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Abstract

A Systematic Literature Review (SLR) is a secondary study method
that aggregates, evaluates, and interprets evidence relevant to a spe-
cific research topic. One of the key activities involved in this method
is creating a search string to identify relevant studies across various
databases. However, developing an effective search string is a com-
plex task. The main challenges include the difficulty of mapping
relevant terms and synonyms. A poorly formulated search string
can either yield a large volume of irrelevant studies or result in the
omission of important evidence. In the field of medicine, studies
have addressed this challenge using Large Language Models (LLMs).
These models have shown disruptive potential for automating tasks
within the SLR process, particularly in formulating complex search
queries specific to medicine. Although the creation of search strings
has also been examined in software engineering, existing studies
often lack strong theoretical foundations from the medical perspec-
tive. This paper aims to explore how the medical field is utilizing
LLMs to develop search strings and to assess the potential appli-
cation of this technology in software engineering. To achieve this
goal, we conducted a quasi-systematic mapping study involving one
round of forward and backward snowballing, starting with a single
seed paper to analyze the approaches and models used. Our findings
indicate that LLMs, including both proprietary models and fine-
tuned Open-Source models, have been applied in medicine through
various techniques, such as prompt engineering in Zero-Shot or
Few-Shot scenarios, as well as fine-tuning. While these models can
accelerate the formulation of search strings, researchers are still es-
sential to ensure the quality of the queries. The application of LLMs
for search string formulation in medicine is a promising area of
research, and a transition to software engineering is feasible. How-
ever, this transition requires specific adaptations to create prompts
tailored to Software Engineering and search strings for effective
model fine-tuning. This study provides a foundation for researchers
to investigate how LLMs are utilized in SLR within medicine and
the potential for their application in software engineering.
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1 Introduction

The number of empirical research studies in Software (SE) is con-
stantly expanding, making it challenging for researchers to keep
up to date [3]. In this scenario, Secondary Studies (SS) emerge as
an alternative to compile, evaluate, and interpret the resources
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created by the primary studies (also known as experimental, quasi-
experimental, controlled observational studies, or others) for a
specific question or topic [9]. As a specific category of SS, the Sys-
tematic Literature Review (SLR) employs a rigorous methodology
to synthesize current evidence, identify research gaps, and mitigate
for the SE community (academic and industry) [9, 12].

The SLR process can be separated into three main steps: Plan-
ning, Execution, and Reporting [5, 9]. During the planning phase,
the main objective is the development of the research protocol,
which includes the research objective, research questions, data-
base selection, search process, and the formulation of the search
string [5, 9, 12].

In the Planning phase, formulating a search string is one of the
most critical steps [3, 5]. This step involves creating a set of key-
words and relevant synonyms for the SLR to find studies in the
databases [9]. Researchers often encounter difficulties in identifying
all important terms and synonyms, particularly due to variations
in language across different papers, where the same concept may
be referred to by different names 80% of the time [15] and, as a con-
sequence, an incomplete search string can compromise the quality
of the SLR by either overlooking relevant studies or retrieving a
significant amount of irrelevant ones.

To address this challenge, researchers have been developing Al
tools aimed at creating effective search strings [3]. Some of the meth-
ods used include Term Frequency-Inverse Document Frequency,
Continuous Bag of Words, and Skip-Gram [3]. However, none of
these methods uses LLMs to generate search strings. In the medical
field, studies have begun utilizing Large Language Models (LLMs)
as alternatives for generating search strings [1]. The use of LLMs
can streamline the process of creating search strings by giving new
tools for query generation, enabling researchers to leverage either
General Purpose LLMs or fine-tuned LLMs to draft queries.

Although the literature in medicine demonstrates the benefits of
using LLMs to create search strings, research on their application for
generating search strings in Software Engineering remains largely
unexplored. In this context, this paper aims to examine how LLMs
can be used to generate search strings in the medical field and
to investigate the potential for applying LLMs in the Software
Engineering domain as well. To obtain an overview of the use of
LLMs in medicine, a quasi-systematic mapping was conducted. This
process was conducted based on the well-established guidelines
defined by Kitchenham et al. [10].

