
Management Review Quarterly
https://doi.org/10.1007/s11301-025-00522-8

Abstract
The integration of artificial intelligence (AI), particularly generative AI (GenAI) 
and large language models (LLMs), into systematic literature reviews (SLRs) repre-
sents a transformative advancement in research methodologies. This paper proposes 
a hybrid framework combining AI’s computational power with the epistemological 
rigor of human expertise, anchored in transparency, validity, reliability, compre-
hensiveness, and reflective agency. Through three interconnected phases—design, 
study collection, and interpretation—the framework employs AI model selection, 
knowledge base curation, and iterative prompt engineering to enhance scalability, 
uncover interdisciplinary connections, and ensure methodological integrity through 
robust human oversight. It addresses key SLR challenges, including handling vast 
datasets, ensuring reproducibility, and maintaining epistemic rigor while leveraging 
advanced AI capabilities. Key innovations include cyclical validation, inter-model 
comparisons, and sensitivity testing to enhance trustworthiness and mitigate bi-
ases. The framework aligns AI processes with ethical standards and research objec-
tives by emphasizing domain-specific LLMs, reliability metrics, and standardized 
reporting protocols. It establishes SLRs as a foundation for advancing knowledge 
in complex, interdisciplinary research landscapes, harmonizing AI efficiency with 
human expertise.
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1  Introduction

Systematic Literature Reviews (SLRs) have long served as a cornerstone of academic 
research, offering a structured approach to synthesizing existing knowledge, identi-
fying research gaps, and advancing theoretical and practical insights. Foundational 
contributions by Webster and Watson (2002) established principles of rigor, transpar-
ency, and reproducibility, which continue to form the methodological backbone of 
SLRs (Aguinis et al. 2023; Block and Fisch 2020; Fisch and Block 2018; Grant and 
Booth 2009; Hiebl 2023; Sauer and Seuring 2023). Subsequent advancements by 
Tranfield et al. (2003) and Denyer and Tranfield (2009) addressed the growing com-
plexities of interdisciplinary research landscapes, while frameworks like PRISMA 
codified best practices for systematic and transparent reviews (Alvesson and Sand-
berg 2020; Else 2023; Grant and Booth 2009; Kraus et al. 2020; Liberati et al. 2009a, 
b; Okoli and Schabram 2010; Snyder 2019). However, despite these methodological 
advancements, the exponential growth of academic publications, the rise of interdis-
ciplinary knowledge production, and the increasing demand for scalability present 
new challenges to traditional SLR methodologies.

However, the emergence of artificial intelligence (AI), particularly generative AI 
(GenAI) and large language models (LLMs), represents a paradigm shift in SLR 
methodologies (Etsenake and Nagappan 2024; Gao et al. 2024; Lorenz et al. 2024; 
Wu et al. 2024). These technologies automate labor-intensive tasks such as literature 
retrieval, thematic synthesis, and citation mapping, significantly enhancing efficiency 
and precision (Alshami et al. 2023; Bolaños et al. 2024; Dwivedi et al. 2023; Vom 
Brocke et al. 2009; von Krogh et al. 2023). AI also enables researchers to uncover 
interdisciplinary connections and synthesize diverse perspectives that traditional 
review methods may overlook (Anthony et al. 2023; Gatrell et al. 2024; Grimes et al. 
2023; Pan et al. 2023). However, integrating AI into SLRs raises critical epistemo-
logical and methodological concerns, particularly regarding reliability, transparency, 
and contextual relevance (Ngwenyama and Rowe 2024; Schlagwein and Willcocks, 
2023; Wach et al. 2023). AI-generated hallucinations—fabricated or misleading out-
puts—pose risks to research integrity and have led to skepticism about the use of AI 
in scholarly inquiry (Schryen et al. 2024; Shaheen et al. 2023; Tingelhoff et al. 2024; 
Wu et al. 2023). As AI adoption increases, recent studies highlight the urgency of 
developing robust validation frameworks to ensure AI-driven methodologies align 
with established academic standards (Aguinis et al. 2018, 2023; Aytug et al. 2012; 
Cronin and George 2023; Glaser et al. 2024; Hiebl 2023; Kunisch et al. 2018; Mees-
Buss et al. 2022; Schryen et al. 2020).

Therefore, this study introduces a hybrid methodological framework that inte-
grates AI’s computational capabilities with the epistemological rigor of human 
expertise. This framework is grounded in five core epistemic principles—transpar-
ency, validity, reliability, comprehensiveness, and reflective agency—ensuring that 
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AI enhances, rather than compromises, the quality and reliability of SLRs (Schryen 
et al. 2015; Kraus et al. 2024; Sharma and Bansal 2023). A central contribution of 
this study is its emphasis on validation mechanisms with humans-in-the-loop, which 
counteract AI hallucinations and reinforce trust in AI-assisted research. Unlike con-
ventional AI-based SLR approaches that focus solely on automation, this framework 
incorporates cyclical validation, inter-model comparisons, and human verification at 
each phase of the review process, ensuring that AI-generated insights remain method-
ologically sound and contextually relevant (Alshami et al. 2023; Benbya et al. 2024; 
Dwivedi et al. 2023).

The framework is operationalized through three interconnected phases—design, 
study collection and selection, and interpretation—which incorporate iterative 
prompt engineering, reliability checks, and sensitivity testing to ensure alignment 
with established research standards (Korzynski et al. 2023; Schlagwein and Will-
cocks, 2023). The framework enhances scalability and interdisciplinary integration 
by automating literature retrieval and thematic synthesis while mitigating biases 
inherent in AI-driven methodologies. Furthermore, this study provides concrete rec-
ommendations for researchers to implement AI-augmented SLRs responsibly, bridg-
ing the gap between automation and epistemological rigor.

This research positions AI as an augmentation tool rather than a substitute for 
human expertise, reinforcing the importance of critical engagement and ethical con-
siderations in AI-assisted reviews (Bouschery et al. 2023; Ngwenyama and Rowe 
2024). Ethical concerns such as algorithmic opacity, bias, and the credibility of AI-
generated outputs are explicitly addressed within the framework, promoting respon-
sible AI use in academic research (Hiebl 2023; Kulkarni et al. 2024; Schryen et al. 
2024; Shaheen et al. 2023). By contributing to the ongoing scholarly discourse on AI 
in research methodologies, this study offers a structured and empirically grounded 
approach to integrating AI into systematic reviews while preserving methodological 
rigor and fostering interdisciplinary collaboration (Anthony et al., 2023; Gatrell et al. 
2024; Grimes et al. 2023; Lorenz et al. 2024; Sauer and Seuring 2023). Ultimately, 
this framework enables researchers to navigate the complexities of contemporary 
research environments, ushering in an era of efficient, ethical, and epistemologically 
sound interdisciplinary studies.

2  Epistemological background for SLRs

A sound understanding of the epistemological background is crucial for successfully 
integrating AI within the SLR process. This understanding will serve as a guiding 
framework, ensuring that AI is employed to enhance, rather than compromise, the 
core scientific objectives of SLRs. A sound understanding of epistemology is fun-
damental to the rigor and credibility of SLRs (Berghofer 2022; Sharma and Bansal 
2023). Epistemology, the study of knowledge and its acquisition, provides a founda-
tion for assessing how evidence is collected, analyzed, and interpreted in academic 
research (Aguinis and Solarino 2019; Kunisch et al. 2023). SLRs are a cornerstone of 
knowledge synthesis, ensuring that research findings are comprehensive, replicable, 
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and theoretically and methodologically robust (Gibbert and Ruigrok 2010; Köhler et 
al. 2022).

