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Abstract: Large language models (LLMs) have emerged as powerful tools for (semi-)automating the 

initial screening of abstracts in systematic reviews, offering the potential to significantly reduce the 

manual burden on research teams. This paper provides a broad overview of prompt engineering 

principles and highlights how traditional PICO (Population, Intervention, Comparison, Outcome) 

criteria can be converted into actionable instructions for LLMs. We analyze the trade-offs between 

“soft” prompts, which maximize recall by accepting articles unless they explicitly fail an inclusion 

requirement, and “strict” prompts, which demand explicit evidence for every criterion. Using a 

periodontics case study, we illustrate how prompt design affects recall, precision, and overall 

screening efficiency, and discuss metrics (accuracy, precision, recall, F1 score) to evaluate 

performance. We also examine common pitfalls, such as overly lengthy prompts or ambiguous 

instructions, and underscore the continuing need for expert oversight to mitigate hallucinations and 

biases inherent in LLM outputs. Finally, we explore emerging trends, including multi-stage screening 

pipelines and fine-tuning, while noting ethical considerations related to data privacy and 

transparency. By applying systematic prompt engineering and rigorous evaluation, researchers can 

optimize LLM-based screening processes, allowing for faster and more comprehensive evidence 

synthesis across biomedical disciplines.  
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1. Introduction 

Systematic reviews and meta-analyses are vital tools in evidence-based medicine because they 

synthesize data from multiple studies to provide robust insights into the effectiveness, safety, or 

comparative value of different healthcare interventions [1–3]. Yet one of the most demanding aspects 

of conducting a systematic review is screening the often thousands of abstracts retrieved from broad 

database searches—a process that is time-intensive, cognitively fatiguing, and subject to human error 

[4]. This workload can pose a substantial barrier to timely and accurate evidence synthesis, especially 

as the pace of publishing in biomedical research accelerates exponentially, and the need for constant 

updates becomes pressing [5].  

Systematic reviews typically begin by searching databases such as PubMed, Embase, Scopus, or 

the Cochrane Library with highly sensitive queries [6]. These queries are often broad so as not to miss 

potentially relevant studies [7]. The result can be thousands of unique hits and normally more than 

one independent human reviewers then assess titles and abstracts, discarding studies that clearly do 

not meet the inclusion criteria [8]. Even in well-coordinated teams, this process can be lengthy and 

prone to errors from fatigue or inconsistent interpretations [9]. 
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A structured framework commonly used in clinical research for defining questions and inclusion 

criteria is PICO (Population, Intervention, Comparison, Outcome) [10]. Researchers have diversely 

expanded this tool to PICOT (adding Time or Type of Study [11]), PICOS (adding Study Design), or 

reformulated it to SPIDER (Sample, Phenomenon of interest, Design, Evaluation, Research type) 

[12,13]. Generally speaking, PICO is a versatile tool, which can be used to better formulate a relevant 

clinical question, or to structure a systematic literature search [14]. When screening for relevant 

studies for a systematic review, these PICO criteria can effectively become filters to summarize the 

requirements that must be met for inclusion. If an article’s abstract meets certain criteria—e.g., “adult 

population,” “RCT design,” “minimum six-month follow-up”—it moves forward, whereas articles 

that fail these requirements are excluded [15]. 

Recent innovations in artificial intelligence (AI) and natural language processing (NLP) have led 

to the development of several tools to help scholars conduct easier and faster systematic reviews [16–

18]. Recently, the rise of large language models (LLMs) capable of generating human-like text and 

performing complex textual reasoning tasks has opened the way to unexpected possibilities [19]. 

Among these, the GPT (Generative Pre-trained Transformer) family—particularly GPT-3.5 and GPT-

4—[20], and, more recently the Deepseek family [21] have attracted significant attention for their 

remarkable ability to interpret and produce language at a near-human level. These models promise 

to automate or semi-automate various steps in the systematic review workflow, including the 

notoriously laborious initial screening of titles and abstracts [20]. To put it briefly, researchers have 

started to use LLMs to comb through the literature and identify relevant articles for systematic 

reviews, instead of leaving this task to human teams [22].  

If an LLM can reliably read an abstract and decide whether it meets the PICO criteria, researchers 

might only need to examine a reduced set of articles that the model deemed “ACCEPT.” This 

approach cuts the time spent on obviously irrelevant articles and dramatically reduce the screening 

burden.  

However, successfully deploying LLMs for such screening tasks requires more than simply 

providing these algorithms an abstract and asking, “Should this be included?” All LLM models need 

a precise set of instructions, known as prompt, to operate effectively. A correct prompt engineering, 

i.e. crafting clear, context-rich instructions, is therefore key to produce the desired output [23] and 

recent publication have highlighted the relevance of these skills for the medical profession [24,25]. 

