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Abstract

Context: The Systematic Literature Review (SLR) process involves
searching, selecting, and synthesizing relevant literature on a spe-
cific research topic for evidence-based decision-making in Software
Engineering (SE). Due to the time-consuming of the SLR process,
tool support is essential. Gap: ChatGPT is a significant advance-
ment in Natural Language Processing (NLP), and it can potentially
accelerate time-consuming and propone-error activities, such as
the selection activity of the SLR process. Therefore, having a tool to
assist in the selection process appears beneficial, and we argue that
ChatGPT can facilitate the analysis of extensive studies, saving time
and effort. Objective: We aim to evaluate the accuracy (i.e., studies
correctly classified) of using ChatGPT-4.0 in SLR in SE, particularly
to support the first stage, based on the title, abstract, and keywords.
Method: We assessed the accuracy of utilizing ChatGPT for select-
ing studies, the first stage, to be included in two SLRs (SLR1 and
SLR2), in contrast to the conventional method of reading the title
and abstract. Results: The accuracy of ChatGPT supporting the
initial selection activity was 75.3% (SLR1 - 101 correct selections: 48
inclusions and 53 exclusions; 33 incorrect selections: 17 inclusions
and 16 exclusions) and 86.1% (SLR2 — 386 correct selections: 113
inclusions and 273 exclusions; 62 incorrect selections: 27 inclusions
and 35 exclusions). Conclusions: Our accuracy results indicate
that it is not advisable to completely outsource the selection pro-
cess to ChatGPT. However, it could be valuable as a support tool,
aiding novice researchers or even experienced ones when they are
in doubt.
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1 Introduction

The Software Engineering (SE) community has increasingly con-
ducted Systematic Literature Reviews (SLRs) to summarize evidence
from relevant studies and highlight the state-of-the-art in a given
research topic [46]. While SLRs offer advantages such as handling
information from various studies in an unbiased and repeatable
manner to produce auditable results and identifying research gaps
and perspectives for future research, they also present several chal-
lenges, with only punctual solutions available for some of these
issues [16].

Santos and his collaborators [16] emphasize that, although the
SE academic community has increasingly conducted SLR, the pro-
cess support still needs to improve. The several specific solutions
proposed for those problems have yet to be widely influential. The
issues related to the SLR issues in the context of SE include the
following [14, 36, 37, 90]: i) SLR conduction is still time- and effort-
consuming [6, 16, 22, 61, 78]; ii) the documentation of SLR process
is poor [16]; iii) primary studies quality assessment is not appro-
priate, especially for qualitative studies [16, 95]; iv) learning the
SLR process and defining a research protocol is challenging for
novice researchers [95]; and v) the access and acquisition of rele-
vant studies across multiple e-libraries [4, 80, 95]. Given the current
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problems with SLR execution in SE, different tools have been pro-
posed and updated to cope with the challenges. The existing tools
semi-automate some phases of the SLR process [13, 29, 39, 58, 88],
focusing on: i) supporting the protocol creation [28, 104]; ii) retriev-
ing relevant studies from the digital libraries [7, 30, 40, 50, 57, 59,
73, 74, 76, 85-87, 89]; iii) recommending appropriate studies for
inclusion [1, 2, 12, 17, 19, 23, 26, 27, 31, 48, 51, 54, 6468, 77, 79—
81, 84,91, 99,102, 102, 103]; iv) assessing of quality of the studies [8];
v) extracting data from the primary studies [9, 38, 43, 62, 71, 82, 92];
vi) synthesizing the evidence [24, 33, 48, 63]; and vii) reporting SLR
conduction and its results [47].

ChatGPT, a representative Large Language Model (LLM) that
OpenAl developed, is an alternative tool that has emerged to
support the SLR process [10, 35, 53, 96, 98]. Although Chat-
GPT is relatively new, several studies—especially in the medical
field—acknowledge its capabilities (and limitations) in automating
SLRs [10, 11, 35, 60, 72, 96, 98, 101]. However, further research to
empirically investigate “how” we can do it at different activities
of the SLR process is recommended [10], especially in the SE field.
Still, some SLR practices in SE and medical research differ in some
points. Primarily, the volume of empirical studies in SE is smaller
compared to the medical field. Additionally, the research method-
ologies employed by SE researchers are generally less stringent
than those applied by their medical counterparts [46].

As a first step in this investigation, we focus on of the one
most time-consuming and error-prone Systematic Literature Re-
view (SLR) activities: the study selection phase [99]. Traditionally,
this phase begins with manually reviewing all retrieved articles’
titles, abstracts, and keywords. In the second stage, researchers read
the full text of articles classified as ’included’ from the first stage.
The number of studies included in SLRs in Software Engineering
(SE) varies widely, ranging from tens to thousands of studies. Work-
ing through these studies, especially in large numbers, requires
significant effort from SE researchers. Furthermore, many studies
retrieved by the search process are irrelevant to the underlying re-
search question, leading to additional wasted effort [25]. A tool that
automates some steps of the selection process could significantly
benefit researchers by saving time and reducing effort.