Three dominant epistemological traditions in management and organizational 
research—empiricism, rationalism, and constructivism—have shaped literature 
reviews (Audi and Goldman 1989; Aytug et al. 2012; Harley and Cornelissen 2022; 
Pratt et al. 2022). Empiricism emphasizes objective observation and systematic 
evidence collection (Aguinis et al. 2011), rationalism highlights logical reasoning 
and coherence in knowledge synthesis (Mees-Buss et al. 2022), and constructiv-
ism underscores the role of interpretation in shaping research insights (Antons et al. 
2023). These traditions provide a philosophical grounding for how SLRs should be 
structured, validated, and interpreted (Villiger et al. 2022).

To ensure methodological rigor and epistemic consistency in SLRs, we propose a 
framework based on five key principles: transparency, validity, reliability, compre-
hensiveness, and reflective agency (Aguinis et al. 2023; Köhler et al. 2022). These 
principles are not arbitrarily chosen but are grounded in established methodological 
scholarship (Aguinis et al. 2018, 2023; Choi 2018; Gond et al. 2023; Hofer 2017; 
Williams et al. 2021) and serve as theoretical safeguards for producing credible 
and reproducible reviews (Breslin and Gatrell 2023; Harley and Cornelissen 2022). 
The following sections elaborate on these principles, justify them, and explore their 
implications for AI-augmented SLRs.

2.1  Transparency

Transparency is a foundational principle of SLRs, ensuring that each stage of the 
review process is explicitly documented, reproducible, and subject to scrutiny (Agui-
nis et al. 2011, 2023; Block and Fisch 2020; Hiebl 2023; Kunisch et al. 2023). This 
principle mandates transparent reporting on search criteria, study selection, inclu-
sion and exclusion decisions, and data extraction methods to allow other researchers 
to replicate and validate findings (Almotahari and Glick 2010; Duan et al. 2019; 
Köhler et al. 2022; Usberti 2019; Zupic and Čater 2015). A transparent review pro-
cess requires explicit methodological documentation of how literature is searched, 
classified, and synthesized (Harley and Cornelissen 2022; Pratt et al. 2022). Without 
transparency, reproducibility is compromised, making it difficult for future research-
ers to build upon or verify the findings presented (Schryen et al. 2015).

Frameworks such as PRISMA (Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses) and RAMESES (Realist and Meta-narrative Evidence Synthe-
ses: Evolving Standards) provide standardized reporting guidelines that reinforce 
the role of transparency in ensuring scientific rigor (Aguinis et al. 2018; Köhler et 
al. 2022; Liberati et al. 2009a, b). Additionally, transparency extends beyond proce-
dural documentation to theoretical positioning, where scholars must explicitly state 
their assumptions, conceptual definitions, and methodological choices (Aguinis et al. 
2023; Lorenz et al. 2024; Schryen et al. 2024). This level of clarity strengthens the 
credibility of synthesized knowledge and supports an open and verifiable research 
process (Aytug et al. 2012; Kraus et al. 2020; Villiger et al. 2022).
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2.2  Validity

Validity in SLRs ensures that the review process and findings accurately reflect the 
research question and theoretical objectives (Aguinis and Solarino 2019; Kunisch et 
al. 2023). In methodological scholarship, validity is commonly divided into inter-
nal and external, crucial for literature reviews (Köhler et al. 2022; Mees-Buss et al. 
2022). Internal validity concerns the credibility of included studies and the robust-
ness of their theoretical and empirical claims (Breslin and Gatrell 2023; Pratt et al. 
2022). Ensuring that the studies reviewed are methodologically rigorous is vital, as 
flawed research design or weak empirical evidence can compromise the theoretical 
conclusions drawn (Harley and Cornelissen 2022).

Conversely, external validity addresses the generalizability of findings, deter-
mining whether the synthesized literature applies beyond the specific context of the 
review (Aguinis et al. 2023; Hiebl 2023; Shaheen et al. 2023). This requires assessing 
whether the selected studies’ scope, diversity, and representativeness support broad 
theoretical claims (Bobko et al. 2007; Köhler et al. 2022; Kunisch et al. 2018, 2023). 
To maintain validity, SLRs often employ methodological triangulation, cross-vali-
dating sources and findings to ensure coherence between theoretical perspectives and 
empirical insights (Breslin and Gatrell 2023; Schryen et al. 2015, 2020).

2.3  Reliability

Reliability refers to the consistency of the review process, ensuring that independent 
researchers conducting the same SLR would reach comparable findings (Gibbert and 
Ruigrok 2010; Köhler et al. 2022; Pollock 1984). Achieving reliability requires the 
application of structured methodologies, such as systematic search strategies, pre-
defined coding schemes, and intercoder agreement procedures (Aguinis et al. 2023; 
Locke et al. 2022; Pratt 2008). By codifying literature selection processes, scholars 
can minimize subjectivity and establish a consistent basis for including or excluding 
studies (Schryen et al. 2015, 2024).

Reliability also depends on replicability tests, where multiple independent 
searches using identical criteria validate the robustness of findings (Mees-Buss et al. 
2022; Villiger et al. 2022). When combined with transparency, reliability enhances 
cumulative knowledge building, ensuring that future research can build upon a stable 
and replicable body of literature (Aguinis et al. 2023; Bonett and Wright 2014; Madill 
et al. 2000; Pratt et al. 2022). Reliability gains importance in the context of non-
deterministic methods like using LLM and GenAI. We will expand on this during 
the paper.

2.4  Comprehensiveness

Comprehensiveness ensures that an SLR captures the full breadth of relevant lit-
erature, distinguishing it from narrative reviews prone to selective biases (Clark 
et al. 2021; Köhler et al. 2022; Williams et al. 2021). A thorough literature search 
must incorporate diverse sources, including peer-reviewed journal articles, theoreti-
cal advancements, and empirical contributions (Antons et al. 2023; Berghofer 2022; 
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Sauer and Seuring 2023; Zupic and Čater 2015). Theoretical inclusivity is also essen-
tial, as integrating perspectives from multiple paradigms within a research domain 
strengthens the depth and breadth of insights generated (Adams et al. 2017; Hiebl 
2023; Mees-Buss et al. 2022).

Comprehensiveness also reinforces an SLR’s reliability and reproducibility 
(Sharma and Bansal 2023). A transparent and detailed account of study selection and 
synthesis criteria ensures that future researchers can replicate the review process and 
validate its conclusions (Aguinis et al. 2023; Cronin and George 2023; Gond et al. 
2023; Köhler et al. 2022; Williams et al. 2021).

2.5  Reflective agency

Reflective agency highlights the active role of researchers in shaping the review 
process, interpreting findings, and refining theoretical contributions (Kunisch et al. 
2023; Madill et al. 2000; Pratt 2008; Zagzebski 2020). Scholars must critically evalu-
ate methodological trade-offs, ensuring that inclusion criteria align with the over-
arching research goals (Aguinis et al. 2023; Duan et al. 2019; Köhler et al. 2022). 
This process requires epistemic reflexivity, where researchers remain aware of their 
biases, theoretical assumptions, and interpretative choices (Harley and Cornelissen 
2022; Mees-Buss et al. 2022).

Reflective agency is vital in theory-building through SLRs, where different schol-
ars might derive distinct theoretical insights from the same body of literature (Alavi 
et al. 2024; Hoon 2013; Schryen et al. 2015; Simsek et al. 2023). Ensuring self-
awareness and methodological integrity strengthens the epistemological soundness 
of SLRs and enhances their contribution to management research (Aguinis and Sola-
rino 2019; Aytug et al. 2012; Benbya et al. 2024; Choi 2018; Köhler et al. 2022).

