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ABSTRACT

Objectives: This systematic review and meta-analysis assessed the performance of large language models (LLMs)
in nursing licensure examinations. Despite the increasing use of LLMs in healthcare education, their capabilities
in nursing licensure examinations remain uncertain. This study provides evidence on the accuracy and limita-
tions of LLMs to help guide their integration into nursing education and licensure.

Design: The systematic review and meta-analysis adhered to PRISMA 2020 guidelines.

Data sources: PubMed, CINAHL, PsycINFO, EMCARE, and ERIC were searched from April to June 2025.
Eligibility criteria: Studies were eligible if they evaluated LLMs (e.g., GPT-4, ChatGPT, Qwen-2.5) using multiple-
choice nursing licensure questions under exam-like conditions and reported quantitative accuracy. Open-ended
items were excluded from the meta-analysis due to incompatible scoring methods, but were narratively
synthesised.

Review methods: Two reviewers independently screened, extracted data, and appraised the risk of bias. A random-
effects meta-analysis estimated pooled accuracy; subgroup and meta-regression analyses explored heterogeneity.
Results: Twelve studies assessed 13,870 MCQs across seven exam systems and ten LLMs. Pooled accuracy was
69.6% (95% CI: 65.6-73.6%) with substantial heterogeneity (I> = 98%). GPT-4 outperformed GPT-3.5 (77.2%
vs. 60.4%); domain-customised and newer models reached 93.6%. LLMs excelled in general medicine and
pharmacology but underperformed in ethics and psychosocial integrity. Accuracy did not differ significantly by
exam system (p = 0.14), question difficulty (p = 0.90) or format (p = 0.96). In meta-regression, Custom GPT (p =
0.0006) and Qwen 2.5 (p = 0.026) were the only significant predictors of higher accuracy; no exam system,
question format, or difficulty level reached significance. Methodological variability and underreporting of model
parameters were common.

Conclusions: LLMs show promise for low-stakes educational applications, such as formative assessments within
hybrid teaching models; however, they are unsuitable for unmoderated, high-stakes licensure decisions due to
inconsistent performance. Regulatory guidelines, equitable access, and nursing-specific model development are
needed to ensure fairness and validity. Research must prioritise standardised frameworks, error analysis, and
broader geographic representation to address these limitations.

1. Introduction

(Bajwa et al., 2021; Wang, 2024) by delivering personalised learning
and tailoring content to individual needs, while reducing barriers

Artificial Intelligence (AI) is transforming healthcare education related to geography and cost (Singh et al., 2025). It manages repetitive
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administrative tasks, allowing health educators to focus more on
building relationships (Amankwaa et al., 2025). Among AlI's branches,
generative Al (GenAl) marks a key advancement by allowing machines
to produce human-like outputs (Bandi et al., 2023). A subset of GenAl
includes large language models (LLMs), trained on vast text datasets
(Lee, 2025). LLMs such as ChatGPT, Bard, and Qwen have gained
attention for their use in summarisation, translation, tutoring, and exam
preparation (Schlegel et al., 2025). This review explores LLMs as a
distinct class of GenAlI tools and evaluates their performance on nursing
licensure exams. Nursing licensure examinations are standardised, high-
stakes assessments that registered nurse candidates must pass to obtain
legal authority to practise. These examinations vary across jurisdictions;
for example, the NCLEX-RN in the United States, the CNNLE in China,
and the JNNE (Japanese National Nursing Examination) in Japan.
Although the term ‘licensure’ is not universally used (e.g., the United
Kingdom uses ‘registration’), it is adopted here as a broad descriptor for
qualifying assessments that grant permission to practise as a registered
nurse.

Since the release of ChatGPT in late 2022, LLMs have drawn signif-
icant attention in nursing education for their potential to support per-
sonalised learning, clinical simulations, academic writing, and critical
thinking (Amankwaa et al., 2025). Existing reviews highlight a strong
interest in LLMs in nursing education (Hobensack et al., 2024; Zhou
et al., 2024), with positive feedback on accessibility and affordability,
while raising concerns about ethical issues and inconsistent results
(Abujaber et al., 2023). These reviews consistently highlight the promise
of LLMs in nursing education, while emphasising the need for rigorous
evaluation methods, alignment with pedagogical goals, and ethical
protections for responsible integration.

1.1. Background and rationale

While educational applications are gaining traction, a more pressing
and underexplored question is whether LLMs are suitable for high-stakes
assessments such as nursing licensure exams. Evaluating LLM perfor-
mance on licensure examinations means systematically testing whether
these models can correctly answer the same questions that human
candidates face, under comparable conditions. This is important for two
reasons: first, it reveals whether LLMs possess sufficient domain
knowledge to serve as reliable educational tools for exam preparation;
and second, it exposes specific areas of weakness that could mislead
students if left unidentified. This issue pertains not only to the utility but
also to the validity of domain-specific knowledge and higher-order
thinking. Licensure exams require structured reasoning, contextual
interpretation, and the application of discipline-specific principles,
including clinical judgment, metacognitive awareness, and critical
thinking (Betts et al., 2019; Simmons, 2010). These exams assess more
than factual recall. They test cognitive processes such as perceiving
patient conditions, selecting appropriate actions, and reflecting on
outcomes (Mohammadi-Shahboulaghi et al., 2021). This is especially
true in nursing, where the epistemological framework emphasises ho-
listic reasoning, patient-centred communication, and complex clinical
judgment (Thorne, 2014). These qualities set nursing apart from other
health professions, such as medicine or pharmacy, and make it harder to
assess LLM competence using general benchmarks or comparisons
across disciplines (Gunawan et al., 2024).

Despite these unique requirements, no systematic review to date has
specifically evaluated the performance of LLMs in nursing licensure
examinations. Existing reviews have focused on medicine, dentistry,
pharmacy, and other specialties (Bagde et al., 2023; Bongco et al., 2024;
Liu et al., 2024). Only one review (Jin et al., 2024) included nursing,
drawing on just two primary studies out of 23. In that review, nursing
recorded the lowest LLM accuracy compared to pharmacy, medicine,
and dentistry. The reported LLM performance in health licensing exams
varies widely, from 18.3% to 100%, with high heterogeneity (12 =
87-96%), driven by differences in exam formats, question types, and
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model versions. These limitations raise concerns about the general-
isability of existing findings to nursing, a discipline with unique cogni-
tive, relational, and epistemological demands (Salviano et al., 2016). A
targeted review is needed to provide nursing educators, regulators, and
researchers with accurate insights into the strengths and limitations of
LLMs in the context of nursing licensure.

Another reason for discipline-specific synthesis is that common Al
benchmarks, such as the Massive Multitask Language Understanding
(MMLU) dataset and Medical Question Answering (MedQA), are often
used to evaluate overall performance across disciplines (Yan et al.,
2024). However, they lack alignment with the knowledge structures and
reasoning processes needed for nursing licensure exams (Liu et al.,
2023). These benchmarks focus on factual recall and broad medical
content (Yan et al., 2024), and do not assess the affective, ethical, and
situational judgment central to nursing practice (Lingle, 2024). LLM
performance assessments must reflect the nursing discipline's pedagog-
ical goals and epistemological foundations to evaluate LLMs meaning-
fully for nursing licensure use. Field-specific scrutiny is needed to
determine whether LLMs meet the safety, empathy, and critical judg-
ment standards required in high-stakes nursing exams.

This systematic review and meta-analysis aimed to evaluate the
performance of LLMs on nursing licensure examinations across diverse
global contexts. In doing so, it informs educators, policymakers, and
regulators about the capabilities, limitations, and readiness of LLMs for
integration into nursing programmes aimed at preparing students for
high-stakes licensure exams. To the best of our knowledge, this is the
first systematic review and meta-analysis to provide a comprehensive,
field-specific synthesis of LLM performance and accuracy in nursing
licensure contexts. It goes beyond aggregated accuracy to explore vari-
ations by model type, exam system, question format, and geographic
setting. It lays the foundation for responsible implementation and future
model development tailored to the needs of nursing education.

