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ABSTRACT
The formulation of an effective search string is a critical process in
systematic literature reviews (SLRs), as it directly influences both
the coverage and precision of the retrieved studies. Traditionally,
this process relies on manual keyword selection and expert-driven
refinements, making it laborious, susceptible to human bias, and
often inaccessible to non-specialists. To address these limitations,
this study explores the application of artificial intelligence (AI) to
support the generation of search strings. We organized our ongoing
investigation into two main phases. In the first phase, we evalu-
ated the performance of search strings generated by different large
language models (LLMs), specifically Llama-8B, Gemma-12B, and
Mistral-Nemo-12B, using a previously published SLR as a bench-
mark. Our results suggest that, while LLMs can assist in search
string formulation, their effectiveness is inconsistent and sensitive
to input conditions. Motivated by these limitations, we propose a
semi-automated pipeline based onMachine Learning (ML). Through
our preliminary analysis, we proposed a standardized reproducible
evaluation framework to assess and compare AI-based search string
generation strategies, including our proposed ML-based approach.
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1 Introduction
One of the main difficulties in conducting string-based searches in
a systematic literature review (SLR) context lies in the considerable
manual effort involved in formulating and refining search strings,
filtering through large volumes of irrelevant articles retrieved, and
managing the technical limitations of digital libraries. These factors
can hinder the coverage and precision of the evidence-retrieval pro-
cess. This challenge becomes evenmore pronounced for researchers
and practitioners who are not fully familiar with the target domain.
The crafting of effective search strings often requires expert knowl-
edge of domain-specific terminology, synonyms, abbreviations, and
evolving vocabulary trends. Without this familiarity, users may
overlook key terms or rely on overly generic keywords, which
can result in retrieving large numbers of irrelevant studies (low
precision) or missing important works entirely (low coverage).

As an alternative, various researchers have proposed automation
tools to support the creation and execution of search strings, aiming
to retrieve relevant studies from the literature with higher precision
and broader coverage [1, 10, 11, 16, 20, 22, 23, 27–30]. Together,
these initiatives represent significant progress. However, important
challenges remain, particularly in generating search terms that
effectively retrieve relevant studies across digital libraries, thus

minimizing the volume of irrelevant articles that must be manually
screened and excluded during the selection phase.

Large Language Models (LLMs) have shown promise in a wide
range of information retrieval and natural language understanding
tasks, suggesting that they could serve as powerful tools for au-
tomating literature search. However, to the best of our knowledge,
most studies using LLMs [2, 34] focus on their ability to generate
reasonable queries or summaries but do not provide a compara-
tive analysis that quantifies the quality of the retrieved articles,
especially in controlled settings that use real-world SLRs. This gap
highlights the need for a systematic and empirical evaluation of
LLM-based search string generation. Such an investigation can
clarify the strengths and limitations of LLM-based approaches, of-
fering evidence-based guidance for researchers aiming to conduct
efficient, reproducible, and thorough SLRs.

This ongoing study is organized into two main phases. In the
first phase, we compare the search strings generated by different
LLMs using the SLR from [18] as a benchmark to evaluate their pre-
cision and coverage. To ensure methodological rigor, we selected an
SLR that followed established best practices and widely recognized
guidelines [14] for conducting SLRs. This initial assessment revealed
important limitations in the use of LLMs, motivating the develop-
ment of our semi-automated ML-based approach, which is part of
our second phase. The second phase begins with a user-provided
seed article and applies a pipeline that includes TF–IDF-based key-
word extraction, semantic clustering, Boolean string construction,
and iterative refinement through automated snowballing. As shown
in previous work [35], snowballing is an effective strategy for in-
creasing coverage in SLRs, helping to discover relevant studies that
keyword-based searches may overlook, especially those affected
by terminology variation or indexing delays. This paper presents
our current progress; validation is still underway.