Critical thinking, interpretation, ethical considerations, and contribution to dis-
course are essential for an SLR project. Reflective agency thus complements the other 
epistemological principles of transparency, validity, reliability, and comprehensive-
ness. While these principles ensure that the review process is rigorous, unbiased, and 
thorough, the reflective agency highlights the indispensable role of the researchers’ 
critical thinking and judgment (Hofer 2017). By incorporating a reflective agency, 
SLRs can achieve higher intellectual creativity and science (Ameen et al. 2022). It 
ensures that the review is not just a mechanical aggregation of existing studies but 
a thoughtful and meaningful contribution to the body of knowledge (Lorenz et al. 
2024; Ngwenyama and Rowes, 2024).

3  Traditional methodological framework for SLRs

SLRs are integral to academic research, enabling the synthesis of existing knowl-
edge, identifying research gaps, and generating theoretical and practical insights. 
This methodological framework traditionally comprises three phases: (i) planning 
and formulating research questions, (ii) searching and screening relevant literature, 
and (iii) analyzing, synthesizing, and reporting findings (Hiebl 2023; Sauer and Seur-
ing 2023; Snyder 2019). These phases ensure rigor and relevance, providing a robust 
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foundation for scholarly inquiries and addressing practical challenges. This section 
explores traditional SLR methodologies while setting the stage for their evolution 
through the integration of generative AI (Alavi et al. 2024; Benbya et al. 2024; End-
rigo Sordan et al. 2024; Farrelly and Baker 2023; Najafi et al., 2023).

3.1  Core phases in SLRs

3.1.1  Planning and formulating research questions

The planning phase establishes the scope and objectives of an SLR, serving as the 
foundation for methodological rigor. Well-formulated research questions align the 
review process with theoretical priorities and practical relevance, ensuring transpar-
ency, validity, and comprehensiveness (Tranfield et al. 2003). This phase involves 
developing theoretical frameworks to provide structure and context for the inquiry, as 
Denyer and Tranfield (2009) and Eisenhardt (1989) highlighted. Grounding research 
in empirical observations enhances its practical applicability (Baškarada 2014). 
Additionally, engaging in the academic community ensures alignment with current 
trends and increases the review’s impact (Kumar et al. 2024). PICO (Population, 
Intervention, Comparison, Outcome) and SPIDER (Sample, Phenomenon of Interest, 
Design, Evaluation, Research Type) are primarily used to structure research ques-
tions in evidence-based research, particularly in medicine and the social sciences. 
However, these frameworks also serve as a tool for operationalizing research ques-
tions by guiding the development of search strategies in systematic reviews. Sys-
tematically defining key terms and inclusion criteria helps ensure conceptual clarity 
and comprehensive coverage in database searches (Grant and Booth 2009). The itera-
tive nature of this process, underscored by Fisch and Block (2018), requires clarity 
and adaptability, while advancements in AI tools like ChatGPT and Llama enhance 
efficiency by synthesizing literature and identifying research gaps, reducing time-
intensive efforts (Alshami et al. 2023; Anderson et al. 2023; Deepa et al. 2024).

3.1.2  Searching and screening literature

The second phase systematically identifies and selects relevant literature, ensuring 
comprehensiveness and reliability in the review process. PRISMA guidelines play 
a critical role in promoting transparency and reproducibility by requiring rigorous 
selection process documentation (Liberati et al. 2009a, b). Automation tools, includ-
ing databases like Scopus and Web of Science, combined with AI-driven search algo-
rithms, improve efficiency and ensure inclusiveness (Chintalapati and Pandey 2022). 
AI advancements streamline this phase by automating keyword searches, categoriz-
ing data, and uncovering interdisciplinary connections, addressing the challenges of 
comprehensiveness in traditional reviews (Alshami et al. 2023; Benbya et al. 2024; 
Bolaños et al. 2024; Schryen et al. 2024). These technologies reduce bias and the 
labor intensity of manual screening (Pan et al. 2023). Block and Kuckertz (2024) 
emphasize that AI-driven methodologies transform traditional practices, enabling 
researchers to manage large datasets while maintaining methodological rigor.
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3.1.3  Analyzing, synthesizing, and reporting

The final phase focuses on extracting insights, synthesizing findings, and presenting 
them in a structured and reflective manner. Thematic synthesis is commonly used 
to organize findings into coherent themes, providing clarity and comprehensiveness 
(Webster and Watson 2002). Reflective synthesis further contextualizes findings 
within broader theoretical and practical frameworks, ensuring validity and relevance 
(Denyer and Tranfield 2009). AI tools enhance this phase by automating thematic 
clustering and generating predictive insights, facilitating nuanced analysis and the 
identification of novel research directions (Deepa et al. 2024). Hybrid models inte-
grating AI with traditional methodologies can enrich the reporting process (Block 
and Kuckertz 2024; Tingelhoff et al. 2024). These innovations align with the prin-
ciple of reflective agency by enabling dynamic and impactful reporting, supported 
by AI visualization tools that engage diverse audiences effectively (Alavi et al. 2024; 
Benbya et al., 2024; Bilgram and Laarmann 2023; Locke et al. 2022; Reyes-Menen-
dez et al. 2023).

3.2  Bridging to AI-augmented systematic reviews

Generative AI tools address critical gaps in traditional SLR methodologies by 
enhancing comprehensiveness, reducing bias, and enabling reflective synthesis (Far-
relly and Baker 2023). These tools facilitate identifying interdisciplinary connections 
and improve objectivity through algorithmic processes (Grimes et al. 2023; Pan et al. 
2023). However, the role of human cognition remains pivotal, ensuring that AI out-
puts align with nuanced research objectives and retain contextual relevance (Bousch-
ery et al. 2023; Dwivedi et al. 2023; Lu 2019; Zhang and Lu 2021).

Researchers act as “prompters” in the AI-augmented review process, guiding the 
application of these tools to maintain methodological integrity. They define goals 
that align with theoretical and practical priorities (Tranfield et al. 2003). Validation of 
outputs requires researchers to apply critical scrutiny and cross-reference findings to 
safeguard scholarly rigor (Block and Kuckertz 2024; Noy and Zhang 2023). More-
over, researchers synthesize AI-driven patterns into robust theoretical and practical 
frameworks, emphasizing the collaborative nature of AI-human integration (Anthony 
et al. 2023; Simsek et al. 2023). AI-augmented methodologies enhance the traditional 
contributions of literature reviews by introducing scalability and interdisciplinarity 
while maintaining critical oversight (Alavi., et al., 2024; Bolaños et al. 2024; Sharma 
and Bansal 2023). Schryen et al. (2015) outlined six key pathways of contribution. 
These pathways can be advanced significantly through AI integration.

First, AI-driven thematic analyses and clustering reveal patterns often overlooked 
in manual reviews, with researchers contextualizing these findings within broader 
epistemological frameworks to ensure their relevance (Bolaños et al. 2024). Sec-
ond, generative AI identifies relationships across disparate fields, fostering reinter-
pretations of existing knowledge, while researchers critically evaluate and integrate 
these insights to maintain epistemic validity (Gatrell et al. 2024; Grimes et al. 2023). 
Third, AI facilitates the synthesis of meta-knowledge, expanding theoretical bound-
aries under the guidance of researchers to ensure coherence and originality in newly 
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emerging frameworks (Dwivedi et al. 2023). Fourth, AI-powered meta-analyses pro-
vide tools for validating and refining existing theories, with researchers safeguarding 
the empirical and theoretical rigor of the findings (Aguinis and Solarino 2019; Deepa 
et al. 2024; Kunisch et al. 2023). Fifth, AI algorithms highlight research gaps by iden-
tifying inconsistencies and unexplored areas, enabling actionable inquiries, while 
researchers provide oversight to ensure these gaps align with scholarly priorities 
(Pan et al. 2023). Lastly, AI supports the development of forward-looking research 
agendas, with researchers ensuring these pathways are significant and actionable 
within the academic discourse (Aguinis et al. 2023; Kumar et al. 2024; Maaravi et 
al. 2020; Reyes-Menendez et al. 2023). Integrating AI’s computational strengths 
with researchers’ intellectual oversight enhances SLRs’ rigor, interdisciplinarity, and 
impact, marking a substantial advancement in academic research methodologies.

