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Abstract: Large Language Models (LLMs) have recently emerged as a powerful option for partially
automating the labor-intensive process of screening articles in systematic reviews. Unlike traditional
semi-automated platforms that rely on iterative human feedback, LLM-based pipelines can operate
in a zero-shot or few-shot manner, classifying abstracts according to predefined criteria. This paper
offers a step-by-step methodology for researchers, librarians, and students seeking to incorporate
LLMs—such as GPT-4—into systematic reviews. It discusses required software and data
preprocessing, presents various prompt strategies, and emphasizes the importance of human
oversight to maintain rigorous quality control. The proposed framework aims to provide best
practices and offer guidance on managing costs, reproducibility, and prompt refinement. By
following these guidelines, review teams can substantially reduce screening workloads without
compromising the comprehensive nature of evidence-based research.

Keywords: systematic review; large language models; text screening; prompt engineering;
Al-assisted screening

1. Introduction

Systematic reviews have become essential for evidence-based decision-making in several fields
and particularly in medicine, because they synthesize all relevant studies on a particular topic in a
transparent and methodical way [1]. By adhering to predefined protocols and rigorous inclusion
criteria, systematic reviews aim at minimizing bias and generating high-level evidence to inform
policy, clinical practice, and research priorities [2]. Standard guidance on these methods emphasizes
formulating a clear research question (often using the PICO framework [3]), developing a detailed
review protocol, conducting a comprehensive search of multiple databases, screening studies for
eligibility, extracting data, assessing quality and risk of bias, and synthesizing findings for reporting
[4].

One of the most labor-intensive and error-prone stages in a systematic review is the initial
screening of titles and abstracts to identify pertinent studies that can be used as a base for the
systematic review [5]. Double screening by independent reviewers has long been considered the gold
standard [6], yet it is equally recognized that this level of rigor demands substantial time and human
resources [7]. Large academic databases often generate thousands of search results, requiring
researchers to manually sift through extensive lists of potentially relevant citations to pinpoint the
small number of articles that meet inclusion criteria—often fewer than a dozen for a typical review.
This process makes it both logistically challenging and costly for research teams to maintain high
accuracy while also managing time constraints [8]. Although searching itself is highly structured
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[9] —often guided by established protocols such as the Cochrane Handbook or NICE guidelines
[10,11]—many reviews still rely predominantly on manual screening methods that are vulnerable to
inconsistencies across reviewers, especially when they lack extensive experience or when the volume
of studies is extremely large [12]. Because the accuracy of screening directly influences the reliability
of the final synthesis, poorly executed screening risks omitting critical evidence, ultimately
undermining the entire review process.

In response to these challenges, semi-automated tools such as Rayyan, Abstractr, or Research
Screener have emerged to assist with citation management, de-duplication, and study selection [13].
Rayyan employs a web- and mobile-based Al-assisted environment that learns from inclusion and
exclusion decisions and suggests likely matches [14]. Research Screener uses deep learning and text
embeddings to re-rank articles for each new judgment made by the reviewer [15]. While these semi-
automated methods decrease the number of abstracts that require manual review, they typically rely
on iterative human feedback to train their predictive models [16]. This approach often helps maintain
high recall—the proportion of truly relevant articles identified —but still requires a prolonged
“learning phase” before users realize the most significant time savings.

Alongside semi-automated platforms, a variety of additional automation efforts have sought to
refine each stage of a systematic review. Some tools focus exclusively on searching, such as
LitSuggest, which recommends relevant articles from PubMed [17], whereas others support more
advanced tasks like data extraction (RobotReviewer, ExaCT) [18,19]. Despite their potential, full
automation remains elusive, particularly in later phases of a review where human expertise is needed
to interpret nuanced results [12]. Moreover, most software currently operates in isolation, forcing
researchers to stitch together different tools that are not always interoperable [16].