The contributions of this work are as follows: (i) An empiri-
cal evaluation of how three different LLMs (LLaMA, Mistral, and
Gemma) perform in the task of generating search strings for SLRs,
using a real-world SLR as the ground truth. (ii) An in-depth analy-
sis of prompt engineering strategies, examining how the varying
complexity of prompts influences the quality, reproducibility, and
robustness of LLM-generated search strings in response to differ-
ent seed articles. (iii) A methodological framework for evaluating
AI-assisted search strategies in SLRs, including standardized met-
rics (precision, coverage, relative precision of review, and F1-score)
and a controlled experimental setup. (vi) A novel ML-based semi-
automated approach to search string generation, offering an inter-
pretable and lightweight alternative to LLMs while maintaining
control and transparency in the search string construction process.
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2 Related Work
In the context of SLRs, the search for evidence remains one of the
most effort-intensive, time-consuming, and error-prone activities,
often hindered by the difficulty of achieving both high-precision
and broad-coverage search strings and adapting them to multiple
digital libraries. Various studies have explored automation to reduce
effort and increase reproducibility during SLR activities [3, 6, 35],
including generating search strings and performing searches in
multiple digital libraries [10, 16, 22, 28].

Visual text mining techniques have been adopted for the formu-
lation of search strings to suggest new terms based on preliminary
search results. Although search strings are effectively refined, their
application is limited to abstract-level data and specific digital li-
braries, such as IEEE Xplore [16]. AI techniques, such as Hill Climb-
ing algorithms, have also been applied to search string generation
by automatically optimizing search terms based on a set of control
studies [28]. These algorithms iteratively adjust synonyms and key-
word combinations to improve coverage and precision. However, it
remains limited to a single digital library and requires significant
setup from the user. In terms of execution, several tools have been
proposed to unify the search across multiple digital libraries by
formatting the strings according to the library syntax [9].

More recently, researchers have evaluated the potential of LLMs
to search for evidence in SLRs [2, 34]. An open issue for investiga-
tion is that LLMs are not exclusively trained in scientific databases,
therefore, the terms they suggest may not accurately reflect the
terminology commonly used by authors in peer-reviewed articles.
As a result, the suggested keywords might not retrieve relevant
articles. In this paper, we compare different LLM-based approaches
and, on the basis of our findings, propose an interpretable and
lightweight alternative to LLM.

3 Study Design
We evaluated the precision and coverage of LLM-generated search
strings using a real-world SLR case study [18] as a benchmark. To
this end, we vary the seed articles, testing five different options.
Each search string is generated using only one seed article, in order
to assess the potential of assisting novices who are beginning their
first SLR. The strings will be executed in scientific databases such
as the ACM Digital Library and Scopus, and the retrieved studies
will be compared against those identified in the original SLR [18],
which used the same databases as their primary sources.

3.1 Research Questions
This study is guided by two RQs as follows:

RQ1 How do different LLM architectures and levels of
prompt complexity affect the quality of search strings and
the resulting evidence retrieval in SLR? In this question, we
analyze how LLMs perform when generating search strings under
varying conditions, specifically, comparing different model archi-
tectures (e.g., LLaMA, Gemma, Mistral) and prompt designs (from
simple to complex). This allows us to understand how both model
choice and prompt engineering affect the coverage and precision
of the returned articles.

RQ2 Howconsistent are LLM-generated SLRoutputs across
different variations in seed articles? In this question, we exam-
ine the robustness of LLM performance when the input seed articles

vary. We assess whether the outputs remain semantically stable
and useful or if they are highly sensitive to input perturbations,
which would limit their reliability in practical use.

3.2 LLM-Based Approach
This section details the methodology used for the automated gener-
ation of search strings using LLMs. We used Llama-8B, Gemma-12B,
and Mistral-Nemo-12B due to their open-access availability, moder-
ate computational requirements, and comparable parameter sizes.
The LLM receives the title and abstract of the article as input. We
chose to use this information instead of full text because, as re-
ported by Van Dinter et al. [33], few automated approaches rely on
full-text selection. Moreover, Portenoy and West [19], as well as
Dieste and Padua [7], further argue that full-text selection tends to
perform worse than approaches based solely on titles and abstracts.