Given this context, our study aims to assess the accuracy of
ChatGPT to support the first stage of the selection activity in
SLRs in SE. We will answer the following research question (RQ):
“To what extent is ChatGPT able to support the SLR process, especially
concerning the selection activity?”

To achieve our goal, we replicated the first selection phase of
2 SLRs with the support of ChatGPT. To do so, our work went
through three (3) major stages: i) extracting the SLR data for repli-
cation including lists of included and excluded studies, as well as
inclusion and exclusion criteria (we used the list of included and
excluded studies as our benchmark); ii) the selection activity was
replicated by one researcher prompting ChatGPT with information
about selection criteria using a predefined template; iii) results were
analyzed by compared to the original study to assess the accuracy
of ChatGPT. The LLM’s outcomes were compared with the bench-
mark set by the SLR authors, with correct classification occurring
when it aligned with human judgment and incorrect classification
otherwise.
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Following the selection process and considering the benchmark,
we reached an overall accuracy of 80.7%, considering ChatGPT
inclusions/exclusions. Specifically for SLR1, ChatGPT correctly
classified 101 articles (48 true positives (TP) + 53 true negatives
(TN)). On the other hand, 33 articles were incorrectly classified
(16 false negatives (FN) + 17 false positives (FP)), reaching 75.3%
of accuracy. Regarding SLR2, the accuracy of ChatGPT was 86.1%,
with 386 correct classifications (113 TP; 273 TN) and 62 incorrect
ones (35 FN; 27 FP) compared to the benchmark.

The contributions of this work are to point out the benefits and
threats of using ChatGPT-4.0 to support the selection activity and
provide empirical evidence on the adoption of ChatGPT in the SLR
context within the SE area. We recomend that SE researchers could
regard ChatGPT as a supplementary “opinion” to mitigate biases
and inaccuracies in the included evidence, thereby resulting in fair
outcomes.

This paper is then organized as follows. Section 2 the tools al-
ready available to assist in the automation of SLR in SE. Section
3 details how we plan the ChatGPT accuracy evaluation to select
studies instead of the traditional method. Section 4 presents and con-
textualizes our findings, focusing on describing quantitative data
related to the accuracy of ChatGPT in selecting studies. Subsection
4.1 offers a discussion of our results and describes limitations and
potential issues threatening the validity of our findings. Finally,
Section 5 explains the relevance of our findings for SE researchers
and outlines possible future research directions.

2 Related Work

2.1 Tools to support the automation of SLR in
SE

Developing the protocol, searching for evidence, selecting relevant
studies, extracting data, and synthesizing the evidence are the SLR
activities with the most potential for automation [14, 20, 88, 94].

Felizardo et al. [20] affirm that Visual Text Mining (VTM) tech-
niques have already been used to support formulating research
questions [28], searching [57], selecting studies [2, 19, 26, 65], and
synthesizing [24]. Some authors point out that automating data ex-
traction and synthesis via machine learning [83, 94] is an important
research direction.

There are several SLR support tools available [3, 5, 55, 56]. The
Systematic Review Toolbox <http://systematicreviewtools.com/
about.php>, provides an up-to-date list of tools that support the
SLR process in multiple domains. In particular, some of the tools
that support researchers in conducting SLR in SE are presented
below [13, 20, 29, 39, 58]:

(1) Linked Data' - suggests text mining to semi-automate the
selection activity [91].

(2) PEx/Revis® — provides visual representations of studies to
support selection activity [19, 21, 24, 25].

(3) Review Tolkit®> - supports simple literature filtering, design
of a taxonomy, classification of literature and analysis of the
classification by generated diagrams [32].

!No prototype available
2 http://vicg.icme.usp.br/vicg/tool/1/projection-explorer-pex
Shttps://github.com/sebastiangoetz/slr-toolkit
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(4) SluRp* - supports the whole SLR process, the management
of a large number of studies and shares tasks among a group
of researchers [13].

(5) SLRONT? - describes common terminologies and their rela-
tionships during SLR process [89].

(6) SLR-Tool® - supports the whole SLR process and provides
uses text mining to refine search results [29].

(7) StArt” - assists SLR conduction from protocol creation to
results presentation through graphics [17, 18, 39].

(8) UNITEX® — automatically extracts knowledge from studies
using text mining [92].

(9) SLR automation tools examples in Medicine and other do-
mains can be found on the following websites. ?

(10) Parsifal'® - supports researchers in performing SLR within

the context of SE.

Unfortunately, most of these tools are still in the early stages
of development (prototype) and are often neglected or abandoned.
Another issue involving automation tools for the SLR in the SE area
is the lack of large-scale validation [20].

