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Abstract 

Background  Advanced practice nurses play a vital role in healthcare innovation, delivering high-quality care 
and improving patient outcomes. Leadership is a core competency of advanced practice nurses, empowering 
them to drive systemic improvements and foster collaboration. However, these master-level educated nurses often 
encounter challenges in assuming leadership roles, including limited recognition and competing demands on their 
time. The growing volume of healthcare-related research, combined with the lack of a comprehensive evidence base 
on the determinants and outcomes of their leadership behaviours, complicates the development of effective pro-
grammes. This protocol outlines a systematic approach to addressing these challenges, using an AI tool to efficiently 
manage the expanding evidence base and provide a detailed understanding of the factors influencing advanced 
practice nurses’ leadership behaviours.

Methods  This protocol follows the PRISMA-P 2015 guidelines to outline a systematic review investigating the deter-
minants and outcomes of advanced practice nurses’ leadership behaviours. It employs the SPIDER tool for eligibility 
criteria, encompassing studies that explore advanced practice nursing leadership behaviours and their determinants 
and outcomes. Eligible studies include quantitative, qualitative and mixed-methods research, focusing on advanced 
practice nursing roles. The protocol also outlines a workflow for AI-aided title and abstract screening using ASReview 
LAB, incorporating multi-phase human validation to ensure accuracy and reliability. Data synthesis will utilise narra-
tive synthesis for quantitative data and meta-aggregation for qualitative findings, integrating results through narrative 
weaving.

Discussion  This protocol addresses a critical gap in nursing research by systematically exploring the determinants 
influencing advanced practice nurses’ leadership behaviours and their outcomes. It provides evidence to inform 
the development of tailored programmes aimed at empowering advanced practice nurses to maximise their lead-
ership potential. Additionally, the protocol demonstrates how AI tools can enhance systematic review efficiency 
while maintaining methodological rigour. The findings will not only contribute to advancing nursing practice 
but also highlight the transformative potential of AI in research synthesis, ensuring timely and robust evidence gen-
eration amidst the expanding volume of healthcare-related research.
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Introduction
The emergence of advanced practice nursing roles 
has been described as one of the most transformative 
developments in the profession during the twentieth 
century [1]. This recognition is supported by their ability 
to consistently deliver high-quality care and enhance 
patient outcomes across healthcare settings [2–4]. The 
International Council of Nurses [5] defines an advanced 
practice nurse (APN) as ‘a generalist or specialized 
nurse who has acquired, through additional graduate 
education (minimum of a master’s degree), the expert 
knowledge base, complex decision-making skills and 
clinical competencies for advanced nursing practice, the 
characteristics of which are shaped by the context in 
which they are credentialed to practice.’ (p. 6). Beyond 
their clinical expertise, APNs demonstrate the ability to 
drive innovation and foster improvements in healthcare 
systems, with leadership emerging as a key competency 
critical to these efforts [6].

Despite its recognised importance, research indicates 
that APNs dedicate limited time to leadership activities 
[7], citing perceived gaps in the necessary competencies 
for their execution [8]. Large clinical caseloads have 
also been shown to impair APNs’ ability to enact 
leadership [9, 10], as the demands of direct patient care 
leave little time for broader organisational or system-
level engagement. Consequently, APNs may be under-
recognised as formal leaders [11], even though leadership 
is an expected component of advanced practice nursing 
[6]. Moreover, the limited evidence base on advanced 
practice leadership complicates policymakers’ efforts in 
preparing, developing and evaluating advanced practice 
nursing roles [12]. When the skills of these professionals 
are not understood, their potential may remain 
underutilised, resulting in missed opportunities that 
could otherwise benefit patients, healthcare providers 
and the broader health system [11]. To address these 
challenges, targeted efforts are needed to support APNs 
in cultivating behaviours that enhance their impact as 
healthcare leaders.