The LLM input was combined with carefully designed prompts
under a controlled temperature setting (0.2). Using a low temper-
ature when generating search strings with LLMs reduces the ran-
domness of the output, making the results more deterministic and
focused on the most likely options. We made this decision to en-
sure consistency, reproducibility, and control in the comparison
between different models and approaches. The instructions are orga-
nized into three levels of increasing prompt complexity (prompt0,
prompt1 and prompt2), allowing the evaluation of the adaptive
capacity of the model when exposed to different degrees of sophis-
tication in string formulation.

The three prompts used share the same central goal but differ
significantly in terms of task complexity, instructional detail, and
level of semantic expansion. The main differences are the following.
Task depth and sophistication: prompt0 presents a more direct
and concise formulation, focusing solely on concept extraction and
basic semantic expansion. It is suitable for models that already per-
form well with minimal instruction, but do not guide structured
reasoning. prompt1 introduces a more methodical approach, explic-
itly describing the steps to guide string construction. prompt2, in
turn, is the most sophisticated of the three: In addition to describ-
ing a structured extraction and expansion process, it simulates an
iterative refinement stage, as if the model were evaluating results
and adapting the string to improve coverage, thereby inducing more
intelligent and contextual behavior.
Instruction structure: prompt0 relies on descriptive, continu-
ous paragraph instructions, whereas prompt1 and prompt2 adopt
step-by-step modularization, which helps decompose the task and
increases reproducibility. This difference reflects a progressive ad-
vancement in prompt engineering, with the latter two encouraging
the model to follow a more systematic reasoning process.
Emphasis on semantic expansion: Although all prompts encour-
age the use of related terms, the level of detail and the incentive for
semantic expansion increase from prompt0 to prompt2. prompt0
uses expressions like “underlying meaning” and “related terms”,
but without specifying how to reach them. prompt1 reinforces this
with terms like “semantically rich” and provides more guidance on
variations, synonyms and common usage forms. prompt2 stands
out by introducing an iterative simulation component: after gener-
ating the initial string, the model must use the results retrieved and
expand the string accordingly to improve coverage. This additional
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layer brings the model’s behavior closer to that of a human expert,
promoting greater adaptability, and aligning more closely with the
refinement technique implemented by the approach developed in
this study (see Section 4.3).

All prompts in this study adopt a one-shot prompting strategy [5]
with contextual framing. In this setup, the model is presented with
a single, clearly defined task, a concise context describing the ob-
jective, accompanied by a single example of the expected output in
Boolean syntax. No additional explanations or iterative feedback
are provided. This single example plays a crucial role in guiding the
model’s structure and format, helping to standardize the outputs
across different models and prompt variations. All prompt templates
used in this study are publicly available in our supplementary ma-
terial [15] to support reproducibility and future research.

With this setup, the LLMs generated the search strings, each of
which was used to perform searches in the ACMDigital Library and
Scopus databases. The set of articles retrieved from these searches
will later be compared with the articles of the original SLR [18]
retrieved using a manually created search string, with metrics such
as precision, coverage, and F1 score, as defined in Section 3.3.

3.3 Evaluation
Figure 1 illustrates the proposed methodological framework for
evaluating AI-assisted search strategies in SLRs. In this figure, we
show the methodological flow for one case study, i.e. a previously
conducted Systematic Review taken as input. For each case study,
our evaluation randomly selected five seed articles from the pool
of selected articles considered relevant in the original SLR. Each
“seed article” is used to generate search strings using an AI-based
model. In this study, we used three different LLMs: Llama 3.1:8b,
Gemma:12b, and Mistral-nemo:12b. For each article, three prompt
variations are tested per LLM, totaling nine distinct generations per
seed article (3 models × 3 prompts), totaling 45 strings for a case
study (9 generations x 5 seed articles).

Both ACM and Scopus databases were used to retrieve articles
for each generated string, as they allow the complete set of search
results to be exported. The articles retrieved for each string were
collected and compared with the articles retrieved and included in
the original SLR [18]. It is important to note that these searches
were restricted to the time interval whose upper bound corresponds
to the year of publication of the SLR used as reference.

