 

until confirmed by larger, multi-site randomized controlled tri-

als with patient-centered outcomes and longer follow-up peri-

ods. The strength of evidence varies substantially across differ-

ent applications and outcomes, with stronger evidence for 

efficiency gains (e.g., documentation time) and weaker evidence 

for clinical outcomes (e.g., patient safety, diagnostic accuracy in 

real-world settings). Fourth, by restricting inclusion to En-

glish-language publications, we may have missed relevant stud-

ies published in other languages, particularly from non-En-

glish-speaking countries where generative AI implementation 

may differ. This language restriction could introduce language 

bias and limit the generalizability of our findings to non-En-

glish-speaking contexts. Fifth, by including only peer-reviewed 

journal articles and excluding grey literature and conference 

proceedings, we may have introduced publication bias, as stud-

ies with negative or null findings are less likely to be published 

in peer-reviewed journals. While we included two widely cited 

preprints/arXiv papers [30,31] that met our quality criteria, giv-

en the rapidly evolving nature of generative AI, important find-

ings may exist in preprint servers (e.g., arXiv, medRxiv) or tech-

nical reports that were not captured in our review. Despite these 

limitations, this review provides the first comprehensive synthe-

sis of generative AI's impact on nursing decision-making and 

offers important guidance for safe implementation, while clearly 

delineating the preliminary nature of much of the current evi-

dence base.

CONCLUSIONS

This systematic review of 23 studies demonstrates that gener-

ative AI, particularly LLMs, can enhance nursing practice by im-

proving diagnostic accuracy, increasing response speed, and 

streamlining workflow efficiency. However, risks remain, in-

cluding therapeutic reliability gaps, hallucinations, demograph-

ic bias, and insufficient governance structures. Current evidence 

supports supervised human–AI collaboration rather than au-

tonomous decision-making, with staged implementation focus-

ing first on low-risk applications such as documentation sup-

port and triage assistance. Strengthening AI literacy through 

structured education and competency-based training, along 
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with clear governance, monitoring, and accountability frame-

works, will be essential for safe adoption. Future research should 

address safety validation, long-term clinical effectiveness, bias 

mitigation, implementation strategies, and cost-effectiveness 

using standardized and multi-site methodologies. In Korea, lin-

guistic adaptation, contextual validation, and policy alignment 

will be required for successful integration. Generative AI holds 

promise to augment nursing judgment and improve care quali-

ty, but responsible adoption will require coordinated efforts 

across clinical, educational, administrative, and policy domains.
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