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Abstract. Systematic literature reviews (SLRs) are essential for synthesizing 

prior research, identifying trends, gaps, and future directions across various 

fields. However, SLRs are time-consuming and subject to human cognitive con-

straints that threaten their rigor, consistency, and replicability. Recent advances 

in generative artificial intelligence (AI) provide transformative opportunities to 

enhance the efficiency and scope of literature reviews by automating repetitive 

tasks, analysing full-text analysis, and uncovering latent patterns. We propose a 

step-by-step LLM-integrated methodology for SLR that covers two stages cur-

rently underserved by existing tools: abstract screening and section-based full-

text analysis. The methodology explicitly addresses three known failure modes 

of prior automated approaches: context-window limitations (resolved through 

section-based document decomposition), hallucination risks (mitigated through 

narrow binary prompting and mandatory validation sampling), and replicability 

deficits caused by opaque tool fine-tuning (resolved by using general-purpose 

LLMs with fully documented prompts and decision rules). Challenges related to 

full-text accessibility, PDF parsing, and LLM consistency are acknowledged and 

addressed with concrete guidance. The methodology is primarily intended for 

systematic and structured literature reviews where comprehensive, traceable, and 

replicable coverage is the goal. 

Keywords: Literature Review, Artificial Intelligence, Large Language Model, 

Full-Text Analysis. 

1 Introduction 

Systematic literature reviews (SLR) are a tool for researchers to structure a research 

field by synthesizing prior studies to identify trends, gaps, interconnections with other 

research fields, and future directions within that field. Performing an effective literature 

review creates a foundation upon which new knowledge can be built [30], that is created 

through interpreting existing knowledge and combining this knowledge [29]. Thereby 

the intellectual development and progress of a topic can be captured systematically. 

Literature reviews are more than mere summaries of prior works. They are critical anal-

yses that prepare research findings, organize and evaluate them and integrate them to 
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advance theories on the one hand, and practical understanding on the other. Since the 

amount of research involved in literature reviews is substantial and covers several fields 

of research, a carefully planned and structured process must be followed. The im-

portance of this comprehensive review process is emphasized by vom Brocke et al. [29] 

and proposed as a meticulous and replicable approach for literature reviews, ensuring 

that a broad range of research fields is considered and appropriately contextualized to 

enable researchers to build up the previously mentioned knowledge base.  

Recent developments in AI technology have raised important questions about how 

to integrate these tools into the systematic literature review process without compro-

mising its defining standards of rigor, consistency, and replicability. Traditional SLR 

methods, while well-established, are time-consuming and subject to human cognitive 

constraints that introduce variability across reviewers [24]. Yet integrating AI into 

SLRs introduces its own challenges: LLM outputs may be inconsistent across runs, 

model fine-tuning is often opaque to the user, and hallucination can silently corrupt 

screening and extraction results. Generative AI can also expedite the search, synthesis, 

and analysis of vast bodies of literature [18]. For instance, AI-driven language models 

can assist researchers in identifying relevant studies, summarizing key findings, and 

detecting emerging themes across numerous publications [25]. This technological shift 

enables researchers to handle larger corpora and supports more iterative review pro-

cesses. However, the promise of AI-assisted SLRs is undermined by several concrete 

failure modes in existing approaches. First, most AI-supported tools operate exclusively 

at the metadata level (titles, abstracts, keywords), leaving the full text of papers unana-

lysed. Second, purpose-built LLM tools for literature reviews (e.g., Elicit, Consensus) 

introduce replicability risks because their model fine-tuning and internal logic are not 

disclosed to the user, making it impossible to verify or reproduce results. Third, when 

general LLMs are applied to full-text inputs without structured decomposition, atten-

tion loss in long documents (the “lost in the middle” problem) and hallucination risk 

undermine reliability. Existing research mainly focuses on mapping available AI and 

automation tools to the individual steps of the SLR process while evaluating their use-

fulness and pointing out potential pitfalls with respect to compliance with the SLR qual-