The selected SLR used as a case study [18] provides comprehen-
sive supplementary materials, including structured spreadsheets
that document: (i) all articles retrieved using the manually crafted
search string; and (ii) the full set of articles reviewed, along with
those selected as relevant after peer review (following the applica-
tion of inclusion and exclusion criteria). These resources enabled
the construction of a precise and reliable ground-truth dataset. To
support consistent and scalable comparisons, we developed Python
scripts to process, normalize, and systematically compare the data
exported from the searches with the ground-truth dataset defined
by the original SLR. This allowed for automated, reproducible, and
accurate computation of key evaluation metrics, based on the de-
gree of overlap between the retrieved articles and the reference set
established by expert reviewers.

We compute the metrics listed in Table 1 to quantify the degree
to which our automated search string generation reproduces the

Figure 1: Methodological flow used for evaluation.

results of an expert-crafted search string. Let 𝑅: Set of relevant
articles selected by the original review. 𝐴: Set of articles returned
by automated search (AI-based). 𝑅 ∩𝐴: Articles found by both the
original review and the AI search (i.e., shared relevant articles).
𝑅 ∪ 𝐴: Articles from both the original review and the AI search.
Next, we define the metrics:
Review-Relative Precision (RP): The fraction of articles selected
from the original review that our automated AI search also retrieves.
Precision (P): The fraction of articles returned by the AI search that
are truly relevant according to the original review. High precision
indicates that the method excludes irrelevant work.
Coverage (C): The proportion of all articles retrieved from the
original review (whether selected or not) that appear in the AI
search. Reflects on how broadly the AI search spans the space of
potentially relevant studies.
F1-Score (F1): The harmonic mean of precision and coverage, bal-
ancing accuracy (precision) against completeness (coverage). A
strong F1 means an approach that is both selective and thorough.

Table 1: Metrics used to assess AI search strategies in SLRs.

RP P C F1

𝑅𝑃 =
|𝑅 ∩𝐴|
|𝑅 | 𝑃 =

|𝑅 ∩𝐴|
|𝐴| 𝐶 =

|𝑅 ∪𝐴|
|𝐴| 𝐹1 = 2 · 𝑃 ·𝐶

𝑃 +𝐶

4 Results and Discussion
We present and discuss the results related to our RQs as follows.
For conciseness, we focus on the best-performing results observed
across all input combinations in our case study. An exhaustive set of
experimental results, covering all combinations for five seed articles,
three LLMs, and three levels of prompt engineering complexity, is
available in our supplementary material [15].
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4.1 Performance of Models and Prompts (RQ1)
Figure 2 presents the distribution of F1-Scores obtained across
different combinations of LLM models and prompt strategies for
(a) the ACM database and (b) the Scopus database. Each model is
represented by a group of three boxplots, corresponding to the
performance results obtained with each of the three prompt formu-
lations used in our study. Although all models showed poor results
in terms of F1-Score, the figure reveals differences in performance
depending on the prompt complexity and the model used.

(a) F1-Score – ACM database

(b) F1-Score – Scopus database

Figure 2: F1-Score results for ACM and Scopus databases.

In the ACM database (Figure 2a), the F1-Score between models
is relatively low and less differentiated, with no prompt–model
combination consistently demonstrating standing out. However,
Gemma shows a modest advantage, particularly with prompt0
and prompt1, suggesting some sensitivity to prompt structure.
Mistral-Nemo performs uniformly lower, with less variation be-
tween prompts. In contrast, the Scopus database (Figure 2b) reveals
more pronounced differences. Mistral-Nemo, when combined with
prompt2 (the most complex prompt), achieves the highest F1-Score,
significantly outperforming other combinations. Conversely, sim-
pler prompts (Prompt0) often failed to retrieve more than the seed
article, resulting in near-zero F1-Scores for all models.