3.2.1  Comparison of literature review approaches

Traditional methodologies excel in rigor and transparency but are limited in scalabil-
ity and interdisciplinarity (Alvesson and Sandberg 2020; Rammal 2023; Redondo-
Rodríguez et al. 2024; Tranfield et al. 2003). AI-augmented approaches address these 
limitations by automating labor-intensive processes and uncovering hidden patterns 
(Dwivedi et al. 2023; Haenlein and Kaplan 2019; Maaravi et al. 2020; Tingelhoff et 
al. 2024). Hybrid methodologies combine these strengths, advancing epistemological 
rigor and practical relevance (Bolaños et al. 2024; Block and Kuckertz 2024; Schryen 
et al. 2024).

The hybridization of methodologies allows the integration of diverse approaches 
(see Table 1).

The hybrid SLR methodology combines traditional systematic review practices 
with generative AI innovations to address methodological gaps while adhering to 
transparency, reproducibility, validity, and community engagement principles. Inte-
grating established rigor with AI-driven capabilities enhances efficiency, scalability, 
and adaptability without compromising methodological integrity. This approach inte-
grates the structured rigor of systematic reviews (Denyer and Tranfield 2009; Kitch-
enham 2004) with AI’s rapid data processing and synthesis capabilities (Dwivedi et 
al. 2023), enabling comprehensive analyses with incredible speed and precision. It 
utilizes AI to identify contradictions and gaps in theoretical frameworks, advancing 
reflexive and innovative insights (Lindebaum and Fleming 2024). Additionally, it 
builds on Kraus et al. (2020) by synthesizing qualitative and quantitative evidence 
through AI-driven cross-domain analysis, ensuring a balanced and holistic under-
standing of research phenomena.

By combining the flexibility of narrative reviews (Snyder 2019) with AI-driven 
clustering and thematic analysis (Webster and Watson 2002), the hybrid SLR allows 
for real-time adaptation to evolving themes and interdisciplinary insights. Further-
more, it enhances the reflective synthesis process of traditional reviews by leverag-
ing AI to uncover interdisciplinary connections and emerging themes (Bolaños et al. 
2024; Locke et al. 2022; Maaravi et al., 2021; Schryen et al., 2024).
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Approach Key Features Advantages Limitations Innovations in Hybrid SLR
Concept-
Centric 
Review

Focuses on themes, 
concepts, and 
theoretical frame-
works (Webster and 
Watson 2002).

Provides clarity 
by categorizing 
research into 
distinct themes and 
concepts.

Can overlook 
interconnections 
and emergent 
relationships be-
tween concepts.

AI-driven clustering and 
thematic analysis uncover 
latent patterns and inter-
disciplinary connections 
(Bolaños et al. 2024; 
Dwivedi et al. 2023).

Problem-
Centric 
Review

Challenges theo-
retical assumptions 
through problema-
tization (Alvesson 
and Sandberg 
2020).

Encourages 
critical thinking, 
reflexivity, and 
innovative theory 
development.

Relies heavily 
on researcher 
expertise and 
interpretation; 
time-intensive 
process.

AI tools identify contra-
dictions and tensions in 
theoretical frameworks to 
support targeted problema-
tization and hypothesis 
generation (Tingelhoff et 
al. 2024).

Systematic 
Literature 
Review

Structured, 
replicable process 
with predefined 
inclusion criteria 
(Denyer and Tran-
field 2009; Liberati 
et al. 2009a, b).

Ensures rigor, 
transparency, and 
reproducibility 
through detailed 
documentation 
and replicable 
methodologies.

Labor-intensive 
and less adaptive 
to rapidly emerg-
ing or interdisci-
plinary themes.

AI automates large-scale 
data retrieval, synthesis, 
and iterative updates, 
improving efficiency while 
maintaining transparency 
(Block and Kuckertz 2024; 
Dwivedi et al. 2023).

Narrative 
Review

Provides a broad 
overview of a field 
or topic (Snyder 
2019).

Flexible and in-
corporates diverse 
perspectives, en-
abling comprehen-
sive overviews.

Subjective 
interpretations 
can result in 
inconsistencies 
and lack method-
ological rigor.

AI-generated narra-
tive summaries enhance 
structure, reduce bias, and 
streamline narrative syn-
thesis (Mariani et al. 2023; 
Tingelhoff et al. 2024).

Mixed 
Methods 
Review

Combines qualita-
tive and quantita-
tive evidence for 
holistic insights 
(Kraus et al. 2020).

Integrates nu-
merical trends with 
in-depth thematic 
insights, balancing 
breadth and depth 
of analysis.

Requires ex-
pertise in both 
methodologies; 
synthesis can be 
challenging with-
out extensive 
training.

AI-augmented synthesis 
enables scalable integra-
tion of mixed-method data, 
ensuring methodological 
coherence and actionable 
insights (Amoozad Mahdi-
raji et al. 2023; Lee 2021).

Generative 
AI-Aug-
mented 
Review

Leverages AI to 
synthesize and 
summarize large 
datasets, iden-
tifying patterns 
(Dwivedi et al. 
2023; Bolaños et 
al. 2024).

Enhances ef-
ficiency and scal-
ability, uncovering 
patterns across 
large and complex 
datasets.

Risk of over-
reliance on 
automation; 
potential bi-
ases in AI-driven 
selection and 
interpretation.

Extends AI capabilities for 
abductive reasoning and 
iterative theory-building 
processes, integrating 
human validation for 
rigor (Prikshat et al. 2023; 
Tingelhoff et al. 2024).

Practical 
Review

Focused on action-
able recommen-
dations bridging 
theory and practice 
(Fisch and Block 
2018).

Effectively trans-
lates research into 
practice-relevant 
insights, address-
ing real-world 
challenges.

Risk of over-
simplification, 
potentially com-
promising depth 
of theoretical 
insights.

AI automates generation of 
actionable recommenda-
tions while linking findings 
to broader theoretical 
frameworks (Block and 
Kuckertz 2024).

Table 1  Hybridization of literature review methodologies
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This hybrid approach advances literature review methodologies (Block and Kuck-
ertz 2024), offering a robust framework to tackle complex, interdisciplinary research 
challenges while maintaining academic rigor and relevance (see Table 1).

4  Key levers for authors using LLMs in SLRs

The various forms of AI have significant potential in SLRs, offering potent enhance-
ments in efficiency, accuracy, and scalability (Dwivedi et al. 2023; Tingelhoff et al. 
2024). In this context, let us first explore a fundamental distinction between differ-
ent types of AI and highlight the critical role of LLMs in SLRs. AI systems can be 
broadly categorized into rule-based and probabilistic models. Rule-based AI operates 
on predefined rules and logic, making decisions based on explicit instructions. These 
systems are highly transparent, explainable, and predictable but can be limited in 
handling complex, unstructured data (Adadi and Berrada, 2018). In contrast, proba-
bilistic AI relies on statistical methods to make predictions and decisions (Nguyen 
et al. 2019). These models, including LLMs and many other machine learning (ML) 
algorithms, learn from data and can adapt to new information (Cai et al. 2023; Kas-
neci et al. 2023; Tapeh and Naser 2022). While they are more flexible and powerful 
in dealing with complex datasets, their decision-making processes are less transpar-
ent and explainable (Ge et al., 2024; Lê and Schmid 2022; Sharma and Bansal 2023; 
Wach et al. 2023).