ity criteria (e.g., 26, 7). Specified LLM-based tools frequently exhibit a disadvantage 

in terms of transparency regarding the models’ fine-tuning, which can have a detri-

mental effect on the quality criteria of replicability, as software versions are usually not 

traceable for the user. The application of general LLM models offers the potential to 

address these limitations by aligning more closely with the specific requirements of 

researchers and the demands of replicability in SLR. The present research focuses spe-

cifically on two steps of the SLR process: (1) title/abstract screening and (2) section-

based full-text analysis. These steps exhibit the highest risk of replicability loss and the 

highest potential for further automation [7, 26]. The proposed method is primarily in-

tended for systematic and structured literature reviews [19] where the goal is compre-

hensive, traceable, and replicable coverage of a research field. It may be less suited to 

interpretive or narrative review types where subjective synthesis is central. Based on 

prior evaluations of automation for literature reviews (e.g., 7, 26), we see the highest 

risk of replicability loss, as well as the highest potential to further automate SLR in 

these steps. Against this drawback, we propose the following research question:  
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How can LLMs be used to support title/abstract screening and section-based full-

text analysis in systematic literature reviews while preserving the consistency and rep-

licability of the SLR process? 

To address this question, an LLM-enhanced workflow for SLR will be provided, 

which can be readily extended by scholars with additional AI-Tools selected and eval-

uated in previous research, such as by Tingelhoff et al.  

Building on the rigorous processes proposed by vom Brocke et al. [29] and Webster 

and Watson [30], we make three distinct contributions. First, we present a step-by-step 

LLM-integrated workflow for SLR that explicitly covers both title/abstract screening 

and section-based full-text analysis; a combination not addressed by prior tooling. Sec-

ond, we propose a section-based document decomposition strategy that directly miti-

gates the “lost in the middle” attention problem of LLMs, improving both reliability 

and traceability of extraction results. Third, by using general-purpose LLMs (rather 

than opaque fine-tuned tools), the workflow preserves replicability: model identifiers, 

prompts, temperature settings, and decision rules can all be documented and repro-

duced. We propose a procedure that enables researchers to accelerate their SLRs by 

automating full-text analysis through partitioning articles into sections before LLM pro-

cessing, thereby providing a higher degree of traceability and preventing quality losses 

due to the lost-in-the-middle problem [15, 31]. The remainder of this research article is 

structured as follows: chapter two provides an overview of relevant research towards 

AI in literature reviews including application examples of generative AI in these. Chap-

ter three introduces our research methodology that proposes processing full-text articles 

with LLMs by answering predefined questions. We explain in detail how the full-texts 

are pre-processed before being fed into the LLM. Finally, the methodology is discussed 

in chapter four, and the article closes with a conclusion and an outlook. 

2 AI in Literature Reviews 

Literature reviews serve as a cornerstone of academic research, providing a systematic 

synthesis of prior research to identify gaps, establish theoretical frameworks and inform 

future investigations. They must follow a strict process to ensure comprehensibility and 

replicability. Thus, several traditional methods have been established [13, 20, 27]. 

However, recent advances in AI technology have significantly enhanced the scope and 

efficiency of literature reviews, allowing researchers to handle larger datasets and un-

cover patterns beyond human cognitive limits.  

AI-driven tools increasingly assist in automating labour-intensive aspects of litera-

ture reviews, such as data extraction, categorization, and summarization. These tasks 

are often time-consuming and prone to subjective perception due to the involvement of 

human decisions. The integration of AI-driven tools for literature reviews aims to au-

tomate and accelerate the process, but also to reduce the possible source of errors. These 

tools often rely on natural language processing (NLP) techniques to process titles, ab-

stracts, and keywords of academic articles. However, despite their potential, most AI-

supported tools fall short of incorporating full-text analysis due to computational and 

licensing constraints. Instead, they focus on metadata-level insights, leveraging 
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bibliometric and scientometric methods to map research landscapes (i.e., co-citation 

networks or author collaborations) and to identify influential works or emerging trends 

[2, 3]. 