Prompt engineering becomes especially important in situations like zero-shot or few-shot 

classification, where the model is not fine-tuned on a large set of domain-specific examples but must 

instead rely on the prompt itself to guide its reasoning [26]. 

This article will briefly explore what large language models are, the differences between zero-

shot and few-shot approaches, and how these concepts apply to the screening of biomedical 

literature. After establishing these foundations, we shall provide a detailed tutorial on writing 

prompts—ranging from softer to stricter styles—that guide LLMs to accept or reject abstracts based 

on PICO-based inclusion criteria. We also discuss best practices, pitfalls, iterative testing, and 

potential future directions of AI-augmented systematic review workflows. Our hope is that 

researchers in dentistry and medicine fields ranging from periodontology to oncology, and beyond, 

can use these techniques to accelerate their reviews, maintain high standards of methodological rigor, 

and ultimately enhance evidence-based decision-making in healthcare. 

2. Understanding Large Language Models Beyond the Buzzwords 

2.1. The Transformer Revolution 

The evolution of Large Language Models (LLMs) possibly began with Statistical Language 

Models (SLMs) in the 1990s, which relied on probabilistic methods to predict word sequences. These 

were succeeded by Neural Language Models (NLMs) in the early 2010s, utilizing deep learning to 

better capture word relationships. The introduction of Pre-trained Language Models (PLMs), 

including BERT and GPT, revolutionized natural language processing by applying unsupervised 
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training on massive corpora before fine-tuning for specific applications. The modern era of LLMs 

probably began with OpenAI's GPT series, marking a shift toward massive-scale transformer-based 

models capable of generating human-like text [19]. 

In 2018, OpenAI introduced GPT-1, demonstrating the potential of generative pre-training to 

improve downstream tasks [27]. One year later, GPT-2 expanded the parameter count to 1.5 billion, 

yielding notably improved fluency and coherence, though it remained prone to factual inaccuracies 

[28]. In 2020, OpenAI released GPT-3, a 175-billion-parameter model that popularized few-shot 

learning, allowing users to guide the model with minimal examples in the prompt [29]. GPT-3’s 

ability to engage in zero-shot reasoning and process deep contextual understanding expanded its 

application range, though factual precision remained an issue [30]. The Transformer architecture, 

introduced in 2017, played a crucial role in enabling these advancements by efficiently handling long-

range dependencies, outperforming recurrent-based approaches [31–33]. Transformers use a 

mechanism called “self-attention” to weigh the importance of different words in a context, allowing 

the model to handle long-range dependencies far more efficiently than earlier recurrent networks 

(e.g., LSTM or GRU) [34,35]. 

By 2022, OpenAI refined its model with GPT-3.5, improving coherence and reducing 

susceptibility to generating off-topic or erroneous statements [36]. This version became widely 

accessible through ChatGPT, significantly enhancing conversational fluency and adherence to 

complex instructions [37]. In 2023, OpenAI released GPT-4, also available in an optimized form (GPT-

4o), further pushing the boundaries of context management and logical consistency, though its exact 

architecture and parameter count remain partially undisclosed. GPT-4 has shown particular promise 

in specialized fields like biomedical research, where tasks such as summarizing scientific articles or 

screening abstracts for systematic reviews benefit from its advanced natural language processing 

capabilities [38–40]. 

Around the same time, other organizations entered the LLM race, offering alternatives to 

OpenAI’s models. Meta introduced the Llama family, including Llama 2, in semi-open-source 

formats, giving researchers more flexibility in local deployment [41]. Google unveiled Gemini, 

reported to incorporate multimodal reasoning and compete directly with GPT-4 [42]. Anthropic 

developed Claude, focusing on safe and transparent language generation [43], while Alibaba 

introduced Qwen, emphasizing multilingual capabilities and domain specialization [44]. Additional 

models, such as DeepSeek, reflect the trend of expanding LLM architectures, with each new system 

claiming unique advantages—whether in safety, scale, multilingual support, or reduced 

hallucinations [45]. Though many of these emerging models have yet to be extensively tested for 

biomedical applications, they provide alternative pathways, particularly for domain-specific 

automated screening tasks. 

Importantly, some of these LLMs can be downloaded and run locally, provided sufficient 

computational resources are available [46], or deployed using platforms like Google Colab with 

access to high-end GPUs [47]. Others, including GPT-3.5 and higher, are primarily accessed via 

Application Programming Interfaces (APIs), allowing researchers to use powerful hosted models 

without requiring dedicated hardware [48]. In some cases, such as the more advanced GPT-o1, or 

GPT-o3 model families, limited API access is currently available only to selected users. Local 

deployment appeals to users needing full control over the model’s environment or those concerned 

about data privacy, while API-based access enables scalability and ease of integration. This 

distinction is particularly relevant for systematic review projects, where considerations of privacy, 

cost, and computational power influence the choice of model deployment.  