One potential solution lies in developing a behaviour-
change programme, defined as a coordinated set of 
activities designed to change specific behavioural 
patterns [13]. Given that programmes based solely on 
a planner’s intuition are most likely to prove ineffective 
[14], programme development should be grounded 
in theory and evidence that captures the distinct 
mechanisms of action involved in achieving behavioural 

change [15]. As such, prominent behaviour-change 
frameworks highlight the critical first step of analysing 
the relationships, whether observed or hypothesised, 
between the target behaviour, its influencing factors 
and its consequences [13, 16, 17].

Behavioural influences, commonly referred to 
as determinants in behaviour-change literature, 
encompass the internal factors (i.e. biological and 
psychosocial) and environmental conditions that 
shape an individual’s behaviour [18]. The identification 
of relevant determinants is crucial, as it allows 
programme planners to pinpoint what needs to be 
targeted and select appropriate behaviour-change 
techniques to address them effectively [19]. Behavioural 
consequences, or outcomes, are the changes at 
individual, community or systemic levels resulting from 
programme activities and corresponding behaviours 
[20]. By identifying these outcomes, planners can 
establish measurable indicators of change that offer 
insights into whether the programme has effectively met 
its goals, allowing comparisons against agreed-upon 
standards or benchmarks [21]. More specifically, they 
provide a way to measure quality and bring attention to 
the often-overlooked contributions of APNs’ leadership 
in advancing nursing and the broader healthcare system 
[22]. As such, a systematic approach to developing a 
behaviour-change programme for advanced practice 
nursing leadership should, at a minimum, include an 
examination of both the determinants and outcomes 
of this behaviour [15]. While barriers and enablers 
representing some of these determinants have recently 
been systematically reviewed in a study of cross-
sectional research published from 2015 onwards [10], 
a comprehensive synthesis of both determinants and 
outcomes across the scientific literature, which includes 
qualitative evidence, remains lacking.

Systematic reviews have become a cornerstone of 
policy decision-making, with policymakers increasingly 
recognising their value in supporting evidence-
based decisions [23]. However, the growing volume 
of unstructured scientific literature has rendered 
traditional evidence synthesis increasingly time-
consuming and resource-intensive, threatening its 
practicality [24]. For instance, an analysis of the 
International Prospective Register of Systematic 
Reviews (PROSPERO) found that it takes a median of 
65.8  weeks from protocol registration to publication 
[25], and as many as 23% of systematic reviews may 



Page 3 of 10Put et al. Systematic Reviews          (2025) 14:254 	

require updating within just 2  years of publishing 
[26]. Policymakers, particularly in dynamic fields like 
healthcare, view the delays between review completion 
and when its findings are needed as a significant 
obstacle [27]. To address this challenge, researchers 
are exploring alternative methods, which include 
artificial intelligence (AI) tools that have the potential 
to significantly reduce workloads while preserving 
reviewer oversight and methodological integrity [28].

To support the screening process, the review will utilise 
ASReview LAB, an open-source and freely available 
platform that enhances efficiency through active learning 
based on AI [29]. ASReview LAB ranks records by 
predicting their relevance using features derived from 
previously screened studies, allowing the model to 
prioritise which records are presented to the reviewer. 
The developers validated this approach in simulation 
studies on multiple existing review datasets, identifying 
95% of eligible studies after screening just 8 to 33% of 
records. These findings highlight its potential to support 
more efficient evidence synthesis without compromising 
the identification of relevant literature. This approach 
will be used to aid in title and abstract screening to 
answer the following research questions: ‘What are 
the determinants of APNs’ leadership behaviours?’ and 
‘What are the outcomes of APNs’ leadership behaviours?’.

Methods
The review is registered on PROSPERO with the 
registration number CRD42025644174. The conduct 
of the review will be guided by the JBI Manual for 
Evidence Synthesis [30]. To promote comprehensive 
and transparent reporting, this protocol follows the 
reporting guidelines set by the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses (PRISMA) 
Protocols statement [31] (see Additional file  1). The 
review itself will follow the PRISMA 2020 reporting 
guidelines [32].