1.2. Aim and questions

This systematic review and meta-analysis examined the accuracy of
LLMs on nursing licensure exams. It focused on: a) pooled accuracy; b)
performance across clinical domains; c) sensitivity to question formats;
d) sources of heterogeneity by model, exam system, and region. The
research questions were:

1. What types of nursing licensure exams and question formats (e.g.,
multiple-choice questions (MCQs), clinical vignettes) have been used
to evaluate LLMs?

2. How accurate are LLMs on nursing licensure content, and how does
performance vary by model version, exam system, and region?

3. Which clinical domains consistently show strong or weak LLM per-
formance, and how does accuracy relate to question complexity?

4. How do methodological factors (e.g., sample size, confounder con-
trol, scoring thresholds) affect reported outcomes and study
comparability?

2. Methodology
2.1. Design

This review followed the 2020 PRISMA guidelines (Page et al., 2021)
and was prospectively registered with Open Science Framework (OSF)
(blinded for review). Both narrative synthesis and meta-analysis were
planned (see Supplementary Files Sla and S1b for the PRISMA
checklist).
2.2. Eligibility criteria

This review employed the PICO framework (Eriksen & Frandsen,
2018) to define eligibility criteria. Included studies evaluated LLMs (e.
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g., GPT-4, ChatGPT, Qwen-2.5) in nursing licensure exams using MCQs.
Studies had to simulate exam-like conditions, use LLMs to generate re-
sponses, and report quantitative outcomes, primarily the proportion of
correct answers. Comparative analyses with other models or human
benchmarks were useful but not required. Studies must report sufficient
data for synthesis (e.g., total and correct items). We excluded studies
that lacked MCQs, focused on non-licensure uses, or did not report
quantifiable performance. Open-ended questions were excluded from
the meta-analysis because their scoring is qualitative and subjective (e.
g., based on cosine similarity, logical consistency, or expert rating),
which prevents meaningful pooling of effect sizes. However, findings
from open-ended assessments were included in the narrative synthesis
where they provided complementary insights. Non-English studies, re-
views, editorials, and those without full-text access were excluded.

2.3. Search strategy and study retrieval

The search strategy aimed to identify empirical studies evaluating
LLMs in nursing licensure exams. It combined three concept groups
using Boolean operators: (1) LLM and Al terms (e.g., ChatGPT, GPT-4,
Qwen, Bard); (2) nursing licensure terms (e.g., NCLEX, NNLE, nurse
certification); and (3) performance outcomes (e.g., accuracy, evaluation,
explanation quality). Controlled vocabulary (e.g., MeSH terms) was
used where applicable, and strategies were adapted to each database's
indexing system.

Searches were conducted in PubMed, PsycINFO, CINAHL, EMCARE,
and ERIC between April and June 2025, limited to studies published
from January 2022 onward to reflect the emergence of ChatGPT (De
Angelis et al., 2023). No filters were applied during the database search;
exclusions (e.g., non-English, reviews) occurred during screening.
Weekly alerts were set up to capture new studies. All records were im-
ported into Covidence for deduplication, screening, full-text review, and
data extraction. The strategy was developed with a health sciences
librarian, peer-reviewed, piloted, and detailed in Appendix A. In total,
117 records were identified, of which 12 studies met the inclusion
criteria after deduplication, title and abstract screening, and full-text
eligibility assessment.

2.4. Study selection

Study screening and selection followed the PRISMA guidelines and
were managed using Covidence. Two reviewers (MD and AK) indepen-
dently screened all titles and abstracts for relevance, followed by full-
text reviews of the potentially eligible studies. Any disagreements
were resolved through discussion with a third reviewer (EK). The dual-
review process was blinded and systematic, ensuring methodological
transparency and minimising bias (Stoll et al., 2019). Documentation of
decisions, identification of conflicts, and adherence to inclusion criteria
were facilitated by Covidence (Cleo et al., 2019).

2.5. Data extraction

Data were extracted using a pre-defined and piloted form within
Covidence (Supplementary File S2). Two reviewers (SG, EB) indepen-
dently and blindly extracted data. The primary outcome was the pro-
portion of correct MCQ responses, reported as published. For studies
assessing multiple models or conditions, data were extracted separately.
Secondary outcomes included domain-specific accuracy, benchmark
attainment, explanation quality, and error types. Open-ended or non-
quantifiable outputs were excluded from meta-analysis but included in
narrative synthesis.

Additional variables extracted included study year, LLM version,
exam system, country, prompt strategy (e.g., zero-shot, chain-of-
thought), input format (batch vs. individual), question source (official
vs. practice), exam alignment (real vs. simulated), question type, and
performance thresholds. Missing values (e.g., temperature, prompt type)
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were marked as ‘not reported’; no assumptions or imputations were
made. Covidence flagged discrepancies, which were resolved by
consensus. If unresolved, a third reviewer (CH) adjudicated. All required
data were available in the reports, so no authors were contacted.

2.6. Study risk of bias assessment

We assessed the risk of bias using the Joanna Briggs Institute (JBI)
Critical Appraisal Checklist for Analytical Cross-Sectional Studies (See
Table 1). The tool consists of eight domains, each scored as 1 (criterion
met) or 0 (not met, unclear, or not applicable), with a maximum possible
score of 8 (Ma et al., 2020). Two reviewers (IA and AO) independently
assessed each study. Discrepancies were resolved through discussion
and consensus with a third reviewer (CH). Studies were rated as high
risk if two or more domains scored 0; moderate risk if one domain scored
0 or if 2 or more were unclear; and low risk if no domains were rated
high risk. These ratings guided our interpretation and conclusions but
were not used to exclude studies.

2.7. Statistical analysis

A random-effects meta-analysis (DerSimonian and Laird method)
was used to estimate pooled LLM accuracy on nursing licensure exams.
The primary outcome was the proportion of correct responses on MCQs,
reported with 95% confidence intervals. Subgroup differences, predic-
tion intervals, and p-values supported interpretation. Heterogeneity was
assessed using 12, Tau?, and Cochran's Q, with I? > 75% indicating
substantial heterogeneity.

All included studies reported MCQ-based accuracy and were eligible
for pooling. Outcomes not suited to meta-analysis were synthesised
narratively. To support subgroup comparisons, MCQ formats and sub-
ject domains were recoded by two reviewers (IA and SG) using struc-
tured frameworks (Supplementary File S3, Table S3.1 and Table S3.2),
including a four-level cognitive complexity scheme (A1-A4) and a three-
tier clinical reasoning model (Levels 1-3), informed by NCLEX-RN
blueprints and educational taxonomies (Brady, 2019; Edwards, 2015).
Recoding decisions were based on predefined classification criteria
rather than subjective judgment. Where ambiguity arose, a third
reviewer (CH) adjudicated to ensure consistency. Although some degree
of interpretation was unavoidable given the heterogeneity of original
study categorisations, the structured framework and independent dual
coding minimised subjectivity.

Analyses included subgroup comparisons (e.g., model type, exam
system, year, question format, domain, real vs simulated), meta-
regression of study-level covariates, and leave-one-out sensitivity anal-
ysis. Reporting bias was assessed using funnel plots and Egger's test. All
analyses were conducted in R (v4.3.3) using the meta and metafor
packages. Meta-regression coefficients were estimated using the
Freeman-Tukey double arcsine transformation of proportions and are
reported on the transformed scale (Barendregt et al., 2013). Results are
presented in forest plots and subgroup figures, risk of bias, and study
characteristics. No formal GRADE assessment was performed. Secondary
outcomes (e.g., domain accuracy, model comparisons) were reported
narratively.