Our results provide a detailed overview of the current state-of-
the-art in applying LLMs for generating search strings in the field
of medicine. We found that while LLMs can significantly accelerate
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the formulation of queries, they often exhibit low recall rates and
are prone to producing inaccuracies or “hallucinations”. As a result,
the literature strongly recommends that LLMs serve as assistants
rather than replacements for human researchers. It is essential
for researchers to validate and refine the generated search strings
during the process. Based on these findings, we also discuss the
implications, limitations, and potential roadmap for implementing
LLM-assisted techniques in SLR within the context of Software
Engineering.

The rest of the paper is organized as follows: Section 2 presents
the background and related work concerning search string formula-
tion and the use of Large Language Models in research methodology.
Section 3 details the methodology applied for the quasi-systematic
mapping of the medical literature. Section 4 presents the results
obtained from the selected studies. Section 5 presents the discussion
and discusses how these findings can be translated to the Software
Engineering domain. Finally, Section 6 concludes the paper and
outlines directions for future work.

2 Background Related Work

To understand how LLMs are used to generate search strings for
SLRs, it is important to know what an SLR is, how AI has been
used in SLRs, the challenges of building search strings, and the
possibility of automating this process.

2.1 Systematic Literature Review

The objective of a SLR is to evaluate and interpret all available
research relevant to a given topic or question [9]. The studies used
to conduct an SLR are called primary studies. [9]. The most com-
mon reasons to write a systematic review are to summarize the
current evidence, to identify gaps in current research and to pro-
vide a background for new research [9]. The process to formulate a
search string is a complex step in the planning phase [3]. A badly
formulated search string can compromise the research by missing
relevant evidence or retrieving a large number of irrelevant studies

[3].

2.2 Large Language Models

Artificial intelligence is a large field of knowledge in the Software
Engineering domain. Adapting language for computers has been a
field of study inside the Artificial Intelligence domain for decades
and the language modeling advanced quickly in the last years [2].
The development of LLMs went through 4 main phases. (1) Statis-
tical Language Model is a model developed in the field of Natural
Language Processing. (2) Neural Language Models introduced the
use of vectors to represent words or tokens. (3) Pre-trained Lan-
guage Models created a new pre-training phase with unlabeled
texts to learn the language structures and a fine-tuning phase for
specific tasks. Finally (4) LLMs are the Language Models, usually
with more with more than 100 billion parameters trained with a
large dataset with hundreds of Gigabytes of data [2].
LLMs can be categorized into Proprietary Models, such as ChatGPT-

4 and Claude-Sonnet, or Open-Source models such as Mistral and
Llama [19]. While the Proprietary Models can provide high capabil-
ities, the researcher control is limited and this type of model lacks
transparency [13]. The Open-Source models offer researchers the
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control of the code, weights of the model and the possibility of
fine-tuning the model.

To test and verify the capabilities of the models, an input, called
a prompt, is required. The prompt can be formulated to give context
to the model and generate more reliable outputs utilizing Zero-Shot,
Few-Shot, Chain-of-Thought (CoT) and Multi-prompt strategies
(4, 16-19].

2.3 Artificial Intelligence in the Systematic
Literature Review

To reduce the necessary work and time consumed during the SLR,
artificial intelligence tools have been developed to help researchers
conduct a SLR. Some uses are for the study selection process, where
text mining and machine learning have helped researchers with
abstract screening [11].

Some tools support search string construction, such as the Term
Frequency-Inverse Document Frequency, Continuous Bag of Words
and Skip-Gram to suggest keywords [3]. In recent papers in the
medical field, researchers tested the use of LLMs to generate search
strings [1, 4, 13, 17-19].

2.4 Related Work

The use of LLMs in medical research is growing. Beyond the studies
formally selected through our mapping, which are presented and
analyzed in Section 4, other works examine the adoption of LLMs
across different stages of SLRs in medicine and provide context for
our investigation [6-8, 14].