Eligibility criteria
The eligibility criteria were established using the SPIDER 
(Sample, Phenomenon of Interest, Design, Evaluation 
and Research type) search strategy tool [33].

The sample of interest consists of nurses working in 
advanced practice roles in any healthcare-related setting 
(e.g. hospitals, nursing homes, general practitioners’ 
offices). Initial study selection based on sample will focus 
on the APN title, which most often encompasses the 
internationally recognised roles of nurse practitioner and 
clinical nurse specialist. Given the significant variability 
in APNs’ role descriptions [34], studies using a generic 
advanced practice nursing title (e.g. advanced practice 
role, advanced practice provider, advanced clinical 

practitioner) will also be considered eligible for review. If 
the title in an individual study is unclear or ambiguous, 
the sample will be assessed based on the International 
Council of Nurses’ [5] definition of an APN, which 
requires that the nurse provides direct patient or client 
care requiring an expert knowledge base or advanced 
skills, and holds a master’s degree in a health-related 
discipline.

For design and research type, the review will include 
peer-reviewed primary research that used quantitative, 
qualitative or mixed-methods study designs. Non-
empirical studies such as abstracts, book chapters, 
conference proceedings, editorials, meta-analyses, 
opinion papers, protocols and reviews will be excluded.

Regarding the phenomenon of interest, studies will 
be eligible for review if leadership is explicitly stated as 
a study aim. Given the absence of a definitive definition 
of APNs’ leadership [35], it may be examined either 
as a leadership style or as any behaviour aligning with 
Northouse’s [36] broad conceptualisation, which states 
that leadership is a process whereby an individual 
influences a group of individuals to achieve a common 
goal. In cases where a study investigates APNs’ tasks or 
competencies without explicitly identifying leadership as 
an aim, inclusion will be determined based on whether 
the abstract explicitly mentions leadership as part of their 
competencies or responsibilities. Studies focusing on 
leadership in managerial or hierarchical roles (e.g. head 
nurses, directors of nursing, healthcare administrators) 
will be excluded from review.

The evaluation of the review will focus on the 
experienced or measured relationships between 
APNs’ leadership behaviours and the corresponding 
determinants or outcomes of those behaviours. 
Determinants refer to all internal mechanisms, such 
as biological (e.g. age, sex, genetic predispositions) 
and psychosocial factors (e.g. skills, knowledge, 
beliefs, habits, emotions), and external environmental 
mechanisms (e.g. social influences, workplace culture, 
organisational policies, physical surroundings) that have 
the potential to influence behaviour [18]. For outcomes, 
a distinction is made between personal outcomes (e.g. 
job satisfaction, psychological well-being, organisational 
commitment, turnover intention), patient-level outcomes 
(e.g. clinical outcomes, patient satisfaction, adherence to 
treatment) and systemic outcomes (e.g. job performance, 
team effectiveness, profitability).

Search strategy
The electronic databases that were selected for 
the review are CINAHL (via EBSCOhost), Embase 
(via Elsevier), PubMed (via NCBI, including MED-
LINE), Scopus (via Elsevier) and Web of Science Core 
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Collection (webofscience.com; SCI-EXPANDED, SSCI, 
AHCI, CPCI-S, CPCI-SSH, BKCI-S, BKCI-SSH, ESCI). 
The search strategy was developed in collaboration 
with two information specialists from the Knowledge 
Centre for Health Ghent and was structured around 
the SPIDER framework, focusing on the ‘Sample’ (i.e. 
advanced practice nurses) and the ‘Phenomenon of 
Interest’ (i.e. leadership). As the review does not target 
specific methodological approaches, the ‘Design’ and 
‘Research type’ components were excluded, in order 
to capture articles that might not contain reference to 
these elements. The ‘Evaluation’ component was also 
omitted, as predefining specific determinants or out-
comes would introduce an arbitrary filter and poten-
tially exclude relevant evidence. As pertaining to the 
concept of leadership, we have deliberately included the 
term ‘management’ to account for its frequent inter-
changeable use with leadership in the literature [37], 
thereby minimising the risk of omitting relevant stud-
ies that examine leadership-related concepts described 
through the lens of management terminology. The 
search string was initially designed for the PubMed 
search engine and then adapted for use in the other 
aforementioned databases. The original search string 
and its translations are presented in Table 1 and Addi-
tional file  2, respectively. The search string incorpo-
rates conceptually synonymous free-text terms in titles, 
abstracts and keywords alongside controlled (medical) 
vocabulary (e.g. CINAHL subject headings, Emtree 
terms, MeSH). Databases will be searched from their 
respective inception to the date of search. Additionally, 