Recent advances in natural language processing (NLP) have begun to shift the focus from
traditional machine learning pipelines to modern Large Language Models (LLMs), such as GPT-4
and other state-of-the-art architectures [20]. Unlike conventional semi-automated screening tools,
LLMs can classify abstracts in a zero-shot or few-shot mode simply by relying on well-structured
prompts that detail inclusion and exclusion criteria [21]. Multiple studies have evaluated LLMs
against human screening in diverse domains and reported encouraging results, albeit with notable
variability across different models and datasets [22]. Recent studies highlight both the promise and
variability of LLMs in medical literature screening. For instance, Delgado-Chaves et al. (2025)
evaluated 18 LLMs across three clinical domains, observing classification accuracy ranging from 40%
to 92%. Their work emphasized the critical role of human oversight, showing how iterative
refinements to inclusion/exclusion criteria could substantially enhance model performance.
Similarly, it has been shown that systematic prompt optimization enabled GPT-40 and Claude-3.5 to
achieve sensitivities and specificities approaching 98% for thoracic surgery meta-analyses, suggesting
that targeted adjustments during screening rounds yield measurable improvements [23]. Meanwhile,
investigations into open-source models revealed similar dependencies on design choices: testing of
four LLMs on biomedical datasets documented dramatic fluctuations in sensitivity and specificity
based on model selection and prompt phrasing [24]. And even high-performing models such as GPT-
4 have been reported to falter when confronted with dataset imbalances or low-prevalence agreement
scenarios—a potent reminder of the persistent gap between laboratory validation and real-world
application [25]. Such findings attest to the growing promise of LLMs for accelerating the screening
phase of systematic reviews, but also highlight the need for human oversight in verifying edge cases
and ensuring high recall.

Modern LLMs can be rapidly adapted through prompt engineering, often making them more
flexible for screening tasks in varied domains [26]. Nevertheless, clear protocols and refined
inclusion/exclusion criteria remain vital because even the most advanced LLM can propagate errors
if initial instructions or domain-specific nuances are overlooked [23,27]. Amid these opportunities
and caveats, the question is no longer whether LLMs can assist in systematic review screening, but
rather how best to implement them so that they enhance speed and consistency without
compromising the rigorous standards necessary for high-quality evidence synthesis [28].


https://doi.org/10.20944/preprints202503.0981.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 March 2025

The aim of this paper is therefore to provide a practical, step-by-step guide for integrating LLMs
into the literature screening stage of systematic reviews, maintaining the balance between
computational efficiency and the methodological rigor essential for evidence-based conclusions.

2. Methodological Proposal
2.1. Key Definitions

Systematic reviews follow predefined protocols to collect and synthesize evidence in a
transparent manner [1], while LLMs are sophisticated generative models capable of interpreting
language [29].

Prompt engineering is the practice of carefully crafting the instructions or queries (prompts)
presented to an LLM, with the goal of eliciting the most accurate or context-appropriate response
[30]. In zero-shot classification, the model applies instructions to novel tasks without prior specialized
training. In few-shot classification, it can absorb context from a handful of examples provided in the
prompt [31].

Recall in screening refers to the proportion of truly relevant articles the model correctly
identifies, whereas precision is the proportion of articles labeled relevant that genuinely meet the
inclusion criteria [32]. Throughout this paper, both recall and precision serve as indicators of
screening quality.

2.2. Conceptual Rationale

The proposed methodology builds on systematic review best practices and combines them with
LLM-based screening. The primary rationale is that an LLM can operate in a zero-shot or few-shot
capacity, enabling efficient classification of abstracts without a lengthy training phase, and saving
time for researchers to focus on other aspects of the review process. By structuring prompts around
well-defined inclusion and exclusion criteria, it becomes possible to exploit an LLM’s language
understanding to categorize studies and identify articles that are pertinent and relevant for the
systematic review. This process still requires careful human intervention, especially for checking gray
areas and refining prompt wording [28].