Bibliometric and scientometric techniques form a foundation for AI-supported liter-

ature reviews, utilizing citation analysis, co-authorship patterns, and keyword cluster-

ing to evaluate research impact and connectivity. By utilizing these methods research-

ers can identify topics of interest within a research domain and propose future research 

agendas resulting from identified gaps. Tools like VOSviewer [28], CiteSpace [1], and 

pyBibX [21] employ these approaches, enabling researchers to visualize relationships 

between academic contributions. Such methods are crucial for understanding the evo-

lution of research fields and for identifying underexplored areas [28]. Most bibliometric 

or scientometric methods rely on statistical evaluation and analysis of the underlying 

metadata to gain valuable insights. 

Further statistical methods, particularly Latent Dirichlet Allocation (LDA) and other 

topic modelling techniques, have gained prominence in structuring literature reviews 

and gaining an overview of a research field [5]. LDA identifies thematic patterns in 

large datasets by grouping words into topics, allowing researchers to explore overarch-

ing trends across disciplines [5]. When combined with AI, topic modelling enhances 

the ability to synthesise disparate research fields, uncover latent connections, and pre-

dict future research trajectories [32]. 

Most literature review tools prioritize titles, abstracts, and keywords for analysis due 

to their accessibility and relevance. These metadata elements capture the essence of 

academic articles while circumventing the need for full-text access, which is often re-

stricted by copyright or technical barriers. While this limitation narrows the scope of 

insight, the integration of AI mitigates some challenges by providing high-level sum-

maries and visualizations that remain robust even in the absence of full-text data. When 

it comes to analysing full-texts, recent research on LLMs seems promising [22]. Models 

like GPT or Llama are capable of processing given input texts and providing reasonable 

answers to prompted questions, indistinguishable from human behaviour [6]. However, 

the wording of the questions is important for generating high-quality answers [9, 14]. 

Asking an LLM to provide an answer referring to a whole article faces the challenge of 

hallucination and important information within the article might be ignored by the LLM 

or even unintended answers are given despite the users’ expectations [11]. Thus, inte-

grating AI or generative AI into full-text analysis is a challenge especially in the auto-

mation of the literature review process. Since full-texts are mostly not considered by 

tools supporting literature review processes, we want to address this gap and propose a 

method that enables AI-supported literature reviews to be automated to a certain point 

while covering full-text analysis instead of only relying on metadata evaluation. 

3 Methodology 

The proposed method integrates LLMs into the established SLR process of vom Brocke 

et al. [29] at two specific stages: (1) title and abstract screening, and (2) section-based 

full-text analysis. Together, these two stages represent the highest-effort and highest-
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variability steps in a manual SLR and therefore offer the greatest potential for automa-

tion while preserving replicability. All other steps follow established SLR practice. 

Throughout this section, steps are marked [Automated] where no human intervention 

is required, and [Manual / Review] where human oversight is necessary. Figure 1 pro-

vides an overview of the complete workflow. 

 

Fig. 1. LLM-enhanced SLR process with automated steps as dark grey arrows, and interim results 

as black circles. 

3.1 Conceptualization and Metadata Collection 

The first stage [Manual] follows conventional SLR practice: the researcher defines the 

research question, formulates the search string, and selects the databases to query. To 

enable automated downstream processing, search results should be exported as .bib 

files, which guarantee consistent metadata field names across databases. The relevant 

fields to retain are: author, year, title, doi, url, abstract, journal, keywords, and source 

database. 

Duplicate removal [Automated] is performed by matching on doi as the primary key, 

or on title + year + first author when no doi is available. Entries that cannot be further 

processed (e.g., conference recordings, book chapters without abstracts) should be ex-

cluded at this stage. Where abstracts are missing, they can be automatically retrieved 

via the Crossref API [Automated]; any remaining gaps should be filled manually via 

publisher websites [Manual]. In cases where no abstract can be obtained, the title may 

be used as a substitute for the subsequent screening step [17], though this introduces 

additional uncertainty that should be reported. 