backwards reference cross-checking of all included 
full-text studies will be conducted to identify further 
relevant records. Only studies published in Dutch or 
English will be considered for inclusion. No additional 
search for gray literature will be performed.

AI‑aided study screening and selection
Following the search, the resulting studies will be 
uploaded to the reference management software EndNote 
for data storage and an initial round of deduplication [38]. 
Given the heightened importance of deduplication in 
AI-aided screening, where multiple decisions regarding 
the same record could disproportionately influence 
the AI’s classification algorithm [39], and the relatively 
low specificity, sensitivity and accuracy of EndNote 
in detecting duplicates [40], a second, more precise 
round will be conducted using the web-based software 
DedupEndNote [41]. The DedupEndNote software 
consistently outperforms EndNote for deduplication, 
achieving greater sensitivity (i.e. 93.1–98.6% vs. 51.2–
74.4%), specificity (i.e. 99.9–100% vs. 80.3–99.8%) and 
accuracy (i.e. 94.5–99.5% vs. 72.0–93.6%) across multiple 
datasets [41].

Title and abstract screening will be facilitated by the 
free and open-source research software ASReview LAB, 
which provides reviewers with a machine-learning-aided 
pipeline that integrates an active learning cycle to sys-
tematically estimate the most relevant records for human 
screening [29]. Active learning is a subfield within AI in 
which a model (i.e. a configuration of various algorithms 
and methods) can choose the data points from which it 

Table 1  Search strategy for the PubMed (via NCBI, including MEDLINE) database

a Sample, Phenomenon of Interest, Design, Evaluation, Research type

SPIDERa term Concept Search strategy

Sample (S) Advanced practice nurse (advance practice role*[tiab] AND nurs*[tiab]) OR "advanced 
practice nurs*"[tiab] OR (APN[tiab] AND nurs*[tiab]) 
OR (ANP[tiab] AND nurs*[tiab]) OR "nurse practitioner*"[tiab] 
OR (NP[tiab] AND nurs*[tiab]) OR "advanced nurs*"[tiab] 
OR "advanced clinical nurs*"[tiab] OR "clinical nurse 
specialist*"[tiab] OR (CNS[tiab] AND nurs*[tiab]) OR "clinical 
nursing specialist*"[tiab] OR "advanced practice registered 
nurs*"[tiab] OR "Advanced Practice Nursing"[MeSH Terms] 
OR "Nurse Practitioners"[MeSH Terms]

Phenomenon of interest (P) Leadership “lead*”[tiab] OR “manag*”[tiab] OR “Leadership”[MeSH Terms]

S + P Combination ((advance practice role*[tiab] AND nurs*[tiab]) OR "advanced 
practice nurs*"[tiab] OR (APN[tiab] AND nurs*[tiab]) 
OR (ANP[tiab] AND nurs*[tiab]) OR "nurse practitioner*"[tiab] 
OR (NP[tiab] AND nurs*[tiab]) OR "advanced nurs*"[tiab] 
OR "advanced clinical nurs*"[tiab] OR "clinical nurse 
specialist*"[tiab] OR (CNS[tiab] AND nurs*[tiab]) OR "clinical 
nursing specialist*"[tiab] OR "advanced practice registered 
nurs*"[tiab] OR "Advanced Practice Nursing"[MeSH Terms] 
OR "Nurse Practitioners"[MeSH Terms]) AND ("lead*"[tiab] 
OR "manag*"[tiab] OR "Leadership"[MeSH Terms])
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learns by querying an oracle (i.e. a human user or another 
source of information) to assign labels to previously 
unlabelled documents, thereby minimising the resource 
investment in acquiring labelled data [42]. In ASReview 
LAB, these labels are binary (i.e. relevant or irrelevant) 
and are assigned to a record’s title and abstract [29].