3. Results
3.1. Search results

We identified 117 potential studies from the database and other
source searches (Fig. 1). After removing 12 duplicates and screening for
relevance, 105 studies were screened. Of these, 39 were sought for
retrieval and assessed for eligibility. Twenty-seven studies were
excluded during the eligibility assessment for the following reasons:
incorrect study design (n = 12), being only abstracts or conference pa-
pers (n = 7), not involving nursing students or nurse educators (n = 6),
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Table 1
Quality assessment of the included studies.
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Authors (year) Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Total score Overall risk of bias
Garcia-Rudolph et al. (2024) 1 1 1 1 0 0 1 0 5 High
Garcia-Rudolph et al. (2025) 1 1 1 1 0 0 1 0 5 High
Zong et al. (2024) 1 1 1 1 0 0 1 1 6 Moderate
Huang (2023) 1 1 1 1 0 0 1 1 6 Moderate
Taira et al. (2023) 1 1 1 1 0 0 1 1 6 Moderate
Su et al. (2024) 1 1 1 1 1 1 1 1 8 Low

Zhu et al. (2025) 1 1 1 1 1 1 1 1 8 Low
Miao et al. (2024) 1 1 1 1 1 1 1 1 8 Low
Kaneda et al. (2023) 1 1 1 1 0 0 1 1 6 Moderate
Wu et al. (2024) 1 1 1 1 1 1 1 1 8 Low
Krumsvik (2024) 1 1 1 1 1 0.5% 1 0 6.5 Moderate
Zhao et al. (2025) 1 1 1 1 0.5> 0 1 1 6.5 Moderate

Notes:
Q1-Q8 correspond to the JBI checklist items:
1. Inclusion criteria clearly defined;
2. Subjects and setting described in detail;
3. Exposure measured in a valid and reliable way;
4. Objective, standard criteria used;
5. Confounding factors identified;
6. Strategies to deal with confounders;
7. Outcomes measured in a valid/reliable way;
8. Appropriate statistical analysis used.
! Total Score: Maximum of 8 points.
2 Score of 0.5 reflects partial compliance with the item.

and incorrect intervention (n = 2). Supplementary file S4 summarises
the characteristics of excluded studies. Twelve studies were included in
the final review and meta-analysis (Garcia-Rudolph et al., 2024; Garcia-
Rudolph et al., 2025; Huang, 2023; Kaneda et al., 2023; Krumsvik, 2024;
Miao et al., 2024; Su et al., 2024; Taira et al., 2023; Wu et al., 2024; Zhao
et al., 2025; Zhu et al., 2025).

3.2. Risk of bias assessment (JBI)

The risk of bias assessment, using the JBI Critical Appraisal Checklist
for Analytical Cross-Sectional Studies (Joanna Briggs Institute, 2017). Of
the 12 studies, four studies (Miao et al., 2024; Su et al., 2024; Wu et al.,
2024; Zhu et al., 2025) scored eight and were classified as having a low
risk of bias. Six studies (Huang, 2023; Kaneda et al., 2023; Krumsvik,
2024; Taira et al., 2023; Zhao et al., 2025; Zong et al., 2024) scored
between 6 and 6.5 and were deemed to have a moderate risk. Two
studies (Garcia-Rudolph et al., 2024; Garcia-Rudolph et al., 2025)
scored 5 and were judged as high risk due to the absence of confounder
management and reliance on descriptive statistics. The most frequent
methodological weaknesses included failure to identify or adjust for
confounding variables and limited statistical sophistication across
several studies(Table 1).

3.3. Characteristics of included studies

Table 2 summarises the 12 studies evaluating LLM performance. The
studies showed geographic clustering, with nine from East Asia (China,
Japan, Taiwan) and limited Western representation (Spain, Norway, two
USA-linked studies). Cross-sectional designs were the most common (n
= 3), followed by comparative validation (n = 2), comparative evalua-
tion (n = 2), retrospective evaluation (n = 1), quantitative evaluation (n
= 2), and one experimental study. Sample sizes ranged from fewer than
100 items (Krumsvik, 2024) to over 6000 (Zong et al., 2024). Most
studies (n = 8) assessed fewer than 1000 items, with only four studies
(Huang, 2023; Taira et al., 2023; Zhu et al., 2025; Zong et al., 2024)
including over 1000 MCQs. Collectively, the studies evaluated 13,870
multiple-choice questions, though item counts varied markedly.

OpenAl models were predominant, with GPT-3.5 (n = 8) and GPT-4
(n = 4) being the most frequently assessed. Non-OpenAl models
appeared less often: Google models featured in three studies, while

Chinese-developed models (Qwen-2.5, ERNIE, SPARK) appeared only in
Zhu et al. (2025) multi-model comparison. Model comparison rigour
ranged from Zhu et al. (2025), a systematically controlled evaluation of
seven LLMs under standardised conditions, to single-model assessments
without comparators, such as those by Krumsvik (2024) and Huang
(2023), where no benchmarking against other models or human per-
formance was performed. Human-model comparison was rare, with only
a few studies (e.g., Su et al. (2024) and Wu et al. (2024)) including
reference to human performance or conducting formal expert evalua-
tions. Reporting of model version, session setup, and prompting pa-
rameters was inconsistent across both modes. Temperature settings were
reported in only two studies, with values ranging from 0 to 0.7, where
available. Some studies (e.g., Kaneda et al. (2023)) preserved contextual
integrity in scenario-based questions by submitting grouped items
within shared sessions.

NCLEX-RN/PN (n = 3) and CNNLE/NNLE (n = 5) were the most
frequently evaluated exam systems, followed by RNLE and JNNE, with
Western examinations remaining underrepresented (four instances in
total: three NCLEX-RN/PN, one Norwegian AFB, and one Spanish gen-
eral nursing exam). MCQs dominated (95%), with subtypes varying in
format, including single-answer, multiple-response, and situation-setup
formats. Language handling also varied: for example, Wu et al. (2024)
tested translated NCLEX-RN and NNLE items using ChatGPT; Krumsvik
(2024) translated the Norwegian AFB exam questions prior to testing.
Authors employed diverse prompting strategies: zero-shot (n = 5) was
the most common, followed by chain-of-thought (n = 2), step-by-step,
and role-specified prompts. Input procedures ranged from individual
item entry to batch processing.

Several studies sourced their questions from official licensing exams
(e.g., NNLE, CNNLE, JNNE). Others relied on practice materials or web-
based databases (e.g., Nurseslabs in Wu et al. (2024)). Studies also
showed varied validation rigour. Some studies (Garcia-Rudolph et al.,
2024; Garcia-Rudolph et al., 2025; Huang, 2023; Kaneda et al., 2023;
Krumsvik, 2024; Miao et al., 2024; Taira et al., 2023; Wu et al., 2024;
Zhao et al., 2025; Zhu et al., 2025; Zong et al., 2024) used official answer
keys, while others (Krumsvik, 2024; Su et al., 2024) applied expert re-
view, and some (Zhao et al., 2025; Zhu et al., 2025) incorporated
automated scoring or statistical comparison.
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Fig. 1. PRISMA flow diagram of study selection process.

3.4. Narrative synthesis of findings

Analysis of the 12 studies revealed marked variability in LLM per-
formance, which was shaped by differences in model architecture, ex-
amination systems, item formats, language context, and content
domains. Overall, GPT-4 consistently outperformed earlier versions such
as GPT-3.5 and other LLMs, including Google Bard and ERNIE Bot, yet
performance remained context-dependent.