LLMs have revolutionized the field of natural language processing (NLP) and 
have significant implications for SLRs (Kasneci et al. 2023). LLMs can process and 
generate human-like text, making them invaluable for various stages of the SLR pro-
cess, including literature search, data extraction, and summarization and synthesis 
(Li and Li 2024; Porsdam Mann et al. 2023; Sumbal et al. 2024). Despite their advan-
tages, integrating LLMs into SLRs must be approached with caution. Ensuring the 
accuracy and reliability of LLM-generated outputs, maintaining transparency, and 
addressing ethical considerations are paramount (Davison et al. 2024; Lorenz et al. 
2024; Lund et al. 2023; Wu et al. 2024).

Against this background, it becomes clear that using LLMs in SLRs is promising 
and challenging. To unlock the potential and overcome the challenges, authors must 
first know how to interact with an LLM (Thorp 2023). Researchers have three pri-
mary ‘levers’ within their sphere of influence: the choice of the AI model and appli-
cation, the knowledge base used to fine-tune the model, and the prompt given to the 

Approach Key Features Advantages Limitations Innovations in Hybrid SLR
Technolo-
gy-Driven 
Review

Explores the 
role of technol-
ogy in advancing 
methodologies and 
identifying research 
opportunities 
(Tingelhoff et al. 
2024).

Facilitates rapid 
identification of 
patterns, trends, 
and gaps, especial-
ly in technology-
intensive domains.

Requires exper-
tise in AI tools 
and additional 
oversight to en-
sure accurate and 
comprehensive 
synthesis.

Interactive researcher-
AI collaboration fosters 
iterative problem-solving 
and contextual adaptation, 
enhancing methodological 
flexibility and interdisci-
plinary research (Anthony 
et al. 2023; Grimes et al. 
2023; Mariani et al. 2023).

Table 1  (continued) 
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LLM (Korzynski et al. 2023). These elements significantly impact the effectiveness 
and reliability of AI in the SLR process (Hiebl 2023; von Krogh et al. 2023).

The first lever is the selection of the AI model and its application. Different AI 
models offer varying capabilities and strengths, making the choice of model crucial 
for the specific needs of an SLR (Anthony et al. 2023; Glaser et al. 2024). Most 
researchers are aware of the mainstream models like GPT, Gemini, LlaMA, Claude. 
or MISTRAL, but tens of thousands of models are available on the platform ‘Hug-
ging Face’ (Hugging Face, n.d.). Choosing one or multiple AI models therefore is an 
important step (Nazir and Wang 2023). LLMs have shown particular promise in SLRs 
due to their ability to process and generate text. These models can automate literature 
searches, screen abstracts, and even assist in data extraction and synthesis (Alavi et 
al. 2024; Tingelhoff et al. 2024; Wittenborg et al. 2024). The choice of model and the 
application environment through which it is accessed should align with the specific 
requirements of the review, considering factors such as the complexity of the data, 
the need for transparency, and the desired level of automation.

The second lever is the knowledge base used to ‘fine-tune’ the AI model. Fine-
tuning involves training the foundational model on a specific dataset to enhance per-
formance on particular tasks. The quality and relevance of the knowledge base are 
critical, as they directly influence the model’s accuracy and reliability (Hiebl., 2023; 
Villiger et al. 2022; Williams et al. 2021). For example, fine-tuning an LLM on a 
dataset of journal articles selected with a specific search term can make it possible to 
screen and extract relevant content (Hayden et al. 2024). Selecting a comprehensive 
and high-quality knowledge base ensures that the AI model is well-equipped to han-
dle the specific nuances and requirements of the SLR (Anthony et al. 2023; Grimes et 
al. 2023; Simsek et al. 2023). This process can involve curating datasets from repu-
table sources, ensuring diversity in the data to cover various aspects of the research 
topic (Aguinis et al. 2023; Glaser et al. 2024; Hiebl 2023; Kulkarni et al. 2024).

The third lever is the prompt given to the AI model. Prompt engineering involves 
crafting specific instructions or queries that guide AI in generating the desired output. 
The effectiveness of AI in SLRs can be significantly enhanced by developing precise 
and contextually relevant prompts (Korzyński et al., 2023; Robledo et al. 2021). For 
instance, prompts can be designed to focus the AI on identifying key themes, extract-
ing specific data points, or coherently summarizing findings (Aguinis et al. 2023; 
Kraus et al. 2024; Redondo-Rodríguez et al. 2024; Schryen et al. 2024; Wang et al. 
2023).

By strategically leveraging these three elements – choice of AI model and appli-
cation, knowledge base for fine-tuning, and prompt engineering – authors can 
enhance the efficiency, accuracy, and reliability of AI in systematic literature reviews 
(Korzyński et al., 2023; Kunisch et al. 2023; Sharma and Bansal 2023). These levers 
provide framework elements for effectively integrating AI into the SLR process, 
ensuring that the technology is a valuable tool in advancing research.

Figure 1 visualizes the AI-augmented research cycle. The cycle begins with the 
researcher, who leverages their expertise to guide the overall direction of the process. 
The researcher provides essential inputs, including a curated set of papers as the 
knowledge base and carefully crafted prompts to direct the AI models. One or mul-
tiple AI models process these inputs, which utilize the knowledge base and respond 
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to the prompts with relevant information and insights (Marchionini 2008). The AI 
models generate responses based on the prompts, which the researcher then reviews 
and analyzes. This dynamic interaction between the researcher and AI enhances the 
efficiency and depth of various steps in systematic literature reviews, creating a con-
tinuous loop of input, processing, and response (see Fig. 1). The following section 
will show how this translates into a consistent framework for AI-augmented SLRs.

5  Framework for AI-augmented SLRs

This section presents a comprehensive and methodologically rigorous framework for 
incorporating AI into the SLR process. It sets it apart by addressing established meth-
odologies and emerging challenges. The framework integrates cutting-edge advance-
ments in AI while embedding critical epistemological principles, ensuring that the 
scholarly rigor of traditional SLRs is not compromised but enhanced.

By combining technological sophistication with methodological robustness, this 
framework contributes uniquely to the evolving landscape of SLR methodologies 
(Dell’Acqua et al., 2023; Mollick 2024). The framework comprises five interrelated 
stages: choice of AI model, integration of a domain-specific knowledge base, iterative 
prompt engineering, validation of outputs, and employment to the research question 
at hand (see Fig. 2). Each stage addresses critical methodological and epistemologi-
cal challenges, balancing technological capabilities and scholarly rigor.

The first stage, the choice of an AI model, involves systematically landscaping 
available tools, followed by their evaluation based on predefined criteria (see Fig. 2). 
These criteria include domain specificity, adaptability, performance metrics such as 
sensitivity and precision, and compatibility with the intended research objectives. For 
instance, while general-purpose models like GPT-4 offer robust capabilities, special-
ized models such as PubMedBERT or ClinicalBERT demonstrate superior perfor-

Fig. 1  Augmenting Cognition with AI. 
Source: Authors (2025)
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mance in niche areas like medical literature reviews (Alavi et al. 2024; Alshami et 
al. 2023; Benbya et al. 2024; Dwivedi et al. 2023; Nazir and Wang 2023; O’Connor 
2022). This stage ensures the chosen model’s alignment with the study’s contextual 
and methodological requirements, enhancing relevance and rigor. LLMs like GPT-
4, along with specialized variants such as PubMedBERT and ClinicalBERT, have 
demonstrated significant efficacy in tasks such as title and abstract screening, as well 
as thematic clustering, particularly within domain-specific contexts (Alshami et al. 
2023; Dehouche 2021; Dergaa et al. 2023; Li and Li 2024; Lindebaum and Fleming 
2024; Shen et al. 2023). This evaluation emphasizes domain relevance, ensuring that 
the selected model aligns with the contextual requirements of the research. Addi-
tionally, fine-tuning pre-trained models with domain-specific datasets enhances their 
relevance and applicability (Anthony et al. 2023; Bolaños et al. 2024; Choudhary et 
al. 2023; Gao et al. 2024; Gatrell et al. 2024).