First, three independent reviewers will initiate the 
screening process by labelling 100 randomly selected 
studies from the database according to the eligibility 
criteria. Following this preparatory screening, the 
three reviewers will meet to discuss any discrepant 
labels based on their individual interpretations of the 
eligibility criteria to establish a shared understanding for 
the remainder of the study screening. This process also 
allows for the calculation of a crude estimate of the total 
number of relevant studies in the dataset by multiplying 
the fraction of relevant studies (i.e. the number of 
relevant studies in the preparatory screening step 
divided by the total number of studies in the preparatory 
screening step) by the total number of studies [43]. The 
resulting estimate will later inform the stopping criterion 
for the title and abstract screening process.

Second, the complete study database will be uploaded 
into a locally run instance of ASReview LAB, where it will 
be screened by reviewer 1. The labelling consensus from 
the preparatory screening step will serve as training data 
for the active learning model, providing an initial basis to 
determine a record’s relevance. In ASReview LAB, this 
training data must include at least one study labelled as 
relevant and one labelled as irrelevant [29]. The model 
for this step will use the following specifications: term 
frequency-inverse document frequency (TF-IDF) as the 
feature extractor, Naive Bayes as the classifier, dynamic 
resampling and a maximum query strategy. These are 
the default settings within ASReview LAB [44], selected 
for their consistently strong performance on benchmark 
tests across multiple datasets [45]. The feature extraction 
technique converts text into a structured format (e.g. 
TF-IDF, Sentence BERT, Doc2Vec) that the classifier 
can process. The classifier, in turn, is the algorithm 
responsible for calculating relevance scores based 
on these extracted features (e.g. Naive Bayes, logistic 
regression, random forest, neural network). A balancing 
strategy is used to mitigate overfitting to the majority 
class (i.e. irrelevant records in systematic reviews), 
thereby enhancing the model’s ability to generalise to 
new, unseen data. Lastly, the query strategy determines 
which documents are presented to the oracle for 
labelling after the model computes the relevance scores. 
The available options are clustering, which selects 
representative samples from different groups of similar 
documents; maximum certainty-based, where the model 
prioritises the most relevant documents based on its 

highest confidence scores; and uncertainty-based, which 
selects documents where the model’s confidence is 
lowest. The random strategy selects documents entirely 
at random, ignoring the model’s predictions, while the 
mixed strategy combines 95% maximum certainty-based 
with either 5% uncertainty or 5% random selection, 
balancing confident predictions with exploration of less 
certain or random areas of the dataset. Next, the active 
learning cycle begins as the software presents one record 
at a time for the reviewer to label as relevant or irrelevant. 
Based on this feedback, the AI model is retrained and 
the process repeats, improving its predictions with 
each new label until the reviewer chooses to stop or a 
predefined stopping criterion is reached [44]. A stopping 
criterion is used to determine when to end the active 
learning process in screening software, weighing the 
cost of continued screening against the likelihood of 
overlooking relevant records. It will be set based on 
the SAFE procedure: (1) a selection of predefined key 
papers has been presented to the human reviewer by 
the AI model, (2) at least twice the estimate of the total 
number of relevant studies has been screened, (3) a 
minimum of 10% of the dataset has been screened and 
(4) no study has been labelled as relevant in the last 100 
records [43]. Before screening commences, the research 
team will compile a list of landmark studies to be used 
for this process. Once reviewer 1 has met the stopping 
criterion, reviewers 2 and 3 will each independently 
screen a randomly selected but distinct half of the studies 
suggested to reviewer 1 by the AI model. Discrepancies in 
labels after this step will be resolved through discussion 
by the research team.