2.3. Scope and Requirements

Researchers and students who already have a grasp of systematic review processes and basic
computational techniques will find this framework particularly accessible, although the level of
technical proficiency required may vary according to the chosen implementation. At a minimum,
users need reliable access to a modern LLM such as GPT-4, GPT-3.5, or Deepseek rl, which can be
accessed through a cloud-based API [33]; some LLMs can be installed locally if suitable hardware
and software are available [34]. Establishing API-based access involves setting up credentials and
ensuring a stable internet connection, whereas running an LLM locally requires significant
computational resources, including a dedicated GPU with sufficient memory (usually 8-16 GB of
VRAM for smaller open-source models and substantially more for larger architectures). Cloud
services such as Google Colab can be a useful resource to run models remotely on platforms equipped
with the necessary resources [35]. These hardware demands can influence the scale of the review and
the practicalities of high-volume screening, particularly when screening thousands of abstracts.

A critical element of this setup is a robust environment for data handling and preprocessing.
Python, along with commonly used libraries like pandas [36], is an efficient choice for organizing
references, removing duplicates, and converting downloaded records into a uniform tabular format
(e.g., pandas’ DataFrame) and possibly a uniform file format for data storage (e.g., CSV). Although
coding expertise does not have to be extensive, a working knowledge of Python syntax, basic
scripting, and command-line tools significantly streamlines the process of merging database outputs,
cleaning messy metadata, and customizing LLM prompts [37]. Familiarity with virtual environments
or package managers (such as conda or pip) can be particularly helpful for maintaining consistency
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and reproducibility, since the rapid pace of Al development often results in frequent updates and
version changes to software packages [38].

Teams should also consider the potential costs associated with API-based LLM services,
especially if the review involves screening large numbers of abstracts [39]. Balancing the benefits of
higher accuracy from more advanced models with the financial impact of repeated queries is vital for
long-term feasibility. If budgets are constrained, smaller open-source models may provide an
adequate starting point, even though they occasionally require more extensive prompt tuning or
additional error checking to reach acceptable levels of recall and precision [40—42]. For users planning
to work on private or sensitive datasets, local deployment of open-source or self-hosted models can
address data security concerns, but this option does increase the burden of setup, hardware
maintenance, and ongoing troubleshooting [43-46].

2.4. Prerequisites

Before integrating LLMs into the screening phase of a systematic review for clinical medicine,
several fundamental methodological elements must be in place. The first consideration is a clear
research question supported by fully defined inclusion and exclusion criteria, often summarized
through frameworks such as PICO (Population, Intervention, Comparison, Outcome) or one of its
close variations [3,47-49]. For instance, a review investigating “the effectiveness of antihypertensive
Drug A versus placebo in reducing systolic blood pressure among adults with hypertension” would
specify:

e  Population: Adults aged 18-75 with primary hypertension,

¢ Intervention: Daily oral administration of Drug A,

e  Comparison: Placebo,

e Outcome: Mean change in systolic blood pressure at 12 weeks.

PICO is a useful heuristic tool to breakdown a relevant clinical question into its constitutive
components, so that an effective search strategy can be drafted, but also, as we will show, an effective
LLM prompt.

Dai et al. demonstrated that the precision of an LLM’s output depends substantially on how
accurately these criteria are translated into prompts or instructions [23]. Articulating the review
question in detail ensures that the model can target specific populations, interventions, and outcomes
without veering into irrelevant territory [50].

3. Step-by-Step Methodology
3.1. Conduct a Broad Database Search

The screening workflow begins (Figure 1) with a comprehensive search for potential studies in
relevant databases [51,52]. Database access forms a cornerstone of any systematic review [53,54].
Researchers should have access to the comprehensive or domain-specific databases—such as
Medline, Embase, Scopus, or specialized repositories—to capture a broad array of publications
[51,53-55]. Medline is undoubtedly the most renowned literature database in biomedicine and can
be freely accessed both through its PubMed web portal but also directly through command line via
AP, using specific python libraries, such as Biopython [56], which is advantageous because retrieved
articles can be stored in data structures that can be passed directly to LLMs.