What sets large language models apart is their scale [49]. By training on trillions of tokens (words 

or subword units) [50], LLM develop a remarkably broad understanding of language, style, factual 

knowledge, and even some reasoning capabilities [45,51–53]. LLMs can perform tasks such as 

summarizing text, translating languages, answering questions, and classifying content—all without 

being explicitly programmed or fine-tuned for each specific task, but as a result of their massive-scale 

training [54]. 
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2.2. Strengths, Caveats, and Uncharted Territories 

Using LLMs to screen the biomedical literature is a promising approach, with the potential of 

dramatically reducing the burden currently carried by the investigators [20,22,55]. However, it 

should be noted that in practice, many biomedical abstracts may omit critical details (e.g., exact 

follow-up durations or explicit randomization methods) [56]. In such cases, the translation of PICO 

criteria into prompts may face challenges, necessitating fallback strategies (e.g., flagging ambiguous 

abstracts for human review). 

Recent LLMs excel at parsing and generating text, allowing them to process a prompt and 

respond with coherent, contextually relevant, and sometimes creative answers, thanks to a broad 

knowledge base acquired during pre-training [57]. Despite these strengths, they also exhibit key 

limitations that can affect their utility for specialized tasks. One notable issue involves hallucinations, 

where the model confidently supplies factually incorrect information [58]. For example, it might 

reference a randomized controlled trial in “Journal X, 2018” that does not actually exist, complete 

with fabricated authors and findings. In the context of systematic reviews, such hallucinations can be 

particularly harmful if researchers mistakenly trust these invented details, thereby compromising the 

reliability of study selection or data extraction. 

Another challenge is the sensitivity to prompting, in which minor rephrasing of instructions can 

produce markedly different outputs [59–61]. As an illustration, changing a guideline from “Accept if 

participants are X” to “Reject if participants are not X” could lead to unforeseen consequences in a 

given model, even though the underlying logic is similar.  

A further limit arises from domain gaps, where the model’s broad training does not always 

capture specialized terminology or conventions in fields like biomedicine—an LLM might 

misinterpret “CAL” (clinical attachment level in periodontics) as referring to “calories,” for instance 

[62].  

Finally, LLMs often mimic patterns in their training data rather than performing true logical 

inference [63], causing them to replicate style and phrasing without genuinely evaluating the content. 

In spite of these shortcomings, LLMs remain highly adaptable tools, capable of classifying scientific 

abstracts or performing other tasks with minimal additional training, provided that users structure 

prompts carefully and remain vigilant to potential errors. 

2.3. Where to Draw the Line: Titles, Abstracts, or Full Text? 

Determining which portion of an article to use for screening is a critical decision in systematic 

reviews, and it has substantial implications for both accuracy and efficiency [64]. Traditionally, 

reviewers begin by examining titles alone, which can be rapidly scanned to discard clearly irrelevant 

studies—like those focusing on a different patient population or unrelated interventions [9]. We have 

successfully used titles in numerous Topic Modeling investigations, because titles very effectively 

summarize the theme of a paper [65–67]. However, titles often provide few details and can lead to a 

high number of false positives, pushing many irrelevant items into the next stage. 

The next, more informative option is the abstract [68], which is widely accessible through major 

free databases (e.g., Medline, Google Scholar) without any paywall restrictions, unlike the full texts 

which may require a fee [69]. Abstracts typically summarize the study’s population, interventions, 

primary outcomes, and, in many cases, methodological details such as randomization or follow-up 

duration [70]. In many respects, abstracts represent a modern evolution of summaries; once relegated 

to a section at the end of an article, they have now become the predominant—and sometimes 

exclusive—means of conveying essential information in bibliographic searches [71]. By using this 

brief but comprehensive snapshot, readers, reviewers (and now, LLMs) can make an informed 

decision about eligibility. Screening abstracts represents a middle ground that balances depth of 

information with practicality: the text is concise enough for AI algorithms to parse quickly, yet 

usually detailed enough to capture key inclusion or exclusion criteria. In addition, abstracts are 

standardized in many biomedical reports, making them relatively uniform across studies [72]. 
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A potential expansion of screening is to consider full-text articles, which can eliminate ambiguity 

by allowing the reviewer or LLM to access all methodological and outcome details [73]. This 

approach, however, poses significant logistical and computational challenges. First, acquiring full-

text—especially for large search results—may require additional subscriptions or interlibrary loans, 

and many databases do not host the entire paper [74–77]. Second, in the case of LLMs, feeding long 

documents to AI systems can be computationally expensive, potentially exceeding token limits in 

certain large language model APIs. Full-text processing also increases inference time per article, 

which, for thousands of items, can become quite costly in terms of both machine time and financial 

cost, if using paid APIs. 