2.2 The use of LLMs to assist in the SLR process

As shown in Table 1, several studies have investigated the adoption
of LMMs to support the SLR process in different research domains,
including Dental [53], Educational [44], and Medical [10, 11, 35, 60,
72, 96, 98, 101]. Some studies have evaluated whether LLMs could
support the SLR process as a whole [10, 53, 98], while others focus
on specific SLR activities such as suggesting new SLR topics [35],
searching for evidence [96], selecting relevant studies [34, 45, 75,
97, 100], extracting [45, 53, 98], and synthesizing data [101].

According to Waseem et al. [98], the impacts of LLMs on SLRs
include outlining research questions, formulating search strings, col-
lecting data, and synthesizing relevant literature. Moreover, LLMs
can reduce the researchers’ workload in time-consuming and error-
prone activities. By automating these activities, ChatGPT allows
researchers to save time to focus their attention on higher-level
tasks, such as critically evaluating the literature. The authors em-
phasize the importance of researchers and LLMs collaborating to
ensure accurate results. For example, LLMs can identify terms,
concepts, and themes for synthesis while researchers review and
analyze them to confirm their relevance to the research questions.
Other researchers [10, 53] reinforce that LLMs can accelerate the
SLR process while requiring less human labor.

Huotala et al. [41] investigated to what extent LLM can facili-
tate title-abstract selection compared to human researchers. They
concluded that using LLMs to automate title-abstract selection
seems promising but does not significantly improve human accu-
racy. Other authors [34, 45, 75, 97, 100] from the field of medicine
also believe that LLMs have the potential to support the application

“https://uhra herts.ac.uk/handle/2299/14730

5No prototype available

Shttps://alarcos.esi.uclm.es/
http://lapes.dc.ufscar.br/tools/start_tool
8https://unitexgramlab.org/pt

https://parsif.al/ https://www.rayyan.ai/
https://aut.ac.nz.libguides.com/systematic_reviews/tools
https://ktdrr.org/resources/sr-resources/tools.html
https://libguides.jcu.edu.au/rapidreview/tools
Ohttps://parsif.al/
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of inclusion and exclusion criteria selection, save time and effort
for researchers, and contribute to the overall quality of SLRs. How-
ever, they commonly advise that the studies were conducted under
specific conditions offering preliminary evidence, and more studies
are needed before the wide use of LLMs.

Najafali and his collaborators [60] agree that LLMs in their cur-
rent state are limited, and considerable improvements are needed
to execute the entire SLR process singlehandedly. For them, LLMs
provide a limited reference list and incomplete manuscripts when
tasked with doing so. It also makes general claims to answer the
research questions.

In line with Najafali et al. [60], Anghelescu et al. [11] reaffirm
that one of LLMs’s drawbacks is distinguishing between truth and
falsehood in their answers. Similarly, other researchers [72] note
that the output appears to be valid at a high level, but much is
erroneous and needs vetting. In this context, a concern is that what
literature LLMs are trained in is unclear, and it probably does not
include articles with closed access. Consequently, the answers are
based on a restricted, not updated, evidence base [53]. Another
challenge concerns originality, transparency, credibility, and bias
issues.

Alshami et al. [10] also scrutinized the SLR process’s quality re-
garding reproducibility, transparency, and bias when utilizing LLMs
against traditional SLR methods. They broadly investigated the po-
tential of LLMs through all SLR activities, from generating research
questions and keywords for search strings to their employment in
extracting and synthesizing information. The findings exposed that
LLMs can help generate research questions and suggest boolean
research terms, but LLMs are restricted to data extraction. Com-
paring the accuracy of utilizing LLMs for selecting studies from
abstracts to be included in an SLR, in the face of the conventional
methods, ChatGPT exhibits an overall accuracy of 88%, leading to
significant time and effort savings.

Gupta et al. [35] explored how accurate LLMs could be in creating
new SLR ideas. They concluded that, overall, 55% of SLR ideas
derived from LLMs were novel. Relying on assistance for generating
search strings, Wang and his coauthors [96] emphasize that LLMs
can follow complex instructions, making them a valuable tool for
facilitating researchers performing SLR.

Regarding data extraction, by sharing the complete text and spec-
ifying the desired information or data to be extracted, Al can be of
assistance [53]. Concerning synthesis, Hoai et al. [101] point out
that LLMs can generate conclusions similar to those established by
humans. However, they bring that LLMs cannot summarize infor-
mation when more than three types of information are compared.

The role of LLMs as decision support tools for the SLR process
and their potential and risks are summarized in Table 2.

The previously mentioned studies raised important questions
about using ChatGPT in the SLR process. The most listed benefit re-
ported by researchers was that ChatGPT speeds up the SLR process
with a lower level of human effort [53, 98].