Huesing et al. [8] described various applications of LLMs in
research. One application involved generating and refining search
queries through prompts and seed studies. Their findings indicated
that the models still faced issues with hallucination and required
human verification at each step of the process.

Gartlehner et al. [6] discussed the responsible use of Al and LLMs
in SLRs, arguing that these technologies present opportunities to
assist researchers in certain steps of SLRs in the medical field. They
emphasized that LLMs can not perform complete steps indepen-
dently or replace human researchers; instead, they should serve as
tools to reduce the time needed to conduct secondary studies.

Simmons et al. [14] tested the use of LLaMa 3-70B to extract 173
data fields from 24 articles using a Retrieval-Augmented Generation
(RAG) approach. Their results showed that 68% of data field extrac-
tions were considered acceptable based on the interpretations of
two independent human reviewers who reached a consensus, with
a third reviewer resolving any disagreements.

The study by Hu and Geng [7] explored the use of LLMs across
different stages of SLRs, including literature search, title and ab-
stract screening, full-text screening, and data extraction. The agree-
ment overlap between human researchers and ChatGPT ranged
from 20% to 68%.

Unlike these works, which address the broader role of LLMs
across multiple SLR activities, our study focuses specifically on
how have LLMs been used to generate search strings in medicine
and analyzes this evidence through a quasi-systematic mapping to
assess its transition to Software Engineering.
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3 Methods

To understand the adoption of LLMs in the field of medicine, a quasi-
systematic mapping study was undertaken. This process followed
the guidelines established by Kitchenham et. al. [10], while the
specific search strategy was guided by the snowballing procedures
proposed by Wohlin et. al. [20].

3.1 Planning

This study aims to understand the current usage of LLMs in the
medical field. It focuses on evaluating the application of LLMs in
SLR, specifically in the process of developing search strings. To
achieve this goal, two research questions (RQ) were formulated:

e RQ1: “How have LLMs been studied to generate search
strings in the medical field?”
Rationale: This question seeks to investigate how the med-
ical field has adopted LLMs for generating search strings,
while assessing the benefits and limitations of these models.

e RQ2: “Which LLMs have been utilized in these studies?”
Rationale: This question aims to identify the most com-
monly used LLMs in the medical field for generating search
strings and provide an overview of their usage.

3.2 Study Selection

To identify relevant studies, this research utilized a snowballing
search strategy, which included both forward and backward iter-
ations [20]. To ensure we selected the most pertinent studies, we
chose the study by Adam et al. [1], titled “Literature Search Sandbox:
A Large Language Model that Generates Search Queries for Systematic
Reviews” as our seed study.

This quasi-systematic mapping was conducted using only one
round of forward and backward snowballing. However, the studies
found by this strategy were relevant to verify the main uses of
LLMs in search string generation in the medical field.

3.3 Selection Criteria

To identify relevant studies, we developed specific selection crite-
ria. These criteria include one Inclusion Criterion (IC) and three
Exclusion Criteria (EC), as outlined in Table 1. It is important to
note that these criteria were applied during the selection process
to exclude studies that are not pertinent to our RQ while including
those that are relevant.

Table 1: Inclusion and Exclusion Criteria

ID  Description

IC1 The study analyses the uses of LLMs in SLR in medical
field

EC1 The study does not analyses the uses of LLMs in SLR in
medical field

EC2 The study is not written in Portuguese or English

EC3 The study is not openly accessible or available through
institutional access
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3.4 Data Extraction

To address our RQ, we identified three Data Extraction (DE) cat-
egories to gather the essential information from the studies (see
Table 2). The first DE focused on the use of LLMs in developing
search strings within the medical field. The analysis centered on
three key aspects: (i) studies that utilized LLMs to create the search
string; (ii) studies that partially relied on LLMs for this purpose;
and (iii) studies that did not use LLMs at all in the development of
the search string.