The main difference between Mistral-Nemo and LLaMA lies in
their attention window. Although both models have a similar num-
ber of parameters and are based on the Transformer architecture,
Mistral-Nemo:12b supports a context window of 128k tokens, while
LLaMA 3.1:8b is limited to just 8k. Mistral-Nemo adopts optimized
mechanisms to scale text processing to much larger windows1, mak-
ing it more suitable for tasks that involve handling large volumes
1https://mistral.ai/news/mistral-nemo

of textual information. For Scopus, our results suggest that more
complex prompts yield better results when the underlying model
architecture can leverage that complexity. Simpler models or those
not optimized for long-context reasoning fail to benefit similarly
from increased prompt sophistication. This is further evidenced by
the performance results of LLaMA for all prompts.

However, a notable distinction between the graphics is the lim-
ited variation in F1-Score between models and prompts within the
ACM database, in contrast to the greater variability observed in
Scopus. This raises the question whether such behavior is specific
to these platforms or indicative of a broader pattern. To clarify this,
we are performing additional experiments using a more diverse set
of digital libraries.

Regarding execution time, all tests using Mistral and LLaMA
were completed in under 10 seconds. The only exception was the
Gemma model with Prompt2, which took 54 seconds to complete.

4.2 Performance with Different Seeds (RQ2)
To evaluate the consistency of the LLM-generated output, we com-
pare the best F1 obtained for each seed article across the ACM and
Scopus databases. Table 2 summarizes these peak performances.

Table 2: Best results from each seed article and Database.

Seed Base Model Prompt F1 (%) C (%) P (%) RP (%)

[24] ACM Mistral prompt2 7.74 10.84 6.02 71.43
Scopus Gemma prompt1 28.57 28.57 28.57 14.82

[31] ACM Gemma prompt2 0.23 1.03 0.13 14.29
Scopus LLaMA prompt0 0.35 1.44 0.20 11.11

[26] ACM Mistral prompt1 0.20 0.91 0.11 14.29
Scopus Mistral prompt1 1.87 2.34 1.56 29.63

[25] ACM Mistral prompt0 0.19 0.78 0.11 14.29
Scopus Mistral prompt2 48 60.00 40.00 7.41

[4] ACM Mistral prompt2 0.23 1.14 0.13 14.29
Scopus Mistral prompt1 2.72 3.10 2.41 25.93

In general, we observed substantial variability in retrieval quality
depending on the chosen seed. In the ACM database, the seed of
Sarkar et al. [24] produced the highest RP of 71.43% (with prompt2
in Mistral) and an F1 of 7.74% due to low coverage, indicating that
althoughmost articles selected by experts were retrieved, the search
breadth was extremely narrow. In contrast, the same seed on Scopus
achieved its best F1 of 28.57% (prompt1 on Gemma), with a coverage
and precision of 28.57%.

For Siegmund et al. [25], the top Scopus run (Mistral with prompt2)
yielded an F1 of 48%, coverage at 60%, precision at 40%, but RP of just
7.41%. In fact, four of the five seeds produced near-zero F1 values
in ACM, reflecting extremely limited coverage despite occasional
precision gains.

These results suggest that the effectiveness of LLM-based string
generation is highly sensitive to the input seed. Seeds rich in
domain-specific terminology and well-structured abstracts, such
as [25], enable stronger pattern learning and broader retrieval in
Scopus, but may still falter in more restrictive collections like ACM.
In contrast, seeds with less distinctive keyword profiles produce
poor coverage and F1 performance regardless of model or prompt.
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This sensitivity poses a challenge for reproducibility: a method
that excels in one seed but fails in another cannot be reliably de-
ployed in practice without additional safeguards. Incorporating
more seed articles, iterative refinement loops, or mixed-model
strategies can help stabilize performance and ensure more robust,
comprehensive coverage across diverse SLR topics (see Section 4.3).

Although high-capacity models, such asMistral-Nemo, which ap-
pears seven times from a total of ten in Table 2, exhibit the potential
for strong performance, their output consistency remains vulnera-
ble to the choice of input, reinforcing the need for methodological
safeguards in SLR automation.

4.3 Proposed ML-Based Approach
Given the previous results, proposing an ML-based search string
approach is important because it offers a lightweight, transparent,
and interpretable alternative to LLMs, which often operate as black
boxes and require significant computational resources. In this sec-
tion, we describe our proposed approach, which consists of six
steps as shown in Figure 3. Our approach can be tailored to specific
domains, is easier to reproduce, and allows users to trace and ad-
just each step of the search string generation process. Note that a
refinement step based on automatic snowballing was added due to
the significant variation in the LLM results as shown in Section 4.