3.4.1. Accuracy benchmarks and model comparison
Across the 12 studies, reported accuracy ranged from 49.5% (GPT-
3.5, China) to above 90% (Custom GPT, China). GPT-4 often met or

exceeded the minimum passing scores required for national licensure
examinations (national thresholds), such as 92.4% in Spain (Garcia-
Rudolph et al., 2024), 80.75% in Taiwan (Su et al., 2024) and 79.7% in
Japan (Kaneda et al., 2023). However, it fell below benchmarks in
certain years or components (Taira et al., 2023). In China, ChatGPT
failed to meet the 60% threshold across five years (Zong et al., 2024).
Newer-generation models showed substantial gains. Qwen-2.5 achieved
the highest overall accuracy (88.9%) among six models and excelled in
practical skills (Zhu et al., 2025). Wu et al. (2024) reported that
ChatGPT-4.0 outperformed ChatGPT-3.5 and Google Bard on NCLEX-RN
practical items with 88.7% in English and 79.3% in translated Chinese
items. Krumsvik (2024) documented high overall accuracy (84.9%-—
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Table 2

Characteristics of included studies.
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Author, Country Study design LLM model Exam name Source of Exam format No. of Prompting & input procedure
year questions questions
Garcia- Spain Comparative GPT-3.5, NCLEX-RN NCLEX Practice MCQ 250 Items were input individually to
Rudolph validation GPT-4, Questions Exam Gemini, GPT-3.5, and GPT-4;
et al. Gemini responses recorded in Excel. Zero-
(2024) shot* (MCQ format); temp not
reported
Garcia- Spain Comparative GPT-3.5, NCLEX-style Nurseslabs & MCQ 360 (240 Zero-shot format; each item was
Rudolph validation Gemini practice (RN & PN); Spanish English input individually to both LLMs
et al. CONVALIDATE-EU- Ministry of +120 without additional prompting;
(2025) SPAIN Health exams Spanish) answers were recorded in Excel.
Temp not reported.
Huang Taiwan Descriptive GPT-3.5 RNLE Official RNLE MCQ (single- ~1540 Randomly sampled, formatted
(2023) quantitative past exams answer only) MCQ were input without prompt
evaluation engineering; no model
comparisons conducted. Prompt
strategy not specified; GPT-3.5;
temp not reported.
Kaneda Japan Comparative GPT-3.5, JNNE 2023 MHLW compulsory, 237 Manually entered items into
et al. evaluation GPT-4 exam bank general, ChatGPT-3.5 and GPT-4 using
(2023) scenario, new sessions; scenario sets
conversation answered jointly for context.
Image-based items excluded;
accuracy validated against MHLW
key and model comparison
performed. Zero-shot prompting;
temp not reported.
Krumsvik Norway Controlled GPT-4 Norway AFB Official 2023 MCQ (text and 53 Tested GPT-4 on 53 items using
(2024) experimental AFB exam; image-based) chain-of-thought** prompts
evaluation translated by (temperature*** 0.7) to simulate
author an exam taker; scored per official
guidelines and validated by two
researchers; no model or human
comparisons. Chain-of-thought
prompt; temp = 0.7.
Miao et al. China Retrospective GPT-4 NNLE NNLE archives MCQ + open- 720 MCQ Inputs standardised via prompt
(2024) evaluation + People's ended case engineering with new sessions per
Health of China prompts question. MCQs scored against
keys; open-ended responses
evaluated for similarity, logic, and
quality. Direct MCQ were input;
role-assigned prompts for open-
ended items; temp not reported
Su et al. Taiwan Cross-sectional GPT-4 Taiwan RNLE Tawian MoE MCQ (single 400 Evaluated items using prompts
(2024) evaluation 2022 item bank and multi- with ‘think step by step’ and ‘show
response) me the answer’; responses
generated at temp = 0 & assessed
in two phases: explanation &
expert comparison. Chain-of-
thought; API access
Taira et al. Japan Quantitative GPT-3.5 JNNE Official MCQ (simple + ~1160 Evaluated items (excluding
(2023) evaluation study 2019-2023 situation-setup) images) using two standardised
JNNE exams; prompts; accuracy calculated
images separately for basic and general
excluded questions using official scoring
criteria. Prompt strategy not
specified; temp not reported
Wu et al. USA/ Cross-sectional GPT-4, GPT- NCLEX-RN, NNLE NCLEX: MCQ (4-option, 630 Compiled NCLEX-RN and NNLE
(2024) China evaluation 3.5, Bard Nurseslabs; single-answer) MCQs; translated items via
NNLE: Baidu ChatGPT-3.5. Original and
2021-2022 translated versions tested on GPT-
4, GPT-3.5, and Google Bard.
Prompt type and temp not
reported
Zhao et al. China Cross-sectional Custom CNNLE 2024 CNNLE MCQ (A1-A4 720 Custom GPT and ChatGPT-4
(2025) descriptive GPT, GPT-4 mock exams types) assessed on 3 Chinese mock exams

using prompt-engineered*
inputs; responses scored for
accuracy and compared by
question type using Z-tests in R.
Role-specified prompt (‘choose
and explain’); temp not reported;
web interface

(continued on next page)
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Author, Country  Study design LLM model Exam name Source of Exam format No. of Prompting & input procedure
year questions questions
Zhu et al. China Retrospective GPT-3.5/4/ CNNLE CNNLE official MCQ (A1-A4: 1200 Seven LLMs tested on questions
(2025) cross-sectional 40, Qwen- exams brief, shared, under identical conditions using
study 2.5, Copilot, (2019-2023 knowledge) separate sessions & devices;
ERNIE, responses validated against
SPARK official answer keys. Zero-shot;
temp not reported
Zong et al. China Quantitative GPT-3.5 NNLE, Official MCQ (single + ~ 6600 Structured MCQs with context
(2024) comparative NPLE, 2017-2021 multiple- were input to ChatGPT; responses
evaluation NMLE archives; non- answer) were clinician-evaluated against
text items the answer key. Zero-shot; temp
excluded not reported.

Abbreviations: NCLEX: National Council Licensure Examination (USA); NNLE: National Nursing Licensing Examination (China); JNNE: Japanese National Nursing
Examination; RNLE: Registered Nurse Licensure Examination (Taiwan); CNNLE: Chinese National Nurse Licensure Examination; AFB: Anatomy, Physiology, and
Biochemistry exam (Norway); PN: Practical Nurse; MoE: Ministry of Education (Taiwan); MHLW: Ministry of Health, Labour and Welfare (Japan); CONVALIDATE-EU:

European Union project on cross-border nursing qualification recognition.
Terminologies:

*Zero-shot: Model receives only the question, without examples or prior context.

**Chain-of-thought: Prompting that encourages step-by-step reasoning.

***Temp (Temperature): A model parameter controlling randomness, lower values yield more consistent responses.

****Prompt-engineering: Customising input phrasing to improve output quality.

94.5%) for GPT-4 on anatomical and biochemical content.

3.4.2. Domain-specific trends and question complexity

Table 3 summarises domain-specific performance of LLMs across the
included studies. The studies highlighted marked variability by domain.
Performance was high in general medicine (88.75%), basic nursing
knowledge (75.1%), as well as in clinical epidemiology, dermatology,
and nutrition. Consistent weaknesses were observed in psychosocial
integrity (13.3%), pharmacology, social welfare, humanistic nursing,
parasitology, anatomy, and fields such as fundamental nursing, nursing
administration, maternal and paediatric nursing, and medical-surgical
nursing (Huang, 2023). LLM accuracy also varied with the complexity
of the questions. Complex formats, such as clinical vignettes and
scenario-based items, lowered performance. Su et al. (2024) reported
significant effects for clinical vignettes (p = 0.007) and complex MCQs
(p = 0.049). Zong et al. (2024) found accuracy differences between
single- and multiple-choice questions (p < 0.0001). Kaneda et al. (2023)
reported a scenario-based performance range of 51.7% to 80.0%, while
odds ratios for incorrect answers in complex formats ranged from 2.19 to
2.37.