During the second DE, we examined whether the studies in-
cluded the search string developed using the LLMs. To clarify this
data extraction process, we categorized the findings into three main
responses: (i) Yes — studies that presented the search string devel-
oped using the LLMs; (ii) Partially — studies that partially presented
the search string developed using the LLMs; and (iii) No — studies
that did not present the search string developed using the LLMs.

Finally, during DE3, we analyzed the main LLMs used for de-
veloping the search strings. We found the models used by these
studies and they can be divided into two main groups: (i) Propri-
etary Models - studies that utilized Proprietary Models such as
ChatGPT and Claude-Sonnet for search string elaboration; (if) Open
Source Models -— studies that employed the Open Source models
such as Llama and Mistral for search string development.

3.5 Conducting

Figure 1 illustrates the three main steps undertaken during the
conducting phase. In the first step, a snowballing technique was
used to find a total of 81 studies. After removing duplicates, 80
studies remained for the next stage, including the seed paper. In the
second step, we reviewed the titles and abstracts of these studies and
applied the IC/EC, resulting in the selection of 12 studies. Finally,
in the last step, we conducted a thorough reading of the texts and
identified seven studies that were deemed relevant to our RQs. It
is important to note that all of the studies included are from 2023,
2024 or 2025.

l Snowballing }—> 80 studies
! .

Applying the selection criteria (title and abstract) 12 studies

(68)

+ S~ —

Full text reading Final set

(5) > 7 studies
\/_\

Figure 1: Study selection process

4 Results

As previously detailed, a total of seven studies were selected to
analyze and answer the two RQs elaborated in this study, as detailed
below:.

4.1 Overview of the Selected Studies

The quasi-systematic mapping selected seven studies, all published
between 2023 and 2025. Table 5 consolidates, for each study, how
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Table 2: Data Extraction and Descriptions

RQ DE Description

Answer options

RQ1 DE1 The study analyses the uses of LLMs in SLR in medical field
RQ1 DE2 The study analyses the creation of search strings

RQ2 DE3 Which LLMs have been utilized?

Yes, Partially, No
Yes, Partially, No
ChatGPT; Llama; Claude; Others.

it uses LLMs (RQ1) and which models it employs (RQ2). The para-
graphs below extend this summary with the main approaches and
findings of each study.

Adam et al. [1], the seed study of this mapping, investigated
the use of LLMs to generate search strings in medicine. They fine-
tuned an LLM on a dataset of search queries from PROSPERO, a
repository of SLRs for health research, reaching a sensitivity of 86%.
Compared to human-generated queries, however, the model led to
a 156% increase in the number of papers to read, reinforcing the
need for human validation.

Wang et al. [17] tested the capability of ChatGPT (GPT-3.5) to
generate and refine Boolean Queries from a title, topic, or non-
refined search string. They found that its recall was inferior to that
of existing tools, that the model was non-deterministic, and that it
hallucinated in 55% of cases, using terms not found in the Medical
Subject Headings.

Shen et al. [13] proposed a framework in which LLMs automate
several stages of the SLR, including search string generation, re-
porting accuracy ranging from 61% to 99%. The model built Boolean
Queries from PICO elements (Patient, Intervention, Comparison,
and Outcome); key terms were extracted and enhanced for query
construction, although human verification of the results remained
necessary.

Wang et al. [18] developed a pipeline based on LLMs to acceler-
ate SLR phases, generating the Boolean Query from the research
question. The approach kept humans in the loop and used a Chain-
of-Thought (CoT) method to iteratively enrich the queries. GPT-4
alone reached a recall of 0.074, whereas the CoT-based system, com-
bined with human researchers and other strategies, reached 0.782,
with a hallucination rate ranging from 0.06 to 0.138.

Wang et al. [19] proposed LEADS, a model fine-tuned specifically
for medical literature that outperformed general-purpose LLMs
such as GPT-4 in study recall. Leveraging the PICO framework to
extract key elements and build search strings, LEADS saved experts
between 20.8% and 26.0% of their time across different SLR steps;
for search string generation it achieved recall scores of 24.68 and
32.11 for publication and trial searches, respectively, surpassing
GPT-4’s scores of 5.79 and 6.74.