Starting from a seed article provided by the user in PDF format,
the process begins with metadata extraction (title and abstract),
followed by keyword identification. An initial search string is then
generated and validated by the user, who assesses the relevance
of the suggested terms and synonyms. The search is executed on
Semantic Scholar, and the five most relevant candidate studies are
selected according to Semantic Scholar’s relevance metric. Snow-
balling is then applied to the five selected articles, and the newly
identified candidates are filtered again, with five additional studies
selected, resulting in a total of ten included studies per iteration.
The metadata (titles and abstracts) of these new articles is then used
to extract additional keywords and generate a refined search string.
This iterative process continues until the search string meets the
user-defined criteria of quality and completeness. Once finalized,
the search string is executed in databases such as ACM and Scopus.
(1) Preprocessing. The generation of the search string begins with a
seed article and its metadata extraction. We used the open-source
tool CERMINE2 (Content ExtRactor and MINEr), which extracts
metadata and content from scientific PDF articles. This tool employs
techniques from Natural Language Processing (NLP), computer
vision, and ML to identify and structure the topics addressed in the
article. In this study, we extracted the title and abstract, as these
sections offer the most relevant information about the core topic.
Conventional and academic-specific stop words were then removed,
using a list available in the project’s GitHub repository [15].
(2) Keyword identification. With the title and abstract corpus, we
extracted keywords using a three-stage algorithm:

(i) TF-IDF (Term Frequency–Inverse Document Frequency) appli-
cation. TF-IDF is an NLP technique that assesses the relevance of a
term within a specific corpus [21]. However, instead of applying
the technique directly to individual words, we applied it to the most

2https://github.com/CeON/CERMINE

Figure 3: Overview of our proposed approach.

frequent bigrams and trigrams. The search string highlighting com-
pound expressions such as “machine learning”, “deep learning”, and
“software product lines” are more informative than isolated terms
like “machine” or “learning” To limit string size without sacrificing
context, we selected the 15 most frequent expressions. We tested
lower and higher values; however, they had a significant reduction
in the quality of the clusters generated in the next step.

(ii) Clustering The selected expressions were grouped into three
clusters using the K-Means algorithm[12]. As we selected the top
15 most frequent terms, the choice of 3 clusters was made so that it
would be possible to distribute the 15 words well among the clus-
ters. Although we have tested the DB-Scan method [8], it showed
disadvantages, such as the formation of too many clusters without
clear semantic coherence.

(iii) Filtering To improve cluster quality, we applied a final filter-
ing step based on semantic proximity of words, using the Nomic
model [17]. Words with proximity scores below 0.5 were removed,
ensuring that only the most relevant terms were retained. This
threshold was chosen because, in our tests, words with a similarity
above 0.5 already exhibited a meaningful relationship with others
in the same cluster.
(3) Search string assembly.With the clusters defined, we constructed
the search string connecting the terms with the appropriate logical
operators (AND or OR). Terms within the same cluster were joined
by OR, while different clusters were connected by AND.
(4) String refinement algorithm. To further enhance the search string,
we developed a refinement step, divided into three substeps:

(i) Search and filtering. Using the generated string, we performed
a scientific search using the Semantic Scholar API3.

We applied a filtering metric that considers both total citations
and “meaningful” citations, as provided by Semantic Scholar, which
3https://api.semanticscholar.org/api-docs/
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uses the meaningful citation metric to qualify the actual relevance
of a citation within a scientific article. According to Valenzuela et
al. [32], this metric is based on a supervised model that classifies
citations as important, considering features such as the section
of the article where the citation appears. The goal is to highlight
contributions that substantially influence new work. Then, the
five most relevant articles are selected. Although newer articles
may have fewer citations, this bias was mitigated by using those
meaningful citations instead of just the number of common cita-
tions. We also tested the use of conference impact factors, but this
approach was discarded due to incomplete data availability in Se-
mantic Scholar. A recent comparison of bibliographic tools [13]
revealed complementary strengths between Semantic Scholar and
OpenAlex, especially in metadata coverage and openness. As future
work, we plan to combine both to improve data completeness and
retrieval robustness.