Researchers found that ChatGPT helped enhance the overall
quality of search strings by providing synonyms [10, 96]. Addition-
ally, ChatGPT is a valuable tool for extracting essential information
from texts [98]. Another benefit identified was support in synthe-
sizing data [101]. Furthermore, ChatGPT demonstrated its utility
as a tool assistant for suggesting new SLR ideas [35].
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Table 1: Literature on adopting ChatGPT to aid the SLR process.

Title Domain ‘ Ref.
Application ChatGPT in conducting systematic reviews and meta-analyses Dental [53]
Are ChatGPT and large language models “the answer” to bringing us closer to systematic review Medical [72]
automation?
Automated paper screening for clinical reviews using large language models: data analysis study Medical [34]
Automated title and abstract screening for scoping reviews using the GPT-4 large language model Medical [100]
Bio-SIEVE: exploring instruction tuning large language models for systematic review automation Medical [75]
Can ChatGPT write a good boolean query for systematic review literature search? Medical [96]
Can large language models replace humans in systematic reviews? Evaluating GPT-4’s efficacy in Medical [45]
screening and extracting data from peer-reviewed and grey literature in multiple languages
Conducting systematic literature reviews with ChatGPT Computer Science [98]
Comparing meta-analyses with ChatGPT in the evaluation of the effectiveness and tolerance of systemic Medical [101]
therapies in moderate-to-severe plaque psoriasis
Expanding cosmetic plastic surgery research with ChatGPT Medical [35]
Harnessing the power of chatGPT for automating systematic review process: methodology, case study, Medical [10]
limitations, and future directions
PRISMA systematic literature review, including with meta-analysis vs. Chatbot/GPT (AI) regarding Medical [11]
current scientific data on the main effects of the calf blood deproteinized hemoderivative medicine
(actovegin) in ischemic stroke
The promise and challenges of using LLMs to accelerate the screening process of systematic reviews | Software Engineering | [41]
Truth or lies? The pitfalls and limitations of ChatGPT in systematic review creation Medical [60]
Zero-shot generative large language models for systematic review screening automation Computer Science [97]

Limited research has been driven on using ChatGPT to assist in
research question formulation [10] or selecting studies [41]. Most
existing literature [60, 96, 98] agrees that human verification is
mandatory to minimize errors. Moreover, researchers fear Chat-
GPT could provide generic or even erroneous answers. Researchers
advertise that if ChatGPT does not “know” the answer, it will “fab-
ricate” one using a relevant language related to the question, which
is conveyed in a persuasive tone [11, 60, 72]. Furthermore, using
ChatGPT raised concerns about reliability. Researchers questioned
whether the reference list used as a source of evidence is unlim-
ited and updated [53, 60]. Therefore, we should carefully evaluate
ChatGPT responses because they may not always be trustworthy.

Another main concern focused on the implications of using
ChatGPT concerning originality [53]. Researchers also doubt repro-
ducibility, transparency, and bias [10, 53].

Similar to the previously mentioned studies, we also investigated
the use of LLM in the context of SLRs. Although LLMs hold promise
in supporting various other activities within the SLR process, in-
cluding summarizing and synthesizing evidence, we focus on its
application in selecting studies. In particular, in the SE area, Huotala
et al. [41] also evaluated LLM to assist title-abstract selection; how-
ever, unlike Huotala et al. [41], our study did not focus on prompt
optimization and adoption of LLMs to simplify abstracts for human
selection.

3 Methodology

In this paper, we focus on understanding the extent to which Chat-
GPT can support researchers in selecting relevant studies during

28

Table 2: Using LLMs to support the SLR process and outline
their possible benefits and risks.

Using ChatGPT for assist SLR

e Reduce workload [10, 53]

o Outline research questions [10]

e Use correct Boolean operators and syn-
tax [96]

o Suggest new SLR ideas [35]

o Suggest terms of research interest for search
string [96]

o Suggest synonyms for search string [10, 96]
e Extract data to support synthesis [53, 98]

o Synthesise data to answer questions [101]
e Provide generic information [53, 60, 72]

e “Fabricate” information and convey it in a
persuasive tone [11, 60, 72]

e Lack of transparency [72]

o Originality issues [72]

e Restricted and not updated evidence
base [53, 60]

o Offer a limited reference list [60]

e Limited synthesis [10, 101]

e Write an incomplete report [60]

Advantages

Limitations

the first phase of the SLR process. The study selection is a labor-
intensive and time-consuming activity that often involves classi-
fying thousands of candidate studies. Reducing this effort would
largely benefit the researchers by reducing their workload with
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tasks that may be automated. On the other hand, the accuracy of
this selection process is critical for the quality of the outcomes of
the SLR.

Therefore, in this section, we detail the method followed to assess
the accuracy of ChatGPT to help with this activity.

3.1 Replicated SLRs