Chelli et al. [4] conducted a comparative analysis of hallucina-
tion rates and reference accuracy, using GPT-4 and Bard to replicate
medical SLRs by prompting the models to generate literature refer-
ences. They observed hallucination rates of 28.6% for GPT-4 and
91.4% for Bard, with both models showing a precision below 14%.

Wang et al. [16] explored generating natural language queries
from Boolean Queries, showing that LLMs such as ChatGPT (GPT-
3.5) and Alpaca can grasp the research context and construct natural
language queries. This indicates the potential for further investiga-
tion in the Software Engineering domain.

RQ1: How have LLMs been studied to generate search
strings in the medical field?

Five prompting strategies were utilized to generate search queries
in the field of medicine (see Table 3 - column 1).

Table 3: Prompt strategies used to elaborate search string in
the medical field

Strategy Studies
Zero-Shot (4, 16, 17, 19]
Few-Shot [13,17-19]
Fine-tune [1, 16, 19]
Multi-prompt [17, 18]
Chain-of-thought (CoT) [18]

The Zero-Shot strategy involves creating a prompt for the model
without providing any examples of the input or the expected output.
This approach was adopted to assess the capabilities of general-
purpose models. Studies utilizing this strategy have shown that
LLMs can understand frameworks like PICO and formulate syn-
tactically correct Boolean Queries. However, the results indicate
that this approach results in a high rate of hallucinations, with
55% of tests generating non-existent terms, which compromises the
reliability of the search strings.

Few-Shot is a strategy that provides the model with a limited
number of examples of the prompt and expected output to guide
the model’s generation pattern [13]. Authors used this strategy to
demonstrate the syntax and objectives of the query to the LLM [17].
As the main result, it was observed that integrating example queries
significantly improves overall query effectiveness, with higher re-
call [17].

Fine-tuning models is an effective strategy to address the limita-
tions of general models. Research has suggested fine-tuning LLMs
on specialized datasets. For example, the “Literature Search Sand-
box” [1] used 10,346 search queries from the PROSPERO dataset to
fine-tune a Mistral-7B model. This approach achieved a high sensi-
tivity of 86%, but it also resulted in a wider range of results, which
increased the workload for human reviewers. Similarly, Wang et
al.[19] developed a foundation model based on Mistral-7B, fine-
tuned with a dataset of 453,625 publications specifically for medical
literature mining. This model outperformed general-purpose mod-
els in its task.

The multi-prompt strategy addresses the limitations of using a
single prompt for generating queries. This approach breaks down
the task of creating a search string into smaller, manageable steps by
utilizing a sequence of prompts [17, 18]. Research by Wang et al. [17]
demonstrated the effectiveness of this method, showing that a multi-
prompt strategy can increase precision by up to 39.1% and recall
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by 11.2% compared to using a single prompt. This improvement
is largely due to the reduction of syntactical errors and enhanced
term coverage.

CoT introduces a new strategy for prompting language models,
enabling them to generate intermediate steps rather than just de-
livering the final output. A study by Wang et al. [18] found that
incorporating this approach into a pipeline can enhance document
retrieval. While the baseline recall was 0.074, the recall improved
to 0.782 when using CoT, Retrieval-Augmented Generation, and hu-
man interaction. This demonstrates that CoT effectively addresses
low recall without requiring a fine-tuned model.

RQ2: Which LLMs have been utilized in these studies?

The studies adopted two types of LLM: proprietary models (seven
of seven studies) and open-source models (four of seven), as shown
in Table 4.

Table 4: Types of LLMs used in Systematic Literature Review
in the medical field

Model Studies
Proprietary Model  [1, 4, 13, 16-19]
Open-Source Model [1, 16, 18, 19]

Proprietary Models are LLMs with closed architectures, meaning
their weights and internal code are not accessible for researchers
to inspect, modify, or train directly. Most studies that used these
models demonstrated their ability to follow complex instructions
in Zero-Shot or Few-Shot scenarios. However, they often strug-
gle with reliability, exhibiting high rates of hallucination and a
tendency to generate non-existent terms. The main Proprietary
Models referenced in these studies include GPT-3.5 and GPT-4 from
OpenAl, Bard (Gemini) from Google, and Claude Sonnet and Haiku
from Anthropic.