The second stage involves integrating a curated knowledge base, the foundation 
for model optimization. The quality and scope of this knowledge base are determined 
through stringent selection criteria, including the relevance of included datasets to the 
research objectives, their methodological rigor, and their alignment with the episte-
mological principles underlying the SLR. High-quality datasets are carefully chosen 
to refine the AI model’s performance, ensuring that outputs are reliable and contextu-
ally relevant (Benbya et al. 2024; Tingelhoff et al. 2024).

This meticulous curation process not only enhances the alignment of AI-generated 
insights with research goals but also ensures that the methodological integrity of 
the SLR is upheld. Integrating well-defined and high-quality datasets is critical in 
refining AI’s performance, ensuring that outputs align with specified research objec-
tives. This process requires careful selection of datasets based on relevance, meth-
odological rigor, and domain-specific applicability (Dwivedi et al. 2019; Schryen et 
al. 2024). For instance, integrating datasets curated for medical research has signifi-
cantly enhanced AI outputs’ precision and contextual reliability, making them more 
effective for systematic literature reviews. Prompt engineering plays a pivotal role 

Fig. 2  Three AI Validation Iterations.
Source: Authors (2025)
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here, enabling researchers to craft precise and contextually relevant instructions that 
guide AI processes. Advanced tools such as LangChain facilitate the seamless inte-
gration of prompts with AI models, optimizing their output quality (Alshami et al. 
2023).

The third and fourth stages—iterative prompt engineering and validation—are 
structured as cyclical processes to maximize flexibility and ensure the continual 
refinement of AI outputs. This cyclical design is preferred over sequential steps due 
to its inherent adaptability and responsiveness to real-time feedback. Unlike linear 
methodologies, a cyclical approach enables iterative refinements that dynamically 
address emerging inconsistencies or gaps, thereby enhancing AI-generated out-
puts’ precision and contextual relevance (Haenlein and Kaplan 2019; Tingelhoff et 
al. 2024). For example, in a non-deterministic generative AI environment, iterative 
cycles allow researchers to fine-tune prompts and validate the outputs continuously, 
ensuring alignment with evolving research objectives (Anthony et al. 2023; Davison 
et al. 2024; Farrelly and Baker 2023). This adaptability is particularly advantageous 
in interdisciplinary research contexts, where diverse datasets and methodologies 
demand frequent adjustments to maintain methodological rigor and epistemological 
integrity. By revisiting and fine-tuning prompts iteratively, researchers can enhance 
the alignment of AI-generated outputs with the research objectives, promptly address-
ing emerging inconsistencies or gaps.

This iterative process is particularly effective for tackling the non-deterministic 
nature of generative AI models, ensuring that output remains consistent, reliable, 
and contextually relevant (Farrelly and Baker 2023). The cyclical approach also inte-
grates human oversight at every loop, blending computational efficiency with the 
critical judgment necessary for maintaining methodological rigor and epistemologi-
cal integrity. This design enhances the accuracy of AI-augmented SLRs and fosters 
a deeper engagement with the complexities of interdisciplinary research landscapes. 
Prompt engineering involves iterative testing and refinement, enabling researchers 
to optimize model outputs through continuous adjustment. Validation ensures the 
reliability, reproducibility, and methodological rigor of AI-augmented processes. 
Inter-model comparisons and sensitivity testing ensure methodological rigor in AI-
augmented SLRs. These processes minimize false negatives and enhance accuracy 
by leveraging cross-validation techniques across AI models.

For instance, inter-model validation allows researchers to identify discrepancies 
by comparing outputs from various models, thereby addressing biases inherent in 
individual algorithms. Sensitivity testing further examines the robustness of AI out-
puts by systematically varying input parameters to assess their impact on results. 
These methods are particularly effective in highlighting inconsistencies and ensuring 
that the findings remain reliable and contextually relevant. Empirical studies have 
demonstrated the efficacy and reliability of this approach, with sensitivity metrics 
ranging between 89% and 98% in diverse applications (Alshami et al. 2023; Dwivedi 
et al. 2023; Gao et al. 2024; Kharawala et al. 2024; Mariani et al. 2023; Tingelhoff et 
al. 2024). Researchers can maintain the review process’s epistemological integrity by 
integrating inter-model comparisons with human oversight while leveraging AI tools’ 
computational efficiency (Block and Kuckertz 2024; Lorenz et al. 2024; Schlagwein 
and Willcocks, 2023). Moreover, human oversight remains indispensable, integrating 
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computational insights with contextual expertise to maintain epistemological integ-
rity (Aguinis et al. 2023; Block and Kuckertz 2024; Glaser et al. 2024; Grimes et al. 
2023; Hiebl 2023; Lee, 2021; Ngwenyama and Rowe 2024; Schlagwein and Will-
cocks, 2023; Simsek et al. 2023; Stokel-Walker, 2023).

A key innovation in this framework is the iterations validation system. This 
approach includes inter-model validation—where outputs from different AI models 
are cross-validated for consistency—and intra-model validation—where iterative 
prompt adjustments refine a single model’s output. This dual approach addresses the 
challenges posed by the non-deterministic nature of generative AI, providing a robust 
mechanism for ensuring reliability and reproducibility (Pan et al. 2023).

The final stage involves deploying the refined AI-augmented workflow for study 
collection, selection, synthesis, and communication. AI tools significantly reduce 
manual effort while maintaining high methodological standards by automating labor-
intensive tasks like citation mapping, thematic clustering, and narrative synthesis 
(Hiebl 2023; Snyder 2019). Empirical evidence suggests that these tools can reduce 
workloads by over 90%, facilitating rapid yet thorough analyses (Alshami et al. 2023; 
Kharawala et al. 2024). Thematic clustering capabilities further enhance the synthe-
sis of actionable insights, particularly in interdisciplinary research contexts (Gatrell 
et al. 2024; Grimes et al. 2023; Kraus et al. 2020).

This framework represents a transformative approach to SLRs by offering a robust 
methodology that bridges AI’s computational strengths with human judgment’s intel-
lectual rigor and contextual sensitivity (Choudhary et al. 2023). It prioritizes scal-
ability, interdisciplinarity, and the synthesis of diverse knowledge streams, making 
it particularly relevant for complex research domains like management and organi-
zational studies (Mariani et al. 2023; Mariani and Wirtz 2023; Reyes-Menendez et 
al. 2023). The practical implications of this framework include enhanced accuracy, 
reduced workload, and improved methodological rigor, which enable researchers to 
address the challenges of navigating extensive and diverse research landscapes.

6  Reflection on epistemic practices in AI-augmented SLRs

SLRs are underpinned by foundational epistemological principles that ensure method-
ological rigor, credibility, and alignment with scientific standards. These principles—
transparency, validity, reliability, comprehensiveness, and reflective agency—are as 
crucial for traditional methodologies as AI-augmented approaches. Incorporating 
these principles within AI-driven SLRs ensures the integrity of reviews in the rapidly 
evolving fields of management and organizational studies (Aguinis et al. 2018, 2023; 
Alavi et al. 2024; Anthony et al. 2023; Berghofer 2022; Choi 2018; Hiebl 2023; Gond 
et al. 2023; Hofer 2017; Williams et al. 2021).