Third, reviewer 1 will conduct a second round of 
AI-aided screening of titles and abstracts using a 
more complex model: Sentence Bidirectional Encoder 
Representations from Transformers (SBERT) as the 
feature extractor, random forest as the classifier, dynamic 
resampling and a mixed query strategy (95% maximum-
certainty and 5% uncertainty) [44]. It is recommended to 
begin screening with a simpler model and transition to a 
more computationally demanding one once more labelled 
data is available, as these models require more training 
data to perform optimally [46]. Therefore, the research 
team’s consensus on inclusions and exclusions from the 
previous step will be fully utilised as training data for this 
more complex model. The output of this screening step 
will then again be passed to reviewers 2 and 3, with each 
independently screening a randomly selected but distinct 
half of the studies suggested by the model. Discrepancies 
in labels after this step will be resolved by the research 
team.

Last, the three reviewers will conduct a manual 
full-text screening against the eligibility criteria, with 
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reviewer 1 screening all studies and reviewers 2 and 3 
each independently screening a randomly selected but 
distinct half of the studies. The research team will resolve 
any remaining discrepancies in inclusion decisions in a 
final review.

Study quality assessment
A sensitivity analysis will be performed on all included 
full-text studies, utilising the approach introduced 
by Vandervelde and colleagues [47]. This analysis 
combines the methodological quality assessment (i.e. 
low, moderate, high) and the relevance to the research 
questions (i.e. low, moderate, high). Studies with low 
ratings in both categories, or a low rating in one category 
and moderate in the other, will be classified as low 
overall. Studies with moderate ratings in both categories, 
or a combination of moderate and high ratings, will be 
classified as moderate overall. Only studies rated high 
in both categories will receive a high overall rating. 
Although studies will not be excluded based on their 
sensitivity analysis score, those with a low overall rating 
will be interpreted with caution during synthesis and 
integration.

Methodological quality assessment will be conducted 
using the Mixed-Methods Appraisal Tool (MMAT) as 
described by Hong and colleagues [48]. Each category 
of study design includes five distinct methodological 
criteria, assessed as ‘yes’ (i.e. criterion met), ‘no’ (i.e. 
criterion not met) or ‘can’t tell’. Studies will be rated 
based on the number of criteria met: ‘low’ if 0–1 criteria 
are met, ‘moderate’ if 2–3 are met and ‘high’ if 4–5 are 
met. For mixed-methods studies, each methodological 
component will be assessed separately. Reviewer 1 will 
rate the methodological quality of all included studies, 
while reviewers 2 and 3 will each independently evaluate 
a randomly selected but distinct half of the studies. Any 
discrepancies will be resolved through discussion among 
the research team to ensure consensus.

Relevance to the research questions will be evaluated 
using criteria developed by the research team prior to the 
review process. These criteria will be designed to assess 
the extent to which each study contributes meaningful 
and applicable insights into the determinants and 
outcomes of APNs’ leadership behaviours. Relevance 
to the research questions will be categorised as ‘low,’ 
‘moderate,’ or ‘high,’ based on the finalised criteria. 
Reviewer 1 will assess all studies for relevance, while 
reviewers 2 and 3 will each independently assess a 
randomly selected but distinct half of the studies. Any 
discrepancies will be resolved through discussion among 
the research team to ensure consensus.