Open-source models allow researchers to modify the weights
or the code to meet specific domain needs. These models enable
the use of specialized datasets to fine-tune large language models
(LLMs), which helps generate relevant and context-sensitive search
queries in the medical field. Researchers using this type of model
often implement it in its original form [16] or customize it through
fine-tuning based on their specific requirements [1, 16, 18, 19]. The
main Open-Source models identified in the selected studies are
Mistral-7B (along with its instruction-tuned variants), LLaMA, and
Alpaca.

Table 5 outlines the primary strategies and models employed in
each study.

5 Discussion

The use of LLMs in SLRs within the medical field has been a topic
of discussion since 2023. Adopting these models could represent
a promising research avenue in medicine. This quasi-systematic
mapping analysis highlights the models that have been utilized and
how they are tested in various studies.

The main contribution of this work is the identification of the
patterns used in medicine to serve as a guide for Evidence-Based
Software Engineering. Most studies have demonstrated that in the
medical field, various strategies and models can be used as primary
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tools to develop search strings. As previously observed in medicine,
the main strategies adopted are:

e Zero-Shot — This strategy is used in the medical field to
verify the baseline capabilities of general-purpose LLMs.
Similarly, it could be applied in software engineering to
evaluate how LLMs generate domain-specific terminology
and to establish a baseline accuracy for comparing more
complex strategies.

e Few-Shot - In the medical field, this strategy presented
better results than the Zero-Shot prompting. In the soft-
ware engineering field, this strategy could be tested to verify
whether providing the model with guidelines and examples
can lead to more precise search strings.

e Fine-tune - Fine-tuning is a strategy in the medical field
used to train models to specialize in specific domains. This
approach has shown excellent results, particularly in the
development of search strings. In the field of software engi-
neering, this type of model may not be ideal since its applica-
tion requires curation of a domain-specific training dataset
derived from computational academic research. However,
with this dataset, the fine-tuning strategy is promising.

e Multi-Prompt - The multi-prompt model breaks down each
step of the SLR into smaller steps, making more manageable
tasks. This approach has proven to be effective in various
contexts, especially in the recall and the reduction of halluci-
nations since the researcher can verify each generated term
before the LLM continues to the next step. In software engi-
neering, the multi-prompt model can be applied by dividing
the creation of a search string into smaller stages, such as
extracting the main concepts from the research questions
and keywords, then generating synonyms and assembling
the terms to finish the formulation of the search string.

e Chain-of-Thought — The CoT strategy can be effectively
used alongside other approaches. This method enhances the
capabilities of models by prompting them to generate in-
termediate reasoning. Studies have demonstrated that CoT
increases transparency in a model’s reasoning process, al-
lowing researchers to understand how the model arrives
at its responses. Additionally, when combined with other
strategies, CoT has been shown to improve recall and reduce
hallucinations. In the field of software engineering, this ap-
proach can be utilized to verify how a model generates text
based on a given prompt, helping researchers comprehend
its behavior when creating search strings with higher recall.

In the field of medicine, the types of LLMs utilized are:

e Proprietary Models — These types of models can be used
as baselines, similar to how medicine has employed and
validated them against fine-tuned models based on Open-
Source technologies. In the field of software engineering,
such models could help researchers determine which models
enhance search strings and allow for comparisons with fine-
tuned models.

e Open-Source Models - The field of medicine has adopted
these models primarily for fine-tuning purposes, and it has
been verified that fine-tuned models exhibit achieve better
performance for SLR than non-fine-tuned models. In the field
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Table 5: Summary of Selected Studies on LLMs for Systematic Reviews in Medicine

Studies How the study analyses the uses of LLMs (RQ1)

Which LLMs have been utilized (RQ2)

[1] Used a fine-tuned model based on the PROSPERO dataset to generate search ~ GPT-4, Fine-tuned Mistral-Instruct-7b.

strings based on title and key questions

[17] Tested the capability of GPT-3.5 to generate and refine Boolean Query based  ChatGPT (GPT-3.5).

on the title, topic or a non-refined search string.