In most systematic reviews, querying the databases involves crafting detailed strategies that
reflect the components outlined by PICO. Queries are often expanded to include synonyms, related
keywords, and Medical Subject Headings (MeSH), if applicable, to avoid overlooking relevant
articles [57]. These elements can be combined in a database-specific syntax to query the database [58].
For example, a review evaluating “the efficacy of cognitive behavioral therapy (CBT) versus antidepressants
for reducing depressive symptoms in adolescents” might generate a PubMed query structured as:

(“Adolescent”[MeSH] OR “teen*”[tiab] OR “youth”[tiab])

AND (“Cognitive Behavioral Therapy”[MeSH] OR “CBT”[tiab])


https://doi.org/10.20944/preprints202503.0981.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 March 2025

AND (”Antidepressive Agents”[MeSH] OR “SSRI”[tiab] OR “SNRI”[tiab])
AND (“Depression”[MeSH] OR “depressive symptoms” [tiab])
AND (“Treatment Outcome”[MeSH] OR “remission” [tiab])

Broad Search

Preprocess & Deduplicate

Choose LLM

Define Prompt

Initial Screening

Human Verification

Refine Prompts & Models

Final Analysis

Figure 1. Flowchart of the LLM-based screening process. The diagram illustrates the sequential steps involved

in utilizing a large language model (LLM) for systematic literature screening.
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Once the searches are executed, the resulting citations are exported in a consistent format—such
as CSV, RIS, or XML —that can be imported and processed by data-analysis libraries in Python (or
other environments). If the query is conducted by accessing PubMed via AP, the results can be stored
as a python data structure (e,g, a pandas’ DataFrame), ready for subsequent processing.

3.2. Preprocess and Deduplicate Records

After collating results from multiple databases, the records must be cleaned and standardized.
This often involves removing exact duplicates—an issue that arises frequently when the same article
appears across different platforms—and converting files to a uniform character encoding (e.g., UTE-
8) to avoid text corruption. Researchers would typically unify column headers for Title, Abstract,
Publication Date, and other relevant metadata so that subsequent methods, including LLM-based
screening, can operate without confusion. Attention to detail at this stage pays off in later steps, as it
prevents misclassification and missed articles caused by inconsistent data fields [59]. While
preprocessing sounds mundane, data cleaning can dramatically improve downstream performance
by reducing irrelevant noise that misleads both conventional machine learning pipelines and modern
LLMs [27].

3.3. Choose the Right LLM(s) and Prompt

At the heart of any systematic review pipeline augmented by LLMs lies a twofold decision:
which model to deploy and how to craft its prompts to optimize recall and precision. Smaller-scale,
open-source architectures like GPT-2 or Flan T5 might suffice for pilot studies or when hardware and
budget constraints prohibit more advanced solutions, yet these simpler models can struggle with
contextual complexity, potentially requiring additional prompt engineering to maintain accuracy
[60]. More recent and larger architectures, such as GPT-3.5, GPT-4, or other open-source models like
the Deepseek family, have demonstrated superior performance in a variety of tasks, including
domain-specific literature screening, but come at the cost of increased computational overhead and
possible API usage fees.

Comparative evaluations consistently show that larger models can excel in contextual
awareness, preserving coherence when confronted with intricate abstracts, while smaller models
often produce output more quickly but risk overlooking nuanced details. Generation speed and
context management can vary widely across models depending on both the underlying architecture
and the target hardware environment [61].

The choice of model also intersects closely with the available infrastructure. Deployed solutions
that rely on cloud-based APIs (e.g., GPT-3.5 or GPT-4 via OpenAl) offer scalability but can become
expensive at high volumes and raise concerns over data security if abstracts contain sensitive
information [43]. Even among API-based solutions, performance can differ if concurrency limits or
prompt length restrictions apply, as larger context windows deliver more accurate results but also
increase both processing time and token-related costs [62]. These efficiency considerations become
especially relevant in systematic reviews, which can easily involve thousands of abstracts to classify.
Overly long prompts, although potentially more instructive, may result in slower inference speeds,
and a near-linear increase has been observed in total processing time in models receiving large
prompt sizes [61]. Researchers must weigh the complexity of their prompts—particularly if they
include multiple inclusion/exclusion criteria or domain-specific nuances —against the desire for rapid
classification.