Transparency remains the cornerstone of SLR methodologies, guaranteeing that 
every stage of the review process—from study selection to data extraction—is sys-
tematically documented and accessible for replication and critical assessment (Agui-
nis et al. 2023; Harley and Cornelissen 2022; Pratt et al. 2022). While PRISMA 
guidelines provide a structured framework for ensuring transparency, AI tools further 
enhance this by maintaining detailed decision logs and systematically tracing auto-

1 3



A hybrid framework for creating artificial intelligence-augmented…

mated processes (Aytug et al. 2012; Hiebl 2023; Liberati et al. 2009a, b). This dual 
approach facilitates reproducibility and strengthens the credibility of reviews (Bola-
ños et al. 2024; Schryen et al. 2024; Usberti 2019).

Validity ensures that SLR findings accurately address the research question and are 
derived from rigorous empirical evidence (Bobko et al. 2007; Kunisch et al. 2018). 
AI contributes to internal and external validity by triangulating data across multiple 
sources, identifying inconsistencies, and cross-referencing evidence (Aguinis and 
Solarino 2019; Kunisch et al. 2023). Such capabilities are particularly impactful in 
management and organizational studies, where diverse contexts and data streams 
often complicate the validation process (Alshami et al. 2023; Dwivedi et al. 2023; 
Grant and Booth 2009; Schryen et al. 2020).

Reliability underscores the consistency and reproducibility of the SLR process. 
Traditional workflows rely on strict adherence to predefined methodologies, but AI 
tools bring an additional layer of standardization by automating workflows, minimiz-
ing human error, and ensuring consistency across iterative analyses (Aguinis et al. 
2023; Locke et al. 2022; Pollock 1984; Pratt et al. 2022). This is especially relevant 
in management studies, where reliability augments confidence in the scalability of 
findings and their application in various organizational contexts (Aguinis et al. 2023; 
Vom Brocke et al. 2009).

In the context of AI-augmented SLRs, ensuring reliability is paramount due to 
the non-deterministic behavior of LLMs. The inherent variability in LLM outputs 
can challenge the epistemic principle of reliability. Our framework employs an itera-
tive approach incorporating multiple reliability check layers to address this (Bonett 
and Wright 2014; Hiebl 2023). Firstly, inter-model reliability is assessed by compar-
ing outputs from different AI models to identify consistent patterns and discrepan-
cies. Secondly, intra-model reliability is evaluated by examining the consistency of 
responses to variations in prompts within the same model. Finally, the reliability of 
AI-generated results is validated through human inspection of manageable datas-
ets, ensuring that the findings are robust and credible. This triangulated approach 
enhances the reliability of AI-augmented SLRs, providing a comprehensive and 
trustworthy synthesis of the literature.

Comprehensiveness is pivotal for capturing a holistic view of the research land-
scape, ensuring the inclusion of all relevant studies and perspectives (Mees-Buss et al. 
2022; Sauer and Seuring 2023; Zupic and Čater 2015). Traditional methods empha-
size systematic and thorough coverage, while AI-powered technologies elevate this 
principle by automating large-scale searches, uncovering interdisciplinary linkages, 
and mitigating the risk of omitting critical studies. This is particularly significant for 
organizational research, which often draws on diverse and cross-disciplinary insights 
(Schryen et al. 2015; Williams et al. 2021).

Reflective Agency highlights the essential role of researchers in shaping the 
review process through critical thinking, methodological oversight, and ethical deci-
sion-making (Duan et al. 2012; Else 2023; Zagzebski 2020). While AI tools enable 
efficiency and scalability, human judgment ensures that the review process aligns 
with epistemological values and contributes to meaningful scientific discourse (Hoon 
2013; Pratt 2008; Simsek et al. 2023). In management and organizational studies, the 
reflective agency ensures that SLRs aggregate knowledge and foster nuanced synthe-
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sis and innovative theoretical contributions (Ngwenyama and Rowe 2024; Lorenz et 
al. 2024; Reyes-Menendez et al. 2023; Vatankhah et al. 2024).

In AI-augmented SLRs, the reflective agency is crucial to ensure the responsible 
and well-managed use of AI technologies (Harley and Cornelissen 2022; Mees-
Buss et al. 2022). Our framework incorporates a ‘researcher-in-the-loop’ approach, 
emphasizing human oversight and decision-making at every stage. This approach 
includes three key iterations: the reflective choice of AI models, the reflective selec-
tion of a knowledge base for fine-tuning foundational models, and the conscious and 
well-documented practice of prompt engineering. By embedding reflective agency 
within each validation loop, we ensure that researchers actively engage with the AI 
processes, making informed and deliberate choices. This enhances the reliability and 
validity of the AI-augmented SLRs and fosters a responsible and ethical integration 
of AI, aligning with the broader epistemic principles of transparency and reliability 
(Lorenz et al. 2024).

By synthesizing these principles with AI’s computational capabilities, hybrid 
methodologies provide a robust framework for SLRs in management research. This 
integration fosters a dynamic approach that bridges the gap between traditional rigor 
and the demands of contemporary research, enabling scholars to address complex 
organizational challenges with methodological robustness and interdisciplinary 
adaptability (Russell and Norvig 2020; Schryen et al. 2024).

6.1  Application of AI into SLRs

The integration of AI into SLRs necessitates a deliberate alignment between episte-
mological principles and computational advancements. This alignment is central to 
the hybrid framework proposed in this study, which embeds iterative validation loops 
across three critical elements: AI models, knowledge bases, and prompt engineering 
(Alshami et al. 2023; Dwivedi et al. 2023; Tingelhoff et al. 2024). This section dem-
onstrates how the principles of transparency, validity, reliability, comprehensiveness, 
and reflective agency are operationalized through AI-augmented SLR methodologies 
while also addressing broader implications for research practices (Kraus et al. 2024; 
Vom Brocke et al. 2009).

6.2  Illustrative case: AI-assisted application in an SLR

Consider a study focused on digital transformation strategies in multinational corpo-
rations to provide a concrete example of how researchers might apply the AI valida-
tion framework. A research team conducting an SLR in this domain integrates AI 
tools to enhance literature retrieval, thematic clustering, and citation mapping. The 
first step in their methodology involves selecting an LLM-based AI tool, such as 
OpenAI’s GPT-4 or a domain-specific LLM, which is fine-tuned using relevant cor-
pora from management research (Dwivedi et al. 2019; Jatobá et al. 2023; Mariani 
et al. 2023). Before applying AI to the full dataset, iterative testing ensures that the 
model accurately recognizes domain-specific concepts and relationships.

Once the AI model is selected, the next step is curating and expanding the knowl-
edge base. The research team constructs the initial dataset using structured inclusion 
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criteria based on established frameworks such as PRISMA (Grant and Booth 2009; 
Shahzadi et al. 2024). A small, manually validated sample is used to assess AI-gen-
erated classifications and to ensure alignment with existing management theories and 
empirical studies. As the dataset expands, human verification plays a critical role in 
maintaining methodological consistency and thematic integrity.

The final stage involves refining prompt engineering techniques to optimize AI 
performance. The researchers experiment with different prompt structures to refine 
the AI-generated thematic syntheses, iteratively modifying these prompts to enhance 
specificity, reduce biases, and improve contextual accuracy (Bilgram and Laarmann, 
2023; Bolaños et al. 2024; Pan et al. 2023; Schryen et al. 2020). This structured 
validation process enhances the reliability of AI-generated outputs, reduces errors, 
and increases transparency in the review process. By systematically applying human 
oversight at every stage, the research team effectively mitigates AI hallucinations and 
aligns AI-driven insights with existing scholarly frameworks.