For systematic reviews seeking to incorporate large language models, adopting an abstract-

based screening step thus emerges as an efficient starting point, aligning well with existing 

workflows, cost constraints, and the easily retrievable nature of abstracts across major bibliographic 

databases. 

3. Evaluation Metrics for Classification Tasks 

3.1. The Basics of Classification Metrics 

When assessing the effectiveness of LLMs in classifying abstracts for a systematic review, it is 

helpful to first understand four fundamental terms [78]. A true positive (TP) describes a situation 

where the model labels an article as relevant (ACCEPT) and the article indeed meets the inclusion 

criteria of the review. A false positive (FP) arises when the model also labels an article as relevant, 

yet that article proves to be irrelevant upon verification. By contrast, a true negative (TN) occurs if 

the model rejects an article (REJECT) and this rejection is correct, while a false negative (FN) is a 

scenario in which a relevant article is mistakenly rejected; in case of a systematic review, this is 

probably the most feared scenario, i.e. missing useful evidence. Literature searches for systematic 

reviews tend to be design to minimize FN articles, at the expenses of a higher number of FP, which 

can be tradionally filtered out during the subsequent manual screening. 

Building upon these concepts, a range of metrics can be calculated to evaluate model 

performance [79]. Accuracy measures the proportion of correct predictions (both ACCEPT and 

REJECT) across all screened articles and is computed as:  

Accuracy= 
TP+TN

TP+TN+FP+FN
 

Although accuracy gives a quick overview of performance, it can be misleading in highly 

imbalanced datasets [80]. Suppose, for instance, that the LLM is malfunctioning and simply labels 

every abstract as relevant. Such LLM will achieve high accuracy because it correctly captures all true 

positives. Yet this outcome is practically useless, as the model fails to distinguish between relevant 

and irrelevant studies. More revealing in this context is precision, the fraction of predicted relevant 

articles that are truly relevant, expressed as: 

Precision= 
TP

TP+FP
 

Recall, also referred to as sensitivity, focuses on how well the model captures the pool of 

genuinely relevant articles [81], calculated as 

Recall= 
TP

TP+FN
 

In systematic reviews, where missing valid studies can weaken the overall analysis, recall is 

often emphasized, because this measurement gauges the amount of FNs. To provide a balanced view 

of both precision and recall, the F1 score offers a single metric by taking the harmonic mean of these 

two measures [82]: 

F1 score= 2 𝑥 
(Precision x Recall)

(Precision+Recall)
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Balancing these metrics is particularly critical in systematic reviews, where the primary concern 

is to minimize false negatives so that truly relevant research is not lost. Nonetheless, a model that 

indiscriminately accepts too many irrelevant articles may overwhelm reviewers at the next stage of 

full-text assessment, thus mitigating the gains from automation. Consequently, it is important for 

researchers to weigh recall, precision, and other metrics carefully when designing prompts and 

deploying LLM-based screening strategies in order to achieve an optimal blend of efficiency and 

completeness. 

3.2. Bringing Metrics to Life: A Practical Example 

Consider an LLM applied to screening 1,000 articles. Suppose the model identifies 200 articles 

as relevant, of which 150 are truly relevant (TP = 150) and 50 are not (FP = 50). Meanwhile, this model 

misses 10 relevant studies that it incorrectly rejects (FN = 10), and correctly rejects 790 irrelevant ones 

(TN = 790). The relevant metrics can be therefore calculated as follows (Figure 1):  

Accuracy: (150 + 790) / 1,000 = 94% 

Precision: 150 / (150 + 50) = 75% 

Recall: 150 / (150 + 10) = 93.75% 

F1 Score: 2 × (0.75 × 0.9375) / (0.75 + 0.9375) ≈ 0.83 (83%) 

In systematic reviews, the recall of nearly 94% may be acceptable, but 50 false positives remain 

a substantial number for full-text review. Adjusting the prompt to be stricter might lower recall but 

boost precision. 

Advanced users could parse chain-of-thought or confidence scores, though many GPT 

endpoints do not expose raw probabilities. Moreover, chain-of-thought outputs can be unreliable or 

verbose. Typically, using discrete “ACCEPT”/“REJECT” outputs—guided by prompt instructions—

suffices for systematic review screening. 

 

Figure 1. This histogram exemplifies the performance metrics of an LLM screening 1,000 articles. Accuracy is 

high (94%), but the trade-off between recall (93.75%) and precision (75%) suggests a tendency toward false 

positives. The F1 score (83%) highlights the balance between these factors, indicating potential for optimization 

through stricter prompting. 