Developing effective prompts remains the other crucial pillar in model selection. Even advanced
models with large context windows can produce erratic outputs if the instructions conflict or are
excessively vague. Slight rewording of a prompt can either inflate false positives (when instructions
are too permissive) or inadvertently exclude relevant studies (when instructions are too strict) [23,27].
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3.4. Understanding Prompt Fundamentals and Challenges

A prompt refers to the instructions, context, or background information given to a LLM so that
the model can respond in a manner consistent with the user’s objectives [63]. Unlike traditional
machine learning classifiers that rely on iterative retraining, modern LLMs use these prompts as
immediate instructions, which guide the model’s behavior. The structure of a well-crafted prompt
typically includes a concise statement of the task (for example, “You are assisting in a systematic
review”), any relevant context (such as inclusion/exclusion criteria or a description of the population
and interventions), the textual data to be analyzed (i.e., the title or abstract), and explicit output
instructions (indicating whether to “ACCEPT” or “REJECT”). In the context of systematic reviews,
prompts often encode key methodological requirements—whether defined via PICO or other
frameworks—so that an LLM can scan each abstract for relevant details like patient characteristics,
study design, or reported outcomes [64].

Below is a template for a possible prompt that uses PICO criteria for a literature search of RCTs:

System: You are an Al assistant helping with a systematic review on [TOPIC OR CONDITION].

User Prompt: You will decide if each article should be ACCEPTED or REJECTED based on the
following criteria:

Population (P): Adult patients (=18 years) with [SPECIFIC POPULATION OR CONDITION]. If
the abstract does not mention age, or does not clearly describe non-adult populations, do not
penalize.

Intervention (I): Must involve [INTERVENTION 1] combined with [INTERVENTION 2]. If
either is implied or partially mentioned, do not penalize.

Comparison (C): Ideally a group that uses [CONTROL OR COMPARISON], or some control
lacking [KEY INTERVENTION]. If not stated but not contradicted, do not penalize.

Outcomes (O): Must measure [PRIMARY OUTCOME] or at least mention [SECONDARY
OUTCOMES OR RELEVANT PARAMETERS]. If the abstract does not state outcomes explicitly but
mentions [RELEVANT OUTCOME KEYWORDS], do not penalize.

Study design: Must be an RCT or strongly imply random allocation. If uncertain, do not penalize.

Follow-up: Minimum [X] months. If not stated or unclear, do not penalize unless it says <[X]
months.

Decision Rule: If no criterion is explicitly violated, respond only with “ACCEPT.” If any criterion
is clearly contradicted (e.g., non-randomized design, pediatric population, <[X] months follow-up),
respond with “REJECT.” Provide no additional explanation.

Title: {title}

Abstract: {abstract}

Researchers can enhance prompt clarity by stripping away extraneous details, ensuring that
essential instructions are easily distinguishable from background information. In systematic review
applications, this often means specifying the precise triggers for “ACCEPT,” e.g., randomized study
designs and adult populations, versus the explicit triggers for “REJECT,” e.g., purely animal research
or pediatric cohorts.

The complexity of biomedical abstracts, which may discuss multiple interventions, outcomes, or
populations, can pose a challenge if prompts are too broad, too vague, or contain contradictory
statements. For instance, telling the LLM to accept studies if they mention any adult participants but
then also requesting rejection if the study includes children under 18 could lead to confusion if the
abstract features a mixed population. Careful wording of the criteria or prompt instructions can thus
mitigate incorrect interpretations, a phenomenon made more likely when dealing with large corpora.

Another key challenge is ensuring that the model does not “hallucinate” details not actually
present in the abstract [65]. Because LLMs are probabilistic text generators trained on diverse textual
corpora, they can sometimes invent content—such as extra interventions, specific follow-up
durations, or outcome measures—simply because the prompt or question implies these details are
relevant, and countermeasures to mitigate this phenomenon are a fertile area of investigation [66—
68]. A simple approach could be just encouraging the model to cite the exact words or phrases in the
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abstract that justify its decision, although verifying the accuracy of these cited quotes still requires
careful human oversight.