3.4.3. Customisation, language effects, and limitations

Customised models performed best. Zhao et al. (2025) reported a
domain-specific GPT model scoring over 90% in all six parts of a Chinese
exam, surpassing GPT-4 across Professional Practice and Practical
Abilities. Wu et al. (2024) demonstrated a statistically significant drop in
translated NCLEX-RN performance (p = 0.03). However, no such effect
was found for NNLE items (p = 0.92). Language-related challenges were
further noted by Huang (2023) including hallucinations, bias, and
content misalignment. Krumsvik (2024) reported wide accuracy vari-
ability in multimodal tasks (62.5% to 100%), highlighting difficulties
with image-based content. Miao et al. (2024) noted low performance
(56.3%) on visual questions. Other limitations included logical incon-
sistency, misinterpretation of clinical cases, and unreliable outputs
under ambiguity (Huang, 2023; Miao et al., 2024).

3.4.4. Author-reported model limitations

The handling of multimodal content remained a critical constraint.
Due to this limitation, several studies excluded multimodal items such as
images and diagrams (Huang, 2023; Taira et al., 2023). Among those
that included visuals, Miao et al. (2024) and Krumsvik (2024) reported
poor or variable outcomes (as low as 56.3%). Language and cultural
mismatches also emerged, particularly for models trained primarily in

English contexts (Miao et al., 2024; Wu et al., 2024). Prompt engi-
neering and implementation fidelity introduced further variability. Zong
et al. (2024) identified issues such as “zero-shot learning may not be
optimal” and “prompt variations affect responses.” The evolving nature
of LLMs was recognised by Kaneda et al. (2023), cautioning against
static benchmarking of rapidly updating tools.

3.5. Meta-analysis

3.5.1. Model type/version

The pooled accuracy of the LLM licensure examination questions was
69.6% (95% CI: 65.6-73.6%), with a wide prediction interval
(43.8-95.3%) and substantial heterogeneity (1> = 98%). Subgroup
analysis revealed clear performance differentials across models.
ChatGPT-3.5 achieved a lower pooled accuracy of 60.4% (95% CI:
55.8-64.9%), while ChatGPT-4.0 demonstrated a marked improvement
with a pooled accuracy of 77.2% (95% CI: 72.4-82.0%). Performance
further increased with ChatGPT-40 (80.7%), Qwen 2.5 (88.9%), and a
task-specific Custom GPT model, which reported the highest accuracy at
93.6%. Models such as ERNIE Bot 3.5 (78.1%) and Gemini (71.4%) also
performed comparably, whereas Google Bard exhibited the lowest
subgroup performance (53.3%) (Fig. 2).

3.5.2. Performance by GPT version

The meta-analysis compared the accuracy of different ChatGPT
versions, revealing significant performance differences. ChatGPT 4.0
achieved higher accuracy (77.2%, 95% CI: 72.4-82.0%) than ChatGPT
3.5(60.4%, 95% CI: 55.8-64.9%), with the Custom GPT performing best
(93.6%, 95% CI: 91.6-95.3%). Heterogeneity was high across all models
@ = 94-98%), indicating substantial variability between studies. Sub-
group differences were statistically significant (p < 0.01), confirming
that the model version significantly impacted accuracy (Fig. 3).

3.5.3. Performance by exam system/country

The meta-analysis evaluated LLMs' performance across different
types of nursing licensure exams, revealing significant variations in ac-
curacy. The highest accuracy was observed for NCLEX-RN (77.1%, 95%
CI: 67.8-86.5%), while NNLE exhibited the widest variability (65.5%,
95% CI: 43.1-87.8%). RNLE (Registered Nurse Licensure Examination,
Taiwan) yielded a pooled accuracy of 69.9% (95% CI: 48.6-91.1%),
though this subgroup showed high within-group heterogeneity (I* =
98.8%), reflecting differences in item sampling between studies (Huang,
2023; Su et al., 2024). NCLEX-RN, CNNLE, and JNNE demonstrated
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Author, Performance Content domains/areas Benchmark standards & Performance Statistical Analysis & Model Strengths,
year metrics results threshold domain results limitations & error
patterns
Garcia- Accuracy rate, Safe Effective Care, Health Benchmark: GPT-4 met the Statistical Analysis: Strengths: GPT-4
Rudolph domain-specific Promotion and 77% passing grade threshold (77%) Not reported strong in Physiological
et al. performance, Maintenance, Psychosocial Domain Results: Integrity
(2024) error pattern Integrity, Physiological Results: Gemini & GPT-3.5 Psychosocial Integrity:
analysis Integrity Gemini: 73.2% did not meet the 13.3% Weaknesses: Weak in
GPT-3.5: 72% threshold. Health Promotion & Psychosocial Integrity
GPT-4: 92.4% Maintenance: 8.8%
Safe Effective Care: 7.7% Error Patterns: Not
Physiological Integrity: specified
6.4%
Garcia- Accuracy rate, NCLEX-RN topics: Benchmark: GPT-3.5 and Statistical Analysis: Not Strengths: GPT-3.5 in
Rudolph domain-specific Physiological Adaptation, 77% passing grade GEMINI met the reported Health Promotion;
et al. performance, error Risk Reduction, Health threshold only for Domain Results: GEMINI in Physiology
(2025) analysis Promotion, etc.; Results: the Spanish exam Physiological Adaptation:
CONVALIDATE-EU domains GPT-3.5: 69.2% (RN), GPT-3.5 47.8%, GEMINI Limitations: Below
67.5% (PN), 76.7% (EU) 52.2% threshold in US exams
GEMINI: 65.8% (RN), Risk Reduction: GPT-3.5
67.5% (PN), 76.7% (EU) 48.0%, GEMINI 52.0% Error Patterns:
Health Promotion: GPT- Recurrent issues with
3.5 57.1%, GEMINI 42.9% pregnancy, legal ethics,
paediatric growth
Huang Correct BMS, FNNA, MSN, MPN, Benchmark: Minimum Performance met Statistical Analysis: Not Strengths: Strong
(2023) percentage; pass PCN passing score of 60 the minimum reported performance in BMS
rate; advantages/ threshold in some and PCN
disadvantages Results: Average scores assessments Domain Results:
ranged from 51.6 to Exceptional performance Limitations:
63.75, with passing rates in BMS and PCN; poor Inadequate medical
of 1st place in 2022 and performance in FNNA, knowledge, confusion
2nd place in 2023 MSN and MPN in complex scenarios,
hallucinations,
language bias
Error Patterns:
Knowledge gaps in
specialised areas
Kaneda Accuracy rate; Basic nursing, adult nursing, ~ Benchmark: 80% for GPT-4 met the Statistical Analysis: p < Strengths: Not
et al. question type geriatric nursing, paediatric compulsory questions, threshold 0.01 for overall accuracy, reported
(2023) performance nursing, maternal nursing, >40 points for compulsory, and scenario-
psychiatric nursing, home compulsory questions, GPT-3.5 did not based questions; p = 0.014  Weaknesses: Not
care nursing theory, and a score of 152 points ~ meet the threshold for general questions; p = reported
integrated and practical or more for general & 0.248 for conversation Error Patterns:
nursing scenario-based questions questions Performance varied
Results: significantly by
GPT-3.5: Failed to meet Domain Results: question type
passing standards Compulsory: 58.0% to
(59.9%) 90.0%
GPT-4: Met passing General: 64.6% to 75.6%
standards (79.7%) Scenario-based: 51.7% to
80.0%
(Krumsvik, Accuracy rate; Anatomy, Physiology, and Benchmark: Grading Not reported Statistical Analysis: Not Strengths: High
2024) error rate; Biochemistry guidelines provided by reported overall accuracy
multimodal NOKUT
performance Domain Results: Weaknesses:
Results: Performance variations by Performance variations
Overall accuracy: 84.9% domain/question type: in multimodal
to 94.5% Multimodal questions questions
(62.5% to 100%)
Error Patterns:
Difficulty with complex
visual/multimodal
content
(Miao et al.,  Accuracy rate; Respiratory, Circulatory, Benchmark: Prior GPT- No statistical Statistical Analysis: No Strengths: Clinical
2024) cosine similarity; Haematologic, Endocrine, 3.5 results difference between significant differences reasoning
logical consistency;  Urinary system diseases; the professionaland ~ among exam years (P >
information quality ~ Professional knowledge unit;  Results: practical 0.05); no statistical Weaknesses:
Practical knowledge unit e Multiple-choice knowledge units difference between Identifying specific cut-