4. Speak and It Shall Be Done: The Art of Prompt Engineering 

4.1. Building a Good Prompt 

A prompt is essentially the set of instructions or contextual information that a user provides to 

an LLM in order to guide its output [83]. At its simplest, a prompt might be just a quick question 
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typed into a search bar—yet it can also be highly detailed, specifying style, tone, structure, and even 

the precise format of the desired answer [84]. Generally speaking, well-structured prompts typically 

feature four key elements [85]. First, they contain an instruction, which defines the task the model 

should perform or the behavior it should adopt (e.g., “Summarize the following abstract”). Second, 

they include context, which offers background knowledge or domain-specific details that help the 

model produce more accurate and relevant responses (for example, clarifying that it is an AI assistant 

aiding with a systematic review about periodontal regeneration). Third, a prompt provides input 

data, such as the specific text or question the model must process, so it knows exactly what content 

to analyze (like an abstract describing an RCT). Finally, prompts often specify an output indicator, 

meaning they state the desired format or type of response—whether a short paragraph, a bullet list, 

or a more elaborate explanation. 

Users can combine these elements to align an LLM’s responses with their specific goals, such as 

translating text or classifying biomedical abstracts. In the specific context of literature screening, a 

prompt would incorporate context, eligibility criteria, and decision instructions, often drawing on a 

PICO (or PICO-like) framework. For instance, one might start by noting, “You are assisting in a 

systematic review on periodontal regeneration comparing Bone Morphogenetic Proteins (BMP) and bone graft 

(BG),” thereby framing the task within a particular domain. The user then outlines the key 

requirements—adult population (≥18 years), intrabony defects, RCT design, minimum six-month 

follow-up—and finally instructs the model exactly how to respond, e.g. “If the abstract satisfies these 

inclusion criteria, respond with ‘ACCEPT’; otherwise, respond with ‘REJECT.’ No additional text.” This 

structure would ensure that the LLM knows precisely what features to look for, where to find them, 

and how to format its classification. 

The structure of a prompt is crucial because LLMs do not inherently “know” how to proceed 

with every query; instead, they rely on these external directives to frame and interpret the data. A 

well-designed prompt fosters clear and consistent responses, whereas unclear or incomplete prompts 

can lead to confusion or unrelated output. Ultimately, prompts function as a crucial bridge between 

the model’s broad, pretrained knowledge and the user’s objectives—turning an otherwise general-

purpose AI system into a targeted and more reliable tool for tasks like summarizing research findings 

or identifying relevant articles in a systematic review. 

4.2. Zero, One, or Few Shots? 

When deploying LLMs for screening tasks in systematic reviews, there are multiple strategies 

that vary according to the amount and nature of guidance provided in the prompt. The simplest 

approach is zero-shot learning, where the model is tasked with classifying new abstracts (e.g., as 

“ACCEPT” or “REJECT”) based on the PICO criteria, without exposure to any labeled examples [86]. 

In this scenario, the LLM relies entirely on its pre-trained knowledge and the specific instructions 

within the prompt. Researchers can specify inclusion and exclusion rules—such as requiring adult 

patients (≥18 years old), randomized controlled trials (RCTs), or a minimum follow-up—then feed 

each abstract through this single prompt. The zero-shot approach is appealing for large-scale 

automation due to its simplicity and minimal token usage, although it may struggle in domains with 

ambiguous or complex criteria [87–89]. 

An intermediate option is the one-shot approach, which provides exactly one labeled example 

in the prompt. For instance, the user might include a single abstract that meets the criteria and is 

labeled “ACCEPT,” and rely on the model to extrapolate the classification logic for all other abstracts. 

While this single example can clarify basic requirements, it may still be inadequate for capturing 

diverse edge cases or subtleties in a specialized field like periodontology. 

A more robust method is few-shot learning, where two or more labeled examples appear in the 

prompt, illustrating both “ACCEPT” and “REJECT” decisions [90,91]. This strategy offers the model 

a small but representative range of scenarios, enabling it to better handle ambiguous abstracts. In 

systematic reviews, a few-shot approach is often feasible if a handful of known relevant and non-

relevant studies exist—for instance, when updating a previous review. However, the downside is 
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greater token consumption and increased complexity, as the prompt must accommodate not only the 

PICO-based instructions but also sample abstracts that illustrate borderline cases. Researchers must 

therefore decide if the performance gains justify the more extensive prompt design. 

Recently, some practitioners have experimented with few-shot chain-of-thought prompts, where 

the examples include not only labeled abstracts but also brief rationales indicating why an article was 

accepted or rejected [92]. By exposing the LLM to the reasoning process, the model may generate 

more accurate or consistent classifications. Yet this approach can further inflate token usage, and 

revealing too much “chain-of-thought” may inadvertently cause the model to overfit the examples 

rather than applying general rules. 