Data extraction
Reviewer 1 will independently extract data from all 
included full-text studies into a customised Microsoft 
Excel spreadsheet, while reviewers 2 and 3 will 
independently extract data from a randomly selected but 
distinct half of the studies. To ensure the spreadsheet 
captures all information relevant to the research 
questions, it will be piloted using a sample of six studies, 
randomly selecting two quantitative, two qualitative 
and two mixed-methods studies. Any modifications 
to the spreadsheet will be agreed upon by consensus 
among the research team and documented in the 
systematic review publication. Data will be extracted 
across five categories: (1) publication details (e.g. study 
title, name of first author, publication year, journal of 
publication), (2) research design (e.g. research type, 
research methodology), (3) sample characteristics (e.g. 
gender and/or sex distribution, mean and/or median 
age, sample size, professional APN title, educational 
level, country of practice, care setting(s) of practice, 
nursing specialisation), (4) phenomenon of interest 
(e.g. APNs’ leadership behaviour(s) and/or style(s)) and 
(5) study findings (e.g. experienced and/or measured 
relationship(s) between APNs’ leadership behaviour(s) 
and corresponding determinants and/or outcomes). 
The complete list of data extraction points is presented 
in tabular form in Additional file 3. Encountered 
inconsistencies or disagreements during data extraction 
will be resolved through collective discussion among 
the research team. In cases of missing or unclear data, 
corresponding authors will be contacted up to two 
times by email: an initial request will be sent, followed 
by a second request after four weeks if no response is 
received. The data will be considered unobtainable if no 
response is received after the second request.

Data synthesis and integration
Data will be synthesised using a results-based convergent 
synthesis design [49]. Qualitative and quantitative 
studies, including the individual methodologies within 
mixed-methods studies, will first be synthesised and 
presented separately. If these methodologies are not 
clearly distinguishable in the text, the corresponding 
authors will be contacted to provide this information. 
The results from both syntheses will then be integrated 
with a third synthesis, reconsidering the evidence in the 
context of their combined findings [49].

Given the broad scope of the review, which seeks to 
include all potential determinants and outcomes of 
APNs’ leadership behaviours reported in the literature, 
in addition to the utilised wide-ranging conceptualisation 
of these behaviours, a high degree of methodological 
and intervention heterogeneity is anticipated. The 



Page 7 of 10Put et al. Systematic Reviews          (2025) 14:254 	

sheer diversity of variables under investigation renders 
statistical pooling through methods like meta-analysis 
unfeasible [50], necessitating the use of narrative 
synthesis to comprehensively analyse the quantitative 
data. This synthesis will be presented as a narrative 
elaboration of identified patterns, complemented by 
study characteristics and statistical data displayed in 
tables or other pertinent visual formats [50].

Qualitative data will be synthesised using the meta-
aggregation method [51]. Extracted study findings, 
defined as verbatim excerpts of the study authors’ 
analytical interpretations of their data, will be grouped 
into categories comprising two or more similar findings. 
Each finding will be accompanied by an illustration, 
such as a direct quotation from a study participant, 
a fieldwork observation or another supporting data 
point from the study [51]. As each finding is extracted, 
it will be assigned a level of plausibility based on the 
reviewers’ assessment of the congruency between the 
finding and its accompanying illustration. The three 
levels are (1) unequivocal (i.e. findings accompanied 
by an illustration that is beyond reasonable doubt and 
not open to challenge), (2) equivocal (i.e. findings with 
an illustration that lacks an explicit association and 
is therefore open to challenge) and (3) unsupported 
(i.e. findings not supported by the data). Unequivocal 
findings, ranked the highest, will be prioritised in the 
synthesis, followed by equivocal findings. Unsupported 
findings will be excluded from the synthesis [52]. For 
each created category, the research team will draw up an 
explanatory statement summarising the shared theme or 
concept underlying the group of similar findings. Lastly, 
synthesised findings will be created by combining two 
or more groups of categories, also accompanied by an 
explanatory statement. These statements are drawn up 
to be suggestive, characteristic, representative, symbolic 
or emblematic of the evidence being synthesised [51, 
52]. While such statements are traditionally used to 
inform policy or practice, in our review, they will guide 
further research, particularly in the development of 
a programme. In both cases, the purpose of these 
indicative statements remains consistent: to distil the 
essence of the evidence into actionable insights, making 
this approach equally suitable for shaping research 
directions or informing policy. If textual pooling is not 
feasible, a narrative synthesis will be conducted as an 
alternative to meta-aggregation, following a structure 
similar to that used for synthesising the quantitative data.