questions: 71.0%
e Image-based questions:
56.3%

professional and practical
knowledge units

Domain Results: No
significant differences
across units; poor

off values, humanistic
nursing, prioritising
nursing diagnoses

Error Patterns:
Difficulty with visual/
image interpretation

(continued on next page)
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Author, Performance Content domains/areas Benchmark standards & Performance Statistical Analysis & Model Strengths,
year metrics results threshold domain results limitations & error
patterns
performance on image-
based questions (56.3%)
Su et al. Accuracy rate; BN, GM, MSN, OGN, PCN Benchmark: 60% Model met the Statistical Analysis: Strengths: Clinical
(2024) domain-specific threshold Clinical vignettes (p = vignettes, complex
performance; Results: 0.007), complex multiple- multiple-choice
consistency GPT-4: Overall accuracy choice questions (p = questions
analysis 80.75% 0.049)

Taira et al.
(2023)

Accuracy rate,
question type
performance,
subject area
performance

Wu et al.
(2024)

Accuracy rate;
multilingual
performance;
professional
knowledge
assessment

Zhao et al.
(2025)

Accuracy rate,
explanation quality

Zhu et al.
(2025)

Accuracy; AUC;
sensitivity;
specificity; F1-
score; PPV; NPV

Zong et al.
(2024)

Accuracy rate,
domain-specific
performance, error
pattern analysis

Pathology, Anatomy,
Physiology

Nursing Education, Clinical
Practice

Six parts of nursing
examination (specific
domains not detailed)

Nursing-related knowledge
in clinical settings,
Application of nursing
knowledge and skills

Clinical Epidemiology,
Human Parasitology,
Dermatology

Benchmark: ~80% for
basic knowledge, ~60%
for general questions

80% threshold:
Basic knowledge
met in 2019, did not
meet in other years

Results:

Basic knowledge: 75.1%
(SD 3%)

General questions: 64.5%
(SD 5%)

Benchmark: Pass
threshold NR

Results:

NCLEX-RN practical
questions: 88.7% (133/
150)
Chinese-translated
NCLEX-RN practical
questions: 79.3% (119/
150)

NNLE Theoretical MCQs:
71.9% (169/235)
NNLE Practical MCQs:
69.1% (161/233)

Not reported

Benchmark: Not Custom GPT
reported outperformed

ChatGPT-4 in all
Results: parts

Custom GPT: >90%
across all six parts
ChatGPT-4: 73% to 89%
across all six parts

Pass threshold: Not
reported

Benchmark: Not
reported

Results:

Qwen-2.5: 88.9%
GPT-40: 80.7%
ERNIE Bot-3.5: 78.1%
GPT-4.0: 70.3%
SPARK: 65.0%
GPT-3.5: 49.5%
Benchmark: 0.6
accuracy threshold

Did not meet pass
the threshold of 0.6

Results:

ChatGPT: Failed to meet
the 0.6 accuracy
threshold across all
examination types (5-
year period)

Domain Results:

GM: 88.75%, MSN: 80%,
PCN: 70%, OGN: 67.5%,
BN: 63%

Statistical Analysis:
Standard deviation
reported

Domain Results: 75.1%
(SD 3%) for basic
knowledge questions,
64.5% (SD 5%) for general
questions

Statistical Analysis: p-
values: P = 0.03 for
NCLEX-RN English vs.
Chinese input; P = 0.92 for
NNLE Theoretical MCQs
English vs. Chinese input

Domain Results: Higher
accuracy for NCLEX-RN
practical questions in
English; ChatGPT 4.0
outperforms ChatGPT 3.5
and Google Bard

Statistical Analysis: Not
reported

Domain Results:
Professional Practice:
Custom GPT >85%
Practical Abilities: Custom
GPT >85%

A1l type questions: Custom
GPT significantly better
A2 type questions: Custom
GPT significantly better
A3/A4 type questions:
Custom GPT significantly
better

Statistical Analysis: Not
reported

Domain Results: Not
reported

Statistical Analysis:
Single vs. multiple-choice
questions (p < 0.0001)

Domain Results: No
significant differences
across units. Significant
difference between single/
multiple-choice in NPLE

Weaknesses: Not
specified

Error Patterns:
Performance varied by
question complexity
Strengths: Nutrition,
pathology

Weaknesses:
Pharmacology, social
welfare

Error Patterns:
Difficulty with complex
problem-solving
Strengths: NCLEX-RN
practical questions

Weaknesses:
Performance
degradation with
translation

Error Patterns:
Language-dependent
performance variations

Strengths: Custom
GPT superior
performance across all
question types

Weaknesses: Not
reported

Error Patterns:
Standard ChatGPT-4
showed consistent
performance gaps
across question types

Strengths: Qwen-2.5
better in Practical Skills
than Professional
Practice

Weaknesses: Not
specified

Error Patterns: Not
reported

Strengths: Clinical
epidemiology,
dermatology

Weaknesses:
Parasitology, anatomy

Error Patterns:
Performance varied by
question format

Note: The abbreviations used in this table refer to subject domains and performance metrics evaluated across the studies.
e BN: Basic Nursing; GM: General Medicine; MSN: Medical-Surgical Nursing; OGN: Obstetrics and Gynecology Nursing; PCN: Psychology and Community Nursing.
e BMS: Basic Medical Science; FNNA: Fundamental Nursing and Nursing Administration; MPN: Maternal and Paediatric Nursing.
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e NCLEX-RN: National Council Licensure Examination for Registered Nurses (USA); NNLE: National Nursing Licensing Examination (China); PN: Practical Nurse; CONVALIDATE-EU: A
European project assessing cross-national nursing qualification equivalence; NPLE: National Physician Licensing Examination (China).

e AUC: Area Under the Curve; PPV: Positive Predictive Value; NPV: Negative Predictive Value; F1-score: A composite metric of precision and recall; SD: Standard Deviation.

o A1/A2/A3/A4-type questions: Classification used in some national nursing exams, where A1 indicates simple recall, A2 represents understanding and direct application, A3 requires
decision-making based on multiple factors, and A4 involves complex clinical judgment or scenario-based reasoning.

moderate accuracy at 77.1% (67.8-86.5%), 74.8% (68.3-81.2%), and
69.9% (67.7-72.2%), respectively, with NNLE exhibiting the widest
variability (65.5%; 95% CI: 43.1-87.8%). Subgroup differences were not
statistically significant (p = 0.14), suggesting that the exam system did
not independently determine LLMs' performance (Fig. 4).

3.5.4. Performance by year group

The meta-analysis revealed no clear temporal trend in LLM accuracy
across exam years (2017-2023). Annual fluctuations were observed, and
accuracy peaked in 2022 (71.5%) and dipped to its lowest in 2020
(67.4%), these year-to-year variations were not statistically significant
(p = 0.62), suggesting that study-specific factors (e.g., model type or
exam format) had a greater influence on results than examination year
(Fig. 5).

3.5.5. Performance by subject area level

The meta-analysis compared the accuracy of the LLMs across the
three subject-area difficulty levels (Levels 1-3), revealing no significant
performance differences (p = 0.90) despite varying complexity. Perfor-
mance remained consistent across levels: Level 1 (70.4%), Level 2
(67.0%), and Level 3 (69.1%). The wide prediction interval
(40.6-97.1%) suggests that factors beyond subject-area difficulty (e.g.,
model type or implementation) likely drive performance variations
more than complexity level alone (Fig. 6).