In practice, the choice among zero-shot, one-shot, few-shot, or few-shot chain-of-thought 

depends on the complexity of the inclusion criteria, the typical ambiguity in the abstracts, and the 

resources available. Zero-shot setups work well if the rules are clear and the model’s underlying 

knowledge base is sufficient (and no known abstracts are available), whereas few-shot prompts are 

usually recommended when domain-specific nuances frequently arise and users already have viable 

examples of the abstracts they are looking for. Ultimately, researchers should test each strategy on a 

small validation set of abstracts to see which yields the most desirable balance of recall and precision 

for their particular review. 

4.3. Soft Versus Strict: Setting the Bar for Inclusion 

An important dimension of prompt design is determining how permissive or strict the model 

should be when assessing abstracts. A permissive (or “soft”) prompt instructs the LLM to accept an 

article unless it clearly violates a predefined requirement. For example, a prompt might state that the 

only grounds for rejection are explicit contradictions such as an exclusively pediatric population if 

the inclusion criteria include age>18 years old. This approach typically yields high recall, ensuring 

that potentially relevant studies are not inadvertently excluded; however, it may also result in an 

increased number of false positives, thereby requiring more manual review later in the process. 

In contrast, a strict prompt directs the LLM to reject an article unless it explicitly meets every 

inclusion criterion. This strategy can lower the number of false positives by demanding clear 

evidence—such as explicit mention of adult patients, a randomized controlled trial (RCT) design, and 

a specified follow-up duration—but it may inadvertently exclude relevant studies whose abstracts 

do not detail every required element. Given that many systematic reviews prioritize sensitivity (i.e., 

minimizing false negatives), relying exclusively on soft prompts can lead to an overwhelming 

number of articles to review in subsequent full-text screening [12]. A balanced or two-stage approach, 

where the first pass uses a soft prompt and the second pass applies a stricter filter, can allow for 

thorough screening without excessive manual follow-up. 

4.4. Illustrative Examples 

To show how these strategies might appear in practice, one could start with a soft prompt such 

as: 

“You are assisting in a systematic review on periodontal regeneration comparing Bone Morphogenetic 

Proteins (BMP) plus any bone graft (BG) versus BG alone.  

We include RCTs with at least six months of follow-up in adults (≥18 years) with intrabony or furcation 

defects.  

If the abstract suggests or does not contradict these criteria, respond with ‘ACCEPT.’  

Only respond with ‘REJECT’ if it clearly violates any requirement—exclusively pediatric population, 

follow-up shorter than six months, or no mention of randomization or EMD.  

Output only the word ‘ACCEPT’ or ‘REJECT.’” 

This design ensures high recall because the model will accept studies unless they definitively 

fail an inclusion rule. By contrast, a non-soft, stricter prompt might read: 

“You are an expert reviewer screening for RCTs of BMP+BG vs. BG alone in adult periodontitis patients 

(≥18 years) with intrabony or furcation defects.  
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The study must explicitly mention randomization, adult age, combination of EMD and bone graft, a 

control with BG alone, and a follow-up of at least six months.  

If any criterion is absent or unclear, respond ‘REJECT.’  

Otherwise, respond ‘ACCEPT.’  

No additional text.” 

Here, failing to see explicit mention of a required element leads directly to rejection, thus 

lowering false positives at the risk of overlooking abstracts that might still be relevant if the missing 

detail is confirmed later in the full text. 

4.5. Avoiding Pitfalls with Prompt Refinement 

Although advanced LLMs such as GPT-4 or GPT-4o offer promising avenues for semi-

automating literature screening, several pitfalls can undermine their performance if not addressed. 

One frequent issue involves the use of overly long prompts, in which excessive background 

information dilutes the model’s focus on core classification rules [93]. These models can certainly 

process large amounts of text, but they may become confused or deviate from their primary task if 

instructions are buried in lengthy or tangential material.  

Another obstacle arises when prompts contain contradictory or ambiguous criteria—for 

instance, instructing the model to reject any abstract lacking follow-up details yet also advising it not 

to penalize uncertainty [94]. Such conflicting instructions often lead to inconsistent or unpredictable 

responses. Moreover, LLMs may sometimes hallucinate information by confidently inferring 

characteristics that are not actually stated, such as labeling a study “randomized” simply because it 

is described as “prospective.” Encouraging the model to accept only abstracts that explicitly mention 

“RCT,” “randomized,” or other unambiguous terms helps reduce these erroneous leaps. Prompt 

engineering is seldom perfected in one pass, so an iterative process of testing, refining, and retesting 

the prompts with a small validation set is often very important to identify where false positives and 

false negatives occur and to recalibrate the instructions accordingly [95]. 

Despite significant advances in LLM capabilities, human oversight remains indispensable, 

especially for edge cases that involve unclear abstracts or unusual study designs. While the model 

can filter out large swaths of irrelevant articles, expert judgment is crucial in verifying the accuracy 

of the final screening decisions and ensuring that no critical evidence is mistakenly excluded. 

Although the example presented here focuses on periodontal regeneration, similar strategies are 

applicable to other biomedical domains such as oncology, cardiology, and infectious diseases. 