(ii) Snowballing and filtering. With the five selected articles, we
performed automated snowballing using the Semantic Scholar API.
This search technique uses the references of each article (backward
snowball) and cites articles (forward snowball), progressively ex-
panding the set of relevant related articles. After we removed the
duplicated articles, the result was a new list of articles different
from the original five.

We applied the same filteringmethod to the new list, which yields
the five most relevant articles from the snowballing application.
Additionally, during the ranking process, we ensured diversity by
selecting articles with varying publication dates. In the end, we
obtained a total of ten articles (the initial five and the five from
snowballing), a number aligned with the typical first-page return
from a conventional search engine, such as Google Scholar. In our
tests, selecting a large number of articles did not lead to better
results and only increased the processing time of the filtering step.
Therefore, only the top 10 articles were selected. It is important to
note that, once an article is used in a refinement step, it is excluded
from all subsequent iterations.
(5) Repeat of step 2 with 10 articles. Using the final list of ten rel-
evant articles, we repeated the keyword identification step (Step
2), generating a new search string based on the titles and abstracts
of these articles, retrieved directly from the Semantic Scholar API,
without the need for further extraction through CERMINE. In this
iterative step, the ten articles are always the newly returned results
from the previous search, with no accumulation.
(6) User verification. The users may review and modify the newly
generated string via an interface, adjusting clusters, removing ir-
relevant keywords, and adding terms to a negation cluster. This
iterative process continues until the search string meets the user-
defined criteria of quality and completeness, such as the saturation
of new and relevant results across iterations. This human-in-the-
loop approach ensures a balance between automation and control,
making the method adaptable to both expert and non-expert users.

5 Conclusion and Future Plans
Based on the results obtained with the LLM-based approach, it
becomes evident that there are still significant gaps in the use of
LLMs to automate the search string process. Our goal was to take
advantage of the insights gained from this study to propose an

ML-based approach. As next steps, we intend to perform a com-
parative analysis of both approaches following the methodological
framework detailed in Section 3.3. Moreover, we plan to expand
the comparison between LLMs by increasing the number of SLRs
used as benchmarks and incorporating more variations, such as
additional models, different prompt strategies, temperature settings,
and using more databases for searches, in addition to ACM and
Scopus. Furthermore, we plan to conduct a qualitative evaluation
of the user verification step of the quality and completeness of the
generated ML-based search string.

First, we will perform a deeper quantitative analysis across mul-
tiple previously published SLRs, following the same methodology
as in RQ1 and RQ2. We will investigate whether LLMs can match or
outperform our proposed ML-based approach for generating search
strings. The goal is to assess whether ML is a viable alternative
to automate this critical step of the SLR process. Metrics such as
precision, coverage, and F1-score will be computed at each iteration
to assess how quickly and reliably users converge on high-quality
queries. We will also request expert feedback to rate the relevance
and completeness of retrieved results and to identify any critical
omissions or false positives introduced during refinement.

Second, we will evaluate the iteration-wise quality of the re-
finement process itself by looking at the evolution of the keyword
clusters, tracking how many new relevant terms are added, how
many irrelevant terms are removed, and how the exclusion clus-
ter affects final retrieval performance. This will reveal whether
there are diminishing returns after a certain number of cycles or
thresholds where user effort yields maximum benefit.

Finally, to understand usability for non-expert researchers, we
will conduct qualitative user studies with participants from adjacent
fields who lack deep domain knowledge. Through think-aloud pro-
tocols and post-task interviews, we will calculate how intuitively
users interact with the clustering interface, how effectively they
can identify and correct misclustered terms, and how confident
they are with the final generated search string. Together, these
evaluations will provide actionable insights into both the efficacy
and human factors surrounding iterative search string refinement,
guiding future enhancements to make the system robust, transpar-
ent and accessible to all levels of SLR practitioners.
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