The integration of quantitative and qualitative data will 
occur at the interpretation and reporting level through 
narrative weaving, where both data types are organised 
on a concept-by-concept basis [53]. A joint display 
will be used to enhance the visual interpretation of the 

integrated findings, with the specific framework to be 
determined during synthesis in such a manner that it 
aligns with the emerging results.

Discussion
Leadership is widely integrated as a central competency 
in prominent frameworks for advanced practice nursing, 
as it enables APNs to effectively influence patient care, 
foster collaboration and drive improvement in healthcare 
systems [54]. Despite its recognised importance, a 
comprehensive synthesis of the factors that shape and 
influence APNs’ leadership behaviours has not been 
conducted to date. Understanding these relationships is 
vital for identifying the factors influencing how APNs 
adopt and perform leadership roles, particularly as they 
navigate the dual demands of direct patient care and 
broader organisational responsibilities. The planned 
review seeks to address this critical gap in nursing 
literature by systematically gathering and analysing the 
scientific evidence on the determinants and outcomes of 
APNs’ leadership behaviours. The findings of this review 
will help the development of approaches that enable 
APNs to fully realise their leadership potential within the 
complex environments in which they practice.

Complementing this effort, the current protocol also 
aims to advance systematic review methodology within 
nursing literature by introducing AI-aided screening 
of titles and abstracts using ASReview LAB. This 
tool has been shown to reduce screening workloads 
by an average of 60.02% [55], effectively tackling one 
of the most resource-intensive aspects of traditional 
systematic reviews. Moreover, by reducing the volume 
of records requiring manual screening, AI tools can 
help decrease the potential for labelling errors, which 
can reach up to 21% among experienced reviewers and 
58% among inexperienced ones [56]. As the volume of 
nursing-related research continues to expand rapidly, 
incorporating AI into the screening process offers a 
robust, future-oriented solution, ensuring that systematic 
reviews remain rigorous and capable of meeting the 
demands of an ever-growing evidence base. Additionally, 
the open-source nature of ASReview LAB aligns with 
the principles of transparency and reproducibility in 
systematic reviews, allowing researchers to evaluate its 
underlying functionality and adapt it to their specific 
needs.

The use of AI in systematic reviews, while innovative, 
is not without limitations. Although it offers significant 
potential to reduce screening workload, this efficiency 
may come at the cost of missing up to 5% of relevant 
studies [57]. This limitation arises from the model’s reli-
ance on iterative learning, which prioritises only a sub-
set of records for screening rather than reviewing the 
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entire dataset. Additionally, it is important to acknowl-
edge that AI-assisted approaches may not completely 
eliminate biases in study selection, as they still rely on 
human judgment for inclusion or exclusion decisions. 
These concerns align with broader discussions in the lit-
erature about both the potential benefits and inherent 
risks of using AI in evidence synthesis [30]. As techno-
logical advancements in this space continue to outpace 
established methodological frameworks, their adoption 
must be approached with caution and critical reflection. 
To address these challenges in our protocol, we have 
incorporated multiple strategies to optimise the synergy 
between AI tools and human reviewers. Every study 
suggested by the AI model is reviewed by at least two 
individuals to ensure thorough assessment, while stud-
ies rejected by the AI undergo cross-validation using 
two distinct AI models. This layered approach mini-
mises the risk of missing critical evidence while ensur-
ing a balanced and reliable review process.

Despite its current limitations, integrating AI into the 
screening process represents a transformative step forward 
in addressing the challenges posed by the expanding vol-
ume of nursing-related research. By enhancing efficiency, 
reducing the burden of screening and maintaining method-
ological rigour, AI provides a scalable and future-oriented 
solution for systematic reviews. This integration ensures 
that evidence synthesis remains feasible and responsive 
to the growing demands of evidence-based nursing prac-
tice while paving the way for continued methodological 
advancements in research synthesis across disciplines.
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