3.2 Stage 2: LLM-Based Abstract Screening 

Conventional SLRs employ a two-stage content screening process: first filtering by ti-

tle, then by abstract [13]. If conducted manually, abstract screening is the most time-

consuming of these steps. Integrating an LLM at this stage [Automated] can 
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substantially accelerate the process and renders a separate title screening step redun-

dant, as the LLM can evaluate both simultaneously from the abstract text. 

The proposed approach differs from both manual screening and from purpose-built 

AI screening tools such as ASReview or Elicit. Unlike active-learning tools (e.g., 

ASReview), the LLM-based approach requires no pre-labelled training set and can be 

deployed immediately with custom, domain-specific questions. Unlike opaque special-

ized tools (e.g., Elicit, Consensus), the use of a general-purpose LLM with fully docu-

mented prompts and settings ensures that the screening process is transparent and re-

producible. Compared to asking the model a single open-ended relevance question, we 

recommend a multi-question approach: a set of narrow, independently answerable 

yes/no questions is posed against the abstract. This preserves context-specific signifi-

cance [26] and reduces the risk that a single ambiguous judgment drives the inclusion 

or exclusion decision. 

Prompt design. Each prompt should follow the template: “{abstract} — based on 

the abstract, please answer the following question with ‘yes’ or ‘no’: [question].” The 

temperature setting should be kept low (e.g., 0.2) to maximise output consistency. All 

LLM responses and screening decisions must be logged for auditability. Example ques-

tions for a review on AI methods in literature reviews might include: (A) “Does the 

article discuss the use of AI or machine learning methods?” and (B) “Does the article 

relate to literature review methodology or bibliometric analysis?” [10]. 

Decision rules. Exclusion rules must be defined explicitly before running the pipe-

line and applied consistently to all papers. For example: “Exclude if answer to A is ‘no’ 

OR answer to B is ‘no’.” If the model does not return a valid binary response [Manual 

/ Review] — for instance returning “Sorry, I cannot answer the question” due to insuf-

ficient information in the abstract — these cases should be flagged and manually re-

viewed or carried forward to the full-text stage to avoid excluding potentially relevant 

papers. Both the defined decision rules and the handling of non-response cases must be 

documented and reported to enable replication. 

Validation [Manual / Review]. To establish confidence in the LLM screening step, 

a stratified sample of approximately 50 papers (varying by publication year, venue, and 

discipline) should be independently evaluated by a human reviewer applying the same 

inclusion criteria [16]. Basic agreement metrics, such as Cohen’s kappa or raw percent-

age agreement, and a brief characterization of disagreement modes (e.g., hallucination-

driven errors, ambiguous abstracts) should be reported. A simple stability check e.g., 

re-running the same prompt set on a random subset of 20–30 papers, is also recom-

mended to assess output consistency across LLM runs, since stochastic variation can 

affect results even at low temperature settings [12, 33]. 

3.3 Stage 3: Full-Text Retrieval 

Once the abstract screening stage has produced a reduced candidate set, full texts must 

be retrieved for in-depth analysis. Publishers and databases such as Elsevier, Springer, 

Wiley, and IEEE provide full-text access via APIs for research purposes [Automated]; 

the Crossref API can be used to extract download links not included in the initial 

metadata export. Papers not accessible via an automated route must be downloaded 
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manually [Manual]. Automated web scraping is technically feasible but raises legal 

concerns under most database terms of service and is therefore not recommended. 

A non-trivial proportion of papers in any corpus will be inaccessible due to paywalls, 

API coverage limits, or the absence of a digital full text. These technically-driven ex-

clusions must be clearly distinguished from research-driven exclusions (i.e., papers ex-

cluded for lack of relevance) in the PRISMA-style reporting of the review process [4]. 