Prompt refinement typically evolves through iterative testing. Many researchers begin with a
“soft” or inclusive instruction set that aims to maximize recall, then review a subset of “Accepted”
outputs to identify obvious false positives that indicate the need for more stringent language.
Likewise, a “strict” approach can guard against irrelevant articles but risks excluding borderline
studies whose abstracts do not explicitly list every inclusion criterion. In such instances, a prompt
that directs the model to label a study as “INSUFFICIENT INFORMATION” may help flag
ambiguous cases for further manual review. Domain-specific jargon or abbreviations also introduce
complexity, since the LLM might misinterpret specialized terms or incorrectly infer the presence of
required conditions [69]. For instance, a study might use “RCT” in the text but never explicitly
mention “randomized controlled trial,” leading certain prompts to accept or reject the article
prematurely if they only look for the spelled-out term. Researchers should therefore tailor prompts
to the language patterns common in the target domain, possibly by leveraging known synonyms or
by describing relevant terms in the instructions (“Consider an ‘RCT’ the same as a ‘randomized
controlled trial’”). Even in a best-case scenario, LLMs might misclassify abstracts that mention
unclear or conflicting details. While advanced LLMs have grown remarkably adept at context-
sensitive classification, no prompt can capture every edge case in biomedical literature, particularly
in specialized reviews that examine niche interventions or unique study designs. Documenting
prompt versions, analyzing errors, and iterating toward more precise instructions remain central to
balancing recall, precision, and cost efficiency for large-scale screening efforts.

3.5. Perform Initial Screening

Once the prompt strategies are established, the LLM can be applied to classify each abstract as
either “Accepted” or “Rejected.” This step typically involves passing the abstract text and the relevant
prompt to the LLM and collecting the output in a structured data frame. Metadata such as
timestamps, model version, or confidence levels (if provided by the API or tool) can also be recorded
for subsequent auditing and reproducibility. Consistent recordkeeping at this juncture lays the
groundwork for quality assurance and the potential to replicate the screening approach in the future
[12].

3.6. Human Verification and Error Analysis

Human expertise remains indispensable in systematic reviews, even when leveraging advanced
language models [70]. Researchers typically begin by scrutinizing a subset of “Rejected” articles to
identify false negatives—studies that were incorrectly excluded. If borderline cases appear in this
category, adjustments to prompt wording or acceptance thresholds may be necessary. Conversely, a
quick review of “Accepted” abstracts helps detect obvious false positives. This iterative feedback
loop, reminiscent of semi-automated screening tools [14,15], can be accomplished more rapidly and
flexibly through zero-shot or few-shot prompting in LLMs. Refinements continue until the screening
team is satisfied that the model reliably captures relevant studies without becoming overly
permissive. Once optimized, these prompt settings can be incorporated into ongoing or future
screening efforts, with systematic refinement shown to improve both recall and precision while
reducing reviewer workload [23]. Figure 2 illustrates a possible workflow for prompt refining.
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1. Define Prompt & Model Settings

v

2. Run LLM-Based Initial Screening
(Apply the prompt, classify each abstract)

3. Collect Classifications
("Accepted"/"'Rejected") in a Structured Format

v

4. Human Verification & Error Analysis
- Check subset of "Rejected" (FNs?)
- Check "Accepted" (FPs?)

5a. Adjust Prompt or Model Settings (if needed) 5b. Accept/Refine Final Screened €
(Repeat steps 2-4 as necessary) {Confirm final inclusions)

Figure 2. Flowchart of the prompt refining process. The diagram illustrates the sequential and iterative steps
involved in refining the prompt for LL-based literature screening.

3.7. Best Practices and Recommendations

Maintaining high recall is critical, as omitting relevant articles risks weakening the entire review.
To mitigate this, a consensus favors maximizing inclusivity during database searches and the early
screening phases —accepting borderline cases to avoid excluding key studies prematurely [71-74].

Clear inclusion/exclusion criteria are essential to reduce unpredictable misclassifications, and all
changes to prompts or model settings should be carefully documented, including the rationale and
observed impacts on accuracy or recall. Pilot tests screening small sets of known abstracts may be
very valuable for surfacing issues early, preventing downstream errors that might otherwise emerge
only after processing thousands of articles. While these checks may seem laborious, they safeguard
reproducibility and avert more significant oversights.