6.3  Practical recommendations for researchers

To enhance the applicability of this framework, the study expands on practical rec-
ommendations for researchers and research teams adopting AI-augmented SLRs. 
Selecting and fine-tuning AI models requires researchers to choose domain-specific 
LLMs that are pre-trained on relevant academic corpora, ensuring enhanced concep-
tual precision in literature synthesis (Anthony et al. 2023; Grimes et al. 2023; Gatrell 
et al. 2024; Gond et al. 2023). Before scaling up the literature synthesis process, 
preliminary model testing should be conducted on a small sample dataset to verify 
the accuracy and relevance of AI-generated insights (Dwivedi et al. 2023; Kharawala 
et al. 2024).

In developing validation protocols for AI-generated insights, cyclical validation 
techniques should be employed to compare AI-generated summaries with human-
extracted themes, ensuring accuracy and consistency (Shaheen et al. 2023; Schryen 
et al. 2024). Inter-model comparisons can further enhance this process by evaluating 
variability in AI-generated outputs, reducing the risk of single-model biases (Bousch-
ery et al. 2023; Ngwenyama and Rowe 2024). Transparency and reproducibility are 
critical to AI-augmented SLRs, and researchers should maintain detailed documen-
tation of AI-generated results, including search parameters, dataset modifications, 
and thematic clustering processes (Liberati et al. 2009a, b; Webster and Watson 
2002). Decision logs should be clearly outlined to facilitate replicability and enhance 
research credibility (Usberti 2019).

To mitigate biases in AI-augmented reviews, iterative human-AI interaction should 
be incorporated to identify and correct biases in AI-generated literature syntheses 
(Hiebl 2023). Sensitivity testing should be conducted to ensure that findings remain 
stable across different AI model configurations, thereby safeguarding the integrity 
of AI-assisted research (Alshami et al. 2023; Dwivedi et al. 2023; Grant and Booth 
2009; Kumar et al. 2024; Tingelhoff et al. 2024). These practical recommendations 
provide a structured, repeatable approach to AI validation in SLRs, ensuring method-
ological rigor while embracing the potential of AI-driven research.
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6.4  Future research directions in management and organizational studies

Building on these insights, future research should focus on advancing domain-spe-
cific LLMs, refining prompt engineering strategies, and developing standardized val-
idation frameworks to enhance the reliability and impact of AI-augmented SLRs in 
management and organizational studies. The development of tailored LLMs trained 
specifically for management and organizational research can improve the precision 
of literature reviews by incorporating field-specific terminologies and conceptual 
frameworks (Aguinis et al. 2023; Mariani et al. 2023; Reyes-Menendez et al. 2023). 
Enhancing prompt engineering strategies through adaptive algorithms can mitigate 
inconsistencies in AI-generated outputs by responding to context-specific demands 
in management and organizational research (Anthony et al. 2023; Grimes et al. 2023; 
Gatrell et al. 2024; Gond et al. 2023; Kharawala et al. 2024; Kumar et al. 2024).

Further, establishing standardized validation frameworks will ensure the repro-
ducibility and robustness of AI-assisted SLRs. Benchmarks for reliability must be 
developed to facilitate the adoption of AI tools across diverse organizational research 
contexts, promoting consistency and methodological integrity (Alavi et al. 2024; 
Benbya et al. 2024; Dwivedi et al. 2023; Tingelhoff et al. 2024). Addressing these 
research gaps will enable future studies to foster scalability, enhance methodological 
robustness, and support interdisciplinary research while maintaining epistemic rigor.

7  Conclusion

This study highlights the transformative potential of AI in advancing SLRs. By 
introducing a hybrid framework rooted in epistemological principles—transparency, 
validity, reliability, comprehensiveness, and reflective agency—the paper estab-
lishes a robust methodological foundation for AI-augmented SLRs (Aguinis et al. 
2023; Mees-Buss et al. 2022). The framework integrates AI’s computational capa-
bilities, such as landscaping, fine-tuning, iterative prompt engineering, validation, 
and deployment, with human cognition to ensure methodological rigor, scalability, 
and transparency. This synergy positions AI-augmented SLRs as a crucial tool for 
addressing complex and interdisciplinary research challenges (Dwivedi et al. 2023; 
Kraus et al. 2024; Schryen et al. 2024).

The proposed framework makes significant contributions by embedding episte-
mological principles into the SLR process and emphasizing a cyclical approach to 
validation. Using multiple AI models or combining AI outputs with human insights 
can help cross-verify the findings. This triangulation increases the validity, reduces 
the risk of AI hallucinations, and ensures that the results are consistent with human 
interpretations and reflective agency. This iterative process, including inter-model 
comparisons and sensitivity testing, enhances AI-generated insights’ reliability and 
contextual relevance (Lê and Schmid 2022; Ngwenyama and Rowes, 2024; Sharma 
and Bansal 2023; Tingelhoff et al. 2024). These contributions address the challenges 
posed by probabilistic AI models, ensuring trustworthiness and ethical integrity in 
research practices. Furthermore, the framework provides actionable strategies for 
researchers, such as tailoring AI models, curating domain-specific knowledge bases, 
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and employing iterative prompt engineering, thereby aligning AI outputs with schol-
arly standards (Alvesson and Sandberg 2020; Bolaños et al. 2024; Benbya et al. 2024; 
Grimes et al. 2023; Lorenz et al. 2024).

The practical implications of this framework extend to the broader research com-
munity by advocating standardized protocols and metrics for evaluating AI-aug-
mented methodologies. For example, integrating LLMs with comprehensive datasets 
facilitates thematic clustering and nuanced analyses, enhancing the depth and breadth 
of literature reviews (Grant and Booth 2009; Liberati et al. 2009a, b). The inclusion of 
sensitivity testing ensures robustness and reliability in findings, enabling researchers 
to address potential biases in AI-generated outputs preemptively (Alavi et al. 2024; 
Li and Li 2024; Locke et al. 2022; Vom Brocke et al. 2009; von Krogh et al. 2023).

Future research should focus on refining domain-specific applications of this frame-
work, particularly the development of LLMs tailored to the unique needs of various 
academic disciplines. Additionally, efforts to quantify the reliability of AI-generated 
insights and establish standardized reporting guidelines will further enhance trans-
parency and reproducibility (Grant and Booth 2009; Köhler et al., 2022; Kulkarni et 
al. 2024; Tingelhoff et al. 2024). Ethical considerations, such as algorithmic bias and 
data privacy, must be systematically addressed to align AI applications with broader 
academic and societal values (Aguinis., 2023; Dwivedi et al. 2023; Lorenz et al. 
2024; Lund et al., 2023; Madill et al. 2000; Mees-Buss et al., 2022).

In conclusion, this study underscores the transformative potential of AI in reimag-
ining SLR methodologies while maintaining their epistemological underpinnings. 
The proposed framework serves as a guide and calls to action for researchers to 
embrace AI as a collaborative partner in pursuing knowledge. By fostering a bal-
anced synergy between human expertise, scientific community input, and computa-
tional efficiency, this approach offers a pathway to more comprehensive, reliable, and 
reflective syntheses of academic knowledge. This vision aligns with the broader goal 
of leveraging technology to extend the boundaries of human understanding while 
upholding scientific rigor and ethical integrity (Antons et al. 2023; Gond et al. 2023; 
Hofer 2017; Lorenz et al. 2024; Saura et al. 2024).
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