Furthermore, as these models continue to evolve, there is potential for deeper integration into 

standard review workflows, with near-instant triage of abstracts and real-time prompt adjustments 

based on user feedback. However, ethical and logistical concerns persist, including transparency of 

the screening process, data privacy, and the possibility of systematic biases in LLM training data [96]. 

Addressing these challenges through careful documentation of prompts, awareness of training 

limitations, and appropriate regulatory oversight is essential for maximizing the benefits of AI-

assisted systematic reviews while maintaining rigorous scientific standards [97]. 

5. Future Horizons and Potential Advancements 

Although the latest LLM models perform impressively in zero-shot or few-shot modes [98–100], 

further refinements may come from fine-tuning or advanced instruction tuning. In a fine-tuning 

scenario, one would gather a large corpus of labeled abstracts—designated “ACCEPT” or “REJECT” 

according to specific criteria—and retrain the model to internalize these rules. While this approach 

enhances classification accuracy, it requires substantial computational resources and high-quality 

training data [101,102].  

Another promising approach is to implement multi-stage screening to balance high recall with 

manageable false positives [103]. First, a simple prompt maximizes recall by eliminating only clearly 

irrelevant studies, such as those on animal models or unrelated conditions. In a second pass, a stricter 
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prompt would then apply more exacting criteria, thereby reducing the number of false positives that 

remain. Finally, human reviewers would verify any borderline articles that either meet all criteria but 

remain questionable or exhibit contradictory outcomes between the first and second passes, using 

their expert domain knowledge on a much narrower corpus. By layering these stages, researchers 

could preserve both the efficiency gains of automated screening and the rigor of expert oversight. 

Language barriers may also influence LLM performance, as retrieved articles often include 

abstracts in multiple languages. Publication language has long been an obstacle in evidence synthesis, 

partly due to the lower accessibility of non-English studies [104]. While modern LLMs can process 

multilingual texts, their effectiveness varies across languages due to uneven training data [105–109]. 

Furthermore, prompt engineering must still consider differences in terminology and structure across 

languages, particularly when dealing with domain-specific contexts [110]. 

Future research will also focus on integrating LLM-based screening into existing review 

pipelines. This includes addressing practical challenges such as token limits, latency, computational 

cost, and data security, as well as developing robust interfaces that combine automated screening 

with human validation. 

Finally, the growing influence of LLMs raises ethical and transparency issues that researchers 

cannot ignore [111]. These models often function as "black boxes," making it difficult to trace their 

decision processes, although chain of thought reasoning can improve data interpretability [112]. 

While they excel in text generation, verifying the factual accuracy of their outputs remains a challenge 

[113]. This raises ethical concerns when AI-assisted screening is used to extract clincial evidence, thus 

possibly influencing clinical guidelines or policies [97]. Maintaining detailed records of prompts, 

model versions, and modifications will be essential for accountability [96,114]. Additionally, biases 

in training data could lead to the underrepresentation of certain populations or interventions, subtly 

skewing results [115–117]. By systematically documenting AI-based screening methods and 

remaining vigilant about potential biases, researchers will be able to maintain the integrity of 

systematic reviews as these technologies become increasingly integrated into evidence synthesis. 

6. Conclusions 

Advanced Large language Models have a great potential to reduce the workload of screening 

abstracts in systematic reviews. However, achieving accurate, consistent, and transparent results 

hinges on writing effective prompts that translate your PICO criteria into unambiguous, testable 

instructions. This article has illustrated how “soft” and “non-soft” prompt strategies differ in recall 

and precision, discussed zero-shot versus few-shot classification approaches, and provided concrete 

examples of how these methodologies might be applied in a periodontal regeneration case study. 

Crafting prompts is more an iterative, practical art than a one-size-fits-all procedure. The general 

principles—clarity, explicitness about acceptance/rejection triggers, short and consistent output 

formats, and thorough testing on a validation set—apply broadly across biomedical domains. Some 

researchers will prefer a heavily inclusive, soft prompt to ensure near-100% recall, while others may 

rely on a strict approach to limit false positives. Few-shot examples can guide the model more 

accurately for specialized or ambiguous criteria, but at the cost of longer prompts and slightly more 

complexity. 

Although AI-assisted screening will not entirely replace human judgment, it allows systematic 

review teams to concentrate their time on high-value tasks such as critical appraisal of full-text 

articles, data extraction, and synthesis. As LLMs continue to advance and specialized domain-specific 

models gain traction, it is likely that such tools will become standard in systematic reviewing. 

Nonetheless, vigilance regarding biases, hallucinations, or contradictory outputs remains important, 

and final oversight by trained researchers is essential for preserving the integrity of evidence-based 

medicine. 