Cost is another practical consideration, particularly when using proprietary models with API-
based pricing [75]. Although ongoing refinement and error analysis may eventually lower expenses
by reducing unnecessary queries, research teams must weigh the financial overhead of repeated API
calls against potential performance gains. A flexible, layered approach often balances efficiency and
rigor effectively. Early screening rounds benefit from broad prompts and inclusive language to
preserve potentially relevant studies, while later phases can adopt stricter criteria or incorporate prior
labels to filter clearly irrelevant articles, thereby improving precision and reducing the full-text
workload. Throughout this process, error analysis—especially the detection of false negatives—
remains central to safeguarding evidence integrity. Strategically limited manual checks, such as
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random sampling of “Rejected” articles or verification of ambiguous abstracts, confirm model
reliability without requiring exhaustive rechecks [27], preserving the time-saving advantages of
automation.

Ultimately, LLMs should be viewed as high-efficiency filters that augment—rather than
replace—expert judgment. Whether employing a single inclusive prompt strategy or a multi-stage
filtering model, iterative refinement and selective validation allow the method to adapt to the
review’s scope, resource constraints, and citation volume.

4. Discussion

The adaptability of LLMs offers a clear advantage over more rigid machine learning models [76].
In zero-shot or few-shot modes, the model’s performance depends heavily on how well the prompt
captures the essence of the inclusion and exclusion criteria. It has been shown that refining those
criteria substantially boosts accuracy and can approach human-level recall [23,27]. These gains do
not negate the importance of human expertise. Rather, oversight remains pivotal to interpret
borderline abstracts, continually adjust prompts, and preserve the rigor of evidence synthesis [77].

Beyond these technical considerations, recent literature emphasizes the need for explicit
guidelines to optimize LLM usage in research contexts [78-83], highlighting the importance of
transparency in disclosing Al involvement and the ethical requirement of human accountability. As
the importance of Al is growing exponentially in science as much as in everyday life, education on
the strengths and limitations of language models is critical to users.

Scholars caution that LLMs should not replace expert judgment; rather, they should enhance it
by rapidly filtering large volumes of text, provided their outputs are continually verified and
documented for reproducibility. Transparency about any Al-assisted workflow is essential to
maintain scientific integrity [78], and risks like hallucinations and bias must be mitigated through
ongoing validation. [83] Likewise, Raj et al. suggest that structured methods—whether fine-tuning
or retrieval-augmented techniques—can boost performance, but only if accompanied by guidelines
that ensure data curation and prompt engineering are implemented consistently and responsibly
[79,84]. Adopting such measures is of particular importance when applying LLM-based screening to
medical fields, given the high stakes of omitting relevant studies or introducing biased results into
the evidence base [80].

The workflow outlined in this paper addresses many of the time and resource challenges
associated with traditional screening, but it also introduces new considerations, such as how to
manage prompt complexity, maintain cost-effectiveness when making numerous API calls, and log
each classification for reproducibility. These authors are convinced that combining LLM technologies
with robust oversight, adherence to ethical standards, and comprehensive user training, will ensure
that these tools bolster rather than compromise the credibility of systematic reviews.

5. Conclusions

Integrating LLMs into systematic review screening offers substantial time savings during the
initial evaluation of abstracts, particularly when well-defined inclusion criteria are applied. The use
of LLMs not only potentially expand the scope of literature that can feasibly be screened but also
alleviate the burden on research teams. By selecting appropriate LLMs, tailoring prompts to their
capabilities, conducting manual validation, and documenting iterative refinements, it is possible to
achieve robust recall and precision while maintaining the integrity of evidence-based conclusions.
Standardized guidelines are however needed to integrate these powerful instruments into the routine
of literature screening. As LLMs and Al-based solutions continue to evolve, the step-by-step
framework presented here provides a starting point for leveraging these tools responsibly and
effectively in systematic review processes.
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