Researchers should comment on the likely structural biases introduced by inaccessibil-

ity e.g., paywalled or older publications may be underrepresented, and assess how this 

affects the generalizability of the review findings. 

3.4 Stage 4: Document Parsing and Section Extraction 

Full-text analysis requires the content of individual paper sections rather than the full 

document to be provided to the LLM. This is necessary to address the “lost in the mid-

dle” problem: even advanced LLMs such as GPT-4 show degraded attention when pro-

cessing long input texts exceeding approximately 1,000 tokens, causing relevant infor-

mation in the middle of the input to be overlooked [31]. Academic papers follow a 

consistent structure (introduction, methodology, results, discussion), making section-

level decomposition a natural and reliable strategy. 

Full texts should be retrieved as .pdf files to preserve document structure metadata. 

We recommend using the open-source nlm-ingestor tool from NLmatics, which parses 

.pdf files into structured sections using layout-based indexing and can be deployed lo-

cally via Docker [Automated]. The parsed output identifies section boundaries and la-

bels, enabling targeted extraction of the sections relevant to the research question (e.g., 

the methods section for a review of research methodologies). 

Parsing limitations [Manual / Review]. nlm-ingestor may fail to extract the correct 

section when: (a) the PDF contains scanned content without an OCR layer, (b) the doc-

ument uses a multi-column layout that disrupts the reading order, or (c) the authors 

have used non-standard section labels (e.g., “Approach” instead of “Methods”). In such 

cases, manual identification of the relevant section is required. Papers where no par-

seable version of the target section can be obtained must be excluded as technically-

driven exclusions and reported accordingly, separately from relevance-based exclu-

sions. Researchers should note that technically-driven exclusions may disproportion-

ately affect conference papers, older publications, and papers from certain geographic 

regions or publishers, potentially introducing selection bias into the corpus.  

3.5 Stage 5: Section-Based Full-Text Analysis with LLMs 

With section texts extracted, the LLM is applied to answer predefined questions about 

each section [Automated]. This is the core novel contribution of the proposed method: 

rather than asking the model to process and interpret an entire paper, each question is 

answered with reference to a specific, bounded section of the text. This targeted ap-

proach improves both the reliability of the LLM’s responses and the traceability of the 

output. Hence, each answer can be linked to a specific section of a specific paper. 
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Prompt design. For extractive tasks (e.g., identifying the method used), we recom-

mend a structured prompt template: “{section_content} - based on the [section name] 

section, please answer the following question using numbered bullet points: [ques-

tion].” If multiple questions are to be answered from the same section, they should be 

grouped within a single prompt (e.g., A) and B)) to reduce API calls and avoid context 

fragmentation. The temperature setting should again be kept low (0.2) for consistency. 

For complex information extraction tasks, where the expected output is not binary but 

descriptive, few-shot examples of expected answer formats can be included in the sys-

tem instructions to improve precision and reduce over-generalization [23]. 

Decision rules. Inclusion and exclusion criteria for the full-text stage must be de-

fined before running the pipeline, independently of the abstract screening criteria. For 

example: “Include if the method section identifies at least one method from category X 

and at least one method from category Y.” Cases where the model produces no response 

or an ambiguous answer should be flagged for [Manual / Review] rather than automat-

ically excluded. Depending on the research objectives, exclusion decisions can be made 

section by section or based on aggregated responses across all queried sections. 

Validation [Manual / Review]. As at the abstract screening stage, a validation sam-

ple should be manually reviewed. Because full-text extraction is a more complex task 

than binary screening, a sample of 20–30 papers is recommended as a minimum. The 

human reviewer should apply the same extraction questions independently and com-

pute agreement with the LLM output. Disagreement modes should be categorized, for 

instance, distinguishing between hallucinated content not present in the source text, 

over-generalized labels, and genuine ambiguity in the source material. This categoriza-

tion informs whether the disagreements reflect a systematic LLM limitation (which 

would need to be addressed through prompt revision) or acceptable noise in a well-

performing pipeline. 