3.5.6. Alignment with national exams (real exams and simulated)

The meta-analysis compared the LLMs' performance between simu-
lated and real exam conditions, revealing no significant difference in
accuracy (p = 0.13). Simulated exams showed slightly higher perfor-
mance (75.5%) than real exams (71.2%). However, real exam results
exhibited greater heterogeneity (I? = 98%) than simulated exams (I> =
87%), indicating substantial variability under real-world conditions
(Fig. 7).

3.5.7. Question format

The meta-analysis of LLM performance across the four question
formats (A1-A4) revealed no significant accuracy differences between
formats (p = 0.96). The format-level accuracy ranged narrowly from
77.7% (A4) to 80.4% (A1) (Fig. 8).

3.5.8. Publication bias assessment

The funnel plot (Supplementary Fig. S5.1-S5.6) displays the stand-
ardised mean difference (SMD) on the x-axis and the standard error of
the SMD on the y-axis. Visual inspection of the funnel plot suggests a
relatively symmetric distribution of effect sizes around the pooled esti-
mate, with no clear evidence of asymmetry or small-study effects. The
Eggers' regression test assessed funnel plot asymmetry by regressing the
standardised effect size against the standard error. The results of Egger's
test did not reveal any significant asymmetry (p = 0.9161), suggesting
that small-study effects or publication bias are unlikely to have sub-
stantially influenced the meta-analytic finding.

3.6. Heterogeneity assessment

3.6.1. Meta regression

The meta-regression analysis tested the independent effects of exam
system, LLM model type, question format, subject domain level, ques-
tion alignment (real vs. simulated), and year group on pooled accuracy.
Among LLM model types, Custom GPT showed a statistically significant
positive association with accuracy (estimate = 2.32, 95% CI: 1.00 to
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3.65, p = 0.0006), as did Qwen 2.5 (estimate = 1.72, 95% CI: 0.21 to
3.23, p = 0.026). No other predictor reached significance: remaining
LLM models (all p > 0.11), exam systems (all p > 0.16), question formats
Al1-A4 (all p > 0.08), subject domain levels (all p > 0.37), year groups
(all p > 0.25), and question alignment (real exams, p = 0.35; simulated,
p = 0.22). Coefficients are reported on the Freeman-Tukey double
arcsine scale. Full regression coefficients, standard errors, and confi-
dence intervals are reported in Supplementary File S6.

3.6.2. Sensitivity analyses

Our sensitivity analysis demonstrates significant variability in model
performance across studies (range: 0.465-0.942), complementing the
meta-analytic findings of 69.6% overall accuracy (95% CI: 65.6-73.6%).
High-performing models demonstrated exceptional sensitivity (Krums-
vik: 0.942; Zhao: 0.936; Su: 0.924). The median sensitivity (0.689)
closely approximated the point estimate for accuracy, while the inter-
quartile range (0.607-0.781) aligned with the 95% CI bounds. However,
the extreme values at both ends of the sensitivity distribution (particu-
larly the lower range) correspond to the wide prediction interval
(43.8-95.3%) observed in the accuracy analysis, suggesting that meth-
odological differences across studies may account for more performance
variation than model architecture alone (Supplementary File S7).

4. Discussion

This systematic review and meta-analysis examined the accuracy of
LLMs on nursing licensure examinations. The review found substantial
heterogeneity in LLM performance, with a pooled accuracy of 69.6%
(95% CI: 65.6-73.6). Performance varied significantly by model archi-
tecture, with GPT-3.5 achieving 60.4%, GPT-4 reaching 77.2%, and
domain-customised models, such as Zhao's version, attaining 93.6%.
Among the licensure systems, NCLEX-RN demonstrated a pooled accu-
racy of 77.1%, while RNLE yielded 69.9% (though with substantial
within-subgroup heterogeneity reflecting methodological differences
between Huang (2023) and Su et al. (2024)), and performance across
subject domains varied, with general medicine reaching 88.75% and
consistent underperformance in psychosocial integrity. Question
complexity and language also influenced outcomes. Subject-area diffi-
culty levels (Levels 1 to 3) showed no significant accuracy differences (p
= 0.90), suggesting that LLMs handle gradients of content difficulty
comparably. The meta-analysis also found no temporal trend in model
accuracy for the exam years 2017 to 2023 (p = 0.62), indicating that the
observed gains reflect improvements in model design rather than vari-
ations due to exam years.

This review aligns with existing reviews that show variability in LLM
performance across medical exams, with GPT-4 consistently out-
performing GPT-3.5 (Jin et al., 2024; Keshavarz et al., 2024; Liu et al.,
2024). The pooled accuracy of 69.6% matches Jin et al.'s 70.1% and falls
within the broader 56-70% range reported by Wei et al. (2024), Levin
et al. (2023) and Waldock et al. (2024), confirming moderate accuracy
across healthcare fields. However, the NCLEX-RN subgroup accuracy of
77.1% challenges Jin et al. (2024) claim that nursing shows the lowest
LLM performance, exceeding their reported medical average. This sug-
gests variation within nursing assessments and highlights the value of
newer models. This review also adds to prior work by examining exam
systems, question complexity, and translation effects, identifying
domain-specific models and structured formats (e.g., CNNLE) as per-
formance enhancers. Unlike Levin et al. (2023), who reported under-
performance at higher cognitive levels, this review found no significant
differences in performance by subject-level difficulty. However, our
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Fig. 2. Accuracy of LLMs (subgroup by model type).
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Fig. 3. Accuracy of LLMs (subgroup by GPT version).

review noted that accuracy declines on multi-step reasoning tasks,
suggesting that item structure is a key factor in this decline. This con-
trasts with Sumbal et al. (2024), who directly linked accuracy to the
difficulty level. The finding may suggest that nursing exams may follow
different cognitive patterns. Notably, the consistent underperformance
in psychosocial integrity domains across regions reveals a content-
specific limitation not captured in broader reviews. These findings
refine our understanding of LLM reliability in high-stakes, nursing-spe-
cific contexts and support the need for culturally informed, standardised
evaluation tools.

LLM performance demonstrated a clear developmental trajectory,
with accuracy progressing from GPT-3.5 through GPT-4 to domain-
specific models such as Qwen-2.5 and Zhao's customised version
(93.6%). While OpenAl models predominated, comparable performance
was observed with ERNIE Bot 3.5 (78.1%) and Gemini (71.4%), con-
trasting sharply with Google Bard's suboptimal results (53.3%).

Despite architectural improvements, LLMs have consistently
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underperformed in domains that require complex reasoning, interdis-
ciplinary synthesis, and affective judgment. Lower accuracy in psycho-
social integrity, pharmacology, and humanistic nursing persisted in both
Western and Asian contexts, in contrast to stronger performance in
general medicine and pathology. Performance declined significantly on
multi-step reasoning tasks, including clinical vignettes (p = 0.007) and
multi-response formats (p < 0.0001), while question format categories
showed no meaningful differences (p = 0.96). This pattern suggests that
internal cognitive complexity, rather than surface-level formatting,
drives performance variability. The persistent underperformance in
psychosocial integrity and ethics domains likely reflects multiple inter-
acting factors. First, LLM training corpora are predominantly biomedical
and clinical, with comparatively sparse representation of nursing-
specific ethical frameworks, cultural care models, and psychosocial in-
terventions (Hobensack et al., 2024). Second, these domains demand
affective reasoning, contextual moral judgment, and patient-centred
relational thinking that current transformer architectures handle
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Fig. 4. Accuracy of LLMs (subgroup by Exam system/country).

poorly, as such reasoning depends on implicit social knowledge and
cultural norms rather than on pattern recognition in text (Thorne, 2014).
Third, cross-cultural variation in ethical standards and psychosocial care
expectations compounds the challenge, as a response that is correct in
one jurisdiction may be incorrect in another.