[13] Created a framework of LLMs to automate various steps of the SLR including  ChatGPT-4 (GPT-4).

the generation of the search string

[18] Created a pipeline based on LLMs to accelerate SLR phases. The Booleang TrialMind (fine-tuned Mistral-7B), Claude-3-

String is generated based on the research question.

Sonnet, GPT-4.

[19] Developed a system (LEADS) to help researchers in substeps of a SLR, Fine-tuned Mistral-7B, Llama, Mistral, BioMis-

including the creation of a search string.

tral, MedAlpaca, GPT-40, GPT-3.5, Haiku-3.

[4] Conducted a comparative analysis of hallucination rates and accuracy for ChatGPT (GPT-3.5/4) and Bard (Gemini).

query generation.

[16] Explored generating natural language queries based on the Boolean Query. ChatGPT and Alpaca.

of software engineering, this model could serve as a founda-
tional for training on software engineering data, particularly
for academic research.

Together, these strategies and model types can be combined to
create new frameworks and pipelines for search string formulation.
Specifically, a promising approach for software engineering would
integrate the most effective strategies from medicine: utilizing Few-
Shot to provide research context, fine-tuning to adapt models to
the computing domain, CoT to enforce logical reasoning before
outputting the final query, and multi-prompting to divide the gen-
eration process, keeping the researcher aware of every step. At the
same time, the use of different models can be tested to verify how
well each model performs in the software engineering research,
specifically, Proprietary Models and fine-tuned Open-Source mod-
els.

Research in the medical field has adopted the PICO framework,
along with various medical datasets, to enhance model performance.
In software engineering, different strategies can be utilized to help
models generate search strings, including the use of relevant key-
words, the research questions and objectives. Additionally, fine-
tuning models with data from software engineering research can
also be an effective approach when developing search strings.

Despite significant advances in medicine regarding the use of
LLMs for generating search strings, studies still show that human
intervention is essential. Similarly, in software engineering, it has
become clear that researchers must remain actively involved in the
process, using LLMs as tools, since the models are non-deterministic
and can generate hallucinations.

5.1 Threats to Validity

The execution of a single round of forward and backward snow-
balling poses a threat to validity, as it could result in the loss of
relevant studies. However, the seven selected studies offer a compre-
hensive overview of how medicine has adopted LLMs for SLR and
the search string creation, which may facilitate future applications
in the field of software engineering.

5.2 Future Work

For future work, we propose an empirical study to assess the capabil-
ities of LLMs in generating search strings for software engineering
research. By comparing general-purpose and fine-tuned models
across distinct prompting strategies (e.g., CoT, Few-Shot, and multi-
prompting), we aim to systematically evaluate their strengths and
limitations. Furthermore, to enhance the methodological rigor of
future systematic mappings, we propose integrating additional
rounds of snowballing to mitigate potential biases and maximize
the exhaustiveness of the selected literature.

6 Conclusion

This paper aimed to identify the current state of the use of LLMs in
SLR within the field of medicine, specifically focusing on how dif-
ferent models are utilized during the formulation of search strings.
Our analysis reveals that various strategies and models have been
employed in the medical field. Some studies highlight the use of dif-
ferent models, and in certain cases, human intervention is necessary
to identify the most relevant search strings. In software engineer-
ing, the use of both general-purpose models and fine-tuned models,
along with techniques such as CoT, Few-Shot, and Multi-Prompt,
could facilitate the search string development process.

Artifact Availability

The replication package for this study can be found at *. This pack-
age includes the processes of backward and forward snowballing,
as well as the study selection log. It provides details on the inclusion
and exclusion decisions, along with the rationale for each candidate
study. The data is released under the CC BY 4.0 license.
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