After the final exclusion round, the remaining papers are available for content syn-

thesis or, if necessary, for further in-depth manual analysis. The full sequence of auto-

mated and manual decisions, together with all prompts, decision rules, temperature set-

tings, and toolchain version details, should be documented to ensure complete replica-

bility of the review [8]. 

3.6 Reporting and Replicability Requirements 

For the LLM-enhanced SLR to meet the replicability standards of the SLR tradition 

[29, 30], a minimum documentation set must accompany any published review that 

applies this methodology. This should include: (1) the complete prompt set for each 

pipeline stage, including system instructions if used; (2) the LLM model identifier and 

version (e.g., gpt-4o-mini); (3) the temperature setting and any other sampling param-

eters; (4) all decision rules for inclusion and exclusion, including the handling of non-

response cases; (5) the toolchain used for parsing (e.g., nlm-ingestor version, Docker 

image identifier, Tika version); (6) a PRISMA-style attrition table distinguishing re-

search-driven from technically-driven exclusions at each stage; and (7) the results of 

the validation sample, including the agreement metric and a description of disagreement 

modes. This documentation can be provided as a supplementary appendix to the 
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published review. Researchers should also consult the editorial policies of their target 

publication venue, as disclosure requirements for AI-assisted methods vary across IS 

outlets. 

4 Demonstration 

To demonstrate the workflow in practice, we applied it end-to-end to a single guiding 

research question: What AI methods are currently used in academic literature reviews? 

The aim of this application is illustrative rather than substantive. It is intended to show 

that the pipeline executes from metadata collection through to section-based extraction 

and produces a traceable, auditable decision trail at every stage. It is therefore presented 

as a worked example of the method, not as a definitive systematic review of AI methods 

in literature reviews, and its findings should be read in that light. 

Seven databases were queried on 17 November 2024 (see Fig. 2). In line with the 

reporting and replicability requirements set out in section 3.6, this query date is treated 

as a documented parameter of the run rather than as an incidental detail: together with 

the model identifier (GPT-4o-mini), the temperature setting (0.2), the prompt set, and 

the toolchain versions, it fully specifies the conditions under which the result was pro-

duced. It allows any reader either to reproduce the run or to re-execute it from the same 

starting point forward. A fixed and reported search date is thus not a weakness of the 

demonstration but a direct instance of the transparency the method prescribes.  

The initial result of this database query contained 5,218 articles from which dupli-

cates and article types other than conference proceedings or journals were removed to 

retain 4,376 for the pipeline processing. In 32 cases the model returned no valid binary 

response; following the procedure in Section 3.2, these were manually reviewed and 

two were judged relevant and retained. Net of this manual step, abstract screening ex-

cluded 3,306 articles and retained 1,070.  To validate this large exclusion sample, a 

stratified sample of 50 abstracts (varying by publication year and source database) was 

independently screened by a human reviewer applying the same inclusion question. 

Agreement with the LLM decision was 95%. Articles with available full-text and suc-

cessful parsing were then further processed for section-based full-text analysis regard-

ing the demonstrative research question. This full-text analysis was conducted based 

on the method section with the following prompt: “Name the method used to analyze 

literature in the article. Do not describe the method.” We also manually validated the 

results of this prompt by evaluating a randomly selected sample of 20 articles (approx-

imately 3% of the total). The purpose of the analysis was to identify a final selection of 

relevant articles, which use AI methods for literature reviews. 

All methods mentioned in response were catalogued and categorized, resulting in 

five categories: Literature Review Methods, NLP Methods, Bibliometric Methods, Ma-

chine Learning Methods, and Statistical Methods. We defined the inclusion criteria that 

the methodological approach of the articles includes at least one method from the liter-

ature review category and at least one method from the NLP or machine learning cate-

gory. This led to a final selection of 36 articles which were then manually verified re-

sulting in a final exclusion of four articles and a resulting set of 32 (see Fig. 2).  
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Fig. 2. Literature selection process based on Bandara et al. [4] 

5 Discussion and Conclusion 

The proposed methodology makes a focused methodological contribution to SLR liter-

ature by directly addressing three known failure modes of existing AI-assisted ap-

proaches. First, the section-based decomposition strategy resolves the full-text blind-

ness of metadata-only tools: by partitioning papers into individual sections before LLM 

processing, the method enables structured extraction from the full text of each paper. 