The predominance of East Asian studies (9/12) limits global appli-
cability, with translation effects demonstrating variable impact across
examination systems. Accuracy dropped significantly for translated
NCLEX-RN items (Wu et al., 2024; p = 0.03) but remained stable for
NNLE items (Wu et al., 2024; p = 0.92). The finding may reflect dif-
ferential language localisation in training datasets. Methodological in-
consistencies further compromise evidence quality: sample sizes varied
dramatically (100-5000 items), critical model parameters were under-
reported, and performance thresholds lacked standardisation. The
extreme heterogeneity (1> = 98%) and wide prediction interval
(43.8-95.3%) underscore the urgent need for standardised evaluation
frameworks to enhance rigour and reproducibility in this rapidly
evolving field. The substantial variation in examination complexity and
student expectations across jurisdictions also raises questions about the
standardisation of qualifying assessments globally. LLM accuracy did
not differ significantly by exam system (p = 0.14) or by nominal diffi-
culty level (p = 0.90), suggesting that neither structural features of ex-
aminations nor content difficulty alone drive performance differences.
Instead, meta-regression identified model architecture as the key
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predictor, with Custom GPT (p = 0.0006) and Qwen 2.5 (p = 0.026)
significantly outperforming other models. Future work could explore
whether LLMs, with their capacity to process large item banks and
identify inconsistencies, might contribute to the development of more
standardised and psychometrically equivalent qualifying assessments
across nursing jurisdictions.

5. Limitations

This review has several methodological limitations that affect its
robustness and generalizability. First, excluding non-English studies
may have introduced language bias and limited global representation.
Second, reliance on author-reported outcomes, often based on differing
definitions of exam-like conditions, may have led to inconsistent expo-
sure settings. Third, while dual screening and extraction were conducted
using established tools, the JBI checklist may not fully capture AI-
specific risks, such as prompt design or model version drift. Fourth,
post hoc classification of subject domains and question formats, though
necessary for comparison, may have introduced misclassification bias.
Finally, key model variables such as temperature, prompting strategy,
and scoring were often unreported, limiting causal inference despite
subgroup and meta-regression analyses.
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Fig. 5. Accuracy of LLMs (subgroup by Year Group).

6. Implications for practice, policy and research

Customised LLMs, such as Zhao's GPT, show promise as supple-
mentary tools in nursing education, especially for formative assessment
in domains like general medicine and pharmacology, where accuracy
can reach 88.75%. However, their limitations in ethical reasoning,
psychosocial integrity, and complex clinical judgment require caution.
Combining LLM-generated content with culturally grounded, instructor-
led teaching and structured prompting may mitigate risks, especially
when using translated materials. Integration into simulation-based
learning could help foster critical thinking and support responsible
use. For curriculum design, these findings indicate that nursing pro-
grammes should incorporate Al literacy training that teaches students
both how to use LLMs effectively and how to recognise their limitations,
particularly in domains such as ethics, psychosocial care, and culturally
sensitive practice where LLM outputs are least reliable. Formative
assessment applications where LLMs can be safely integrated include:
practice question banks with immediate Al-generated feedback and
explanations; self-directed revision tools for knowledge-based domains
such as pharmacology and general medicine; and simulated clinical
reasoning exercises where students critique LLM-generated responses to
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identify errors. In all cases, educator oversight is essential to prevent
students from internalising inaccurate outputs.

For licensure examinations, regulatory bodies should establish clear
guidelines distinguishing between educational and high-stakes assess-
ment contexts. Given the high variability in performance (I = 98%),
unmoderated use in critical assessments should be avoided. Policies
should support culturally and linguistically adapted models to address
translation-related accuracy drops, such as the 8-12% decrease
observed in NCLEX-RN (Wu et al., 2024; p = 0.03). Pilot testing Al-
informed assessment formats, drawing from effective systems like
CNNLE (p < 0.0001), will be important. Broader international collabo-
ration is necessary to address geographic imbalances in research and
promote equitable, values-aligned adoption of Al in nursing.

Addressing methodological and performance limitations requires a
standardised research agenda. The adoption of reporting frameworks
like CONSORT-AI and PRISMA-AI (Cacciamani et al., 2023) will
enhance transparency and reduce heterogeneity. Expanding research to
include Western licensure systems is essential for generalisability.
Future studies should investigate error patterns, including factual
inaccuracies, misinterpretations, and hallucinations, particularly in the
domains of ethics and psychosocial issues. Comparative evaluations
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Fig. 6. Accuracy of LLMs (subgroup by Subject area level).

Fig. 7. Alignment with national exams (Real exams and simulated).
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Fig. 8. Question format.

against human performance, the development of nursing-specific
benchmarks, and culturally tailored models will guide improvements.
Longitudinal studies are also needed to assess whether model upgrades
lead to sustained gains, given the lack of temporal trends (p = 0.62).

7. Conclusion

This systematic review and meta-analysis demonstrate that LLMs are
promising for low-stakes nursing licensure preparation, particularly in
formative assessments that incorporate hybrid teaching and simulation-
based learning. However, their inconsistent performance and weak-
nesses in ethical reasoning, interdisciplinary synthesis, and cultural-
linguistic adaptation make them unsuitable for unmoderated high-
stakes exams. Limitations in ethics, psychosocial integrity, and item
translation raise concerns about fairness, validity, and reliability across
diverse contexts. Regulatory bodies should set guidelines and ensure
equitable access, while exam developers create Al-aligned formats
inspired by effective systems. Researchers must focus on standardised
frameworks, error analysis, and nursing-specific models to address
geographic biases and performance gaps. Progress depends on evidence-
based integration, rigorous evaluation, culturally aligned benchmarks,
and clinically tailored architectures.
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Database Search strategy limits Date Hits
Pubmed (ChatGPT OR GPT-4 OR Qwen OR Bard OR OpenAI OR “large language model” OR “generative AI” OR “natural language processing”™)  2022-2025 04/ 17
AND ((nursing AND licensure) OR (nursing AND exam) OR NCLEX OR NNLE OR “nurse certification”) AND (performance OR 05
accuracy OR “question answering” OR evaluation OR “test results” OR “explanation quality™)
PsyInfo ((ChatGPT or GPT4 or GPT3 or Bard or Qwen or Claude or Gemini or “large language model*” or LLM) and nursing and (performance = 2022-2025 04/ 12
or accuracy or “question answering” or evaluation or exam)).mp. [mp = title, abstract, heading word, table of contents, key concepts, 05
original title, tests & measures, mesh word]
CINAHL TI (chatgpt or ai or artificial intelligence) AND TI (examination or assessment or test) AND TI examination performance 2022-2025 05/ 54
05
EmCARE (artificial intelligence/ or machine learning/ or (ChatGPT or GPT-4 or GPT-3 or “Generative Pre-trained Transformer” or “large 2022-2025 1/06 6
language model*” or LLM or Chatbot or “generative AI” or “natural language processing™).ti,ab.) and (nursing licensure/ or (NCLEX or
NNLE or “nurse certification” or “nursing board exam*” or “nursing licensing exam*” or “RN examination*” or “registered nurse
exam*”).ti,ab.) and (academic performance or exam* performance or test* score* or question answering or accuracy or evaluation or
performance or test results).ti,ab.
ERIC ((“artificial intelligence” or “machine learning” or “ChatGPT” or “GPT-4" or “GPT-3” or “Generative Pre-trained Transformer” or 2022-2025 1/06 12
(OVID) “large language model*” or “LLM” or “Chatbot” or “generative AI” or “natural language processing™) and (“professional licensure” or

“nursing licensure” or “certification” or “NCLEX” or “NNLE” or “nursing board exam*” or “nursing licensing exam*” or “RN

examination*

or “registered nurse exam*

) and (“academic achievement” or “test performance” or “exam performance” or “student

evaluation” or “question answering” or “accuracy” or “test scores” or “evaluation”)).mp. [mp = abstract, title, heading word,

identifiers]

Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.nedt.2026.107154.
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