By learning how to effectively craft prompts and harness the abilities of LLMs, whether in zero-

shot or few-shot modes—researchers can bring greater efficiency, consistency, and scalability to 
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systematic reviews. This, in turn, has the potential to accelerate scientific progress and facilitate more 

timely, comprehensive insights into the ever-expanding biomedical literature. 
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Appendix A 

Practical Guidelines for Prompt Engineering 

This appendix provides a comprehensive set of guidelines for practitioners aiming to implement 

LLM-based screening in systematic reviews. The following step-by-step instructions are designed to 

ensure a systematic, transparent, and reproducible approach to crafting effective prompts, 

addressing both the technical and practical challenges inherent in translating clinical criteria into 

actionable instructions for LLMs. 

A.1. Define Clear Criteria 

Map PICO Elements Precisely: 

• Population: Clearly state the target population (e.g., “adult patients, defined as individuals ≥18 

years”). 

• Intervention: Specify the intervention details (e.g., “use of EMD combined with bone graft”). 

• Comparison: Define what the intervention is being compared against (e.g., “bone graft alone”). 

• Outcome: Identify the primary outcome or endpoints (e.g., “clinical measures of periodontal 

regeneration”). 

• Use Unambiguous Language: avoid vague terms. For example, write “adult patients (≥18 years)” 

instead of “adults.”; include specific keywords or phrases that the model can recognize as 

indicators of a particular criterion. 

• Incorporate Contextual Examples (if necessary): where appropriate, provide a brief example or 

keyword list that exemplifies the criterion, ensuring the model captures the intended meaning. 

A.2. Choose an Appropriate Prompting Approach 

Zero-Shot vs. One-Shot vs. Few-Shot: 

Zero-Shot: Use when there are no available abstracts. This approach is suitable for 

straightforward criteria but may be less effective for ambiguous abstracts. 

One-Shot: Provide a single labeled abstract to clarify the expected output, useful when the 

criteria are mostly clear but benefit from a guiding instance. 

Few-Shot: Include multiple examples (both “ACCEPT” and “REJECT” cases) to better capture 

the variability in abstract presentations, particularly in complex domains. 

A.3. Employ Iterative Testing and Refinement 

Pilot Testing: Use a small, representative validation set of abstracts to assess prompt performance. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 February 2025 doi:10.20944/preprints202502.0396.v1

https://doi.org/10.20944/preprints202502.0396.v1


 12 of 18 

 

Evaluate outcomes using key metrics such as precision, recall, and F1 score. 

Feedback Loop: Adjust prompt wording, examples, or criteria specificity based on observed 

performance issues (e.g., high false positive or false negative rates). 

Document each iteration, noting the changes made and the impact on model performance. 

Performance Metrics: Regularly compute performance metrics to ensure that modifications are 

moving the prompt toward an optimal balance between recall and precision. 

A.4. Integrate Human Oversight 

Secondary Review Process: Establish a protocol for human review of ambiguous or borderline 

abstracts flagged by the LLM; define criteria or thresholds (e.g., a confidence score below a set level 

or inconsistent outputs) that trigger manual verification. 

Expert Involvement: Use human feedback to further refine the prompt and improve model 

accuracy over time. 

Appendix B 

Comprehensive Example: Zero-Shot Soft Prompt  

Below is a more extensive example that researchers can adapt to their own PICO(T) criteria. It is 

a zero-shot, soft prompt for screening: 

System: 

You are an AI assistant helping with a systematic review on periodontal regeneration. 

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 intrabony or furcation periodontal defects. If the abstract 

does not mention age, or does not clearly describe non-adult populations, do not penalize. 

Intervention (I): Must involve enamel matrix derivative (EMD) combined with a bone graft material 

(BG). If either EMD or BG is implied or partially mentioned, do not penalize. 

Comparison (C): Ideally a group that uses BG alone, or some control lacking EMD. If not stated but not 

contradicted, do not penalize. 

Outcomes (O): Must measure clinical attachment level (CAL) gain or probing depth (PD) reduction, or 

at least mention standard periodontal parameters. If the abstract does not state outcomes explicitly but mentions 

“periodontal regeneration,” do not penalize. 

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

Follow-up: Minimum 6 months. If not stated or unclear, do not penalize unless it says <6 months. 

Decision Rule: If no criterion is explicitly violated, respond only with “ACCEPT.” If any criterion is 

clearly contradicted (e.g., non-randomized, pediatric population, <6 months follow-up), respond with 

“REJECT.” Provide no additional explanation. 

Title: {title} 

Abstract: {abstract} 

This prompt is relatively permissive ensuring high recall. It also captures the essence of PICO 

while acknowledging that abstracts can be incomplete. Researchers implementing a pipeline can start 

here, accept all articles GPT classifies as “ACCEPT,” then briefly review them manually or apply a 

second, stricter screening if desired. 
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