Second, the reliance on a general-purpose LLM with fully documented prompts, deci-

sion rules, temperature settings, and model identifiers directly addresses the replicabil-

ity deficit of purpose-built, opaque tools such as Elicit or Consensus. Any researcher 

with API access to the same model can reproduce the screening and extraction results. 

Third, section-based input directly mitigates the “lost in the middle” attention degrada-

tion that affects LLMs when processing long documents: by limiting the input of each 

LLM call to one bounded section, important content is less likely to be ignored. To-

gether, these three design choices allow the methodology to achieve a level of transpar-

ency and replicability that existing full-text AI tools do not offer. The multi-question 
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abstract screening approach is a further distinguishing feature of the methodology. Ra-

ther than asking the model a single broad relevance question, decomposing the screen-

ing criteria into several narrow binary questions reduces the risk that a single ambigu-

ous LLM judgment drives an inclusion or exclusion decision. This also produces a more 

auditable log of the screening process: each question-and-answer pair is a discrete, 

traceable unit of evidence. The section-based full-text analysis extends this logic to the 

extraction stage, where targeted questions about specific sections yield more precise 

and verifiable outputs than whole-paper queries. 

Despite its contributions, the proposed methodology has important limitations that 

must be acknowledged. First, the abstract screening stage relies on the quality of avail-

able metadata. Titles and abstracts may lack the granularity of full texts and missing or 

poorly formatted abstracts introduce noise into the early screening stage. Second, full-

text unavailability and parsing failures are unavoidable features of large-scale SLRs. 

Technically-driven exclusions, caused by paywalled content, API coverage limits, or 

complex PDF layouts, disproportionately affect conference papers, older publications, 

and articles from smaller publishers, and may introduce systematic selection bias. Re-

searchers applying this method should report these exclusions separately from rele-

vance-based exclusions in a PRISMA-style attrition table and should discuss the likely 

direction of any resulting corpus bias.  

A further limitation of the methodology is its dependence on the chosen LLM. Gen-

eral-purpose models without domain-specific fine-tuning may produce outputs that lack 

domain depth or that over-generalise specific terms. Even at a low temperature setting, 

stochastic variation means that identical prompts may produce slightly different outputs 

across runs, making a stability check an essential component of validation. Addition-

ally, API-based full-text retrieval creates accessibility barriers: institutional access to 

publisher APIs varies considerably, which may restrict replicability across geograph-

ical and institutional contexts. Future work should investigate the performance of the 

methodology with open-source, locally deployable LLMs (e.g., Llama) to mitigate API 

dependency and further strengthen replicability. 

The proposed method offers a replicable and transparent starting point for LLM-

assisted SLRs. Its robustness across different research domains, corpus sizes, and LLM 

models remains an important open question for future research. The primary technical 

challenge is the correct and complete extraction of sections from diverse PDF formats. 

Parsing quality could be further improved by incorporating AI or ML-based layout 

recognition, or by complementing nlm-ingestor with OCR pipelines for scanned docu-

ments. Future work should also investigate the application of few-shot prompt engi-

neering and domain-adapted LLMs to improve extraction precision for specialized 

fields. Most importantly, a direct empirical comparison between LLM-supported and 

fully manual SLR processes, measuring both screening time and decision overlap, is 

needed to rigorously quantify the methodology’s added value over established manual 

and semi-automated approaches. Such a comparison would also clarify for which re-

view types and corpus sizes the LLM-based approach offers the greatest practical ben-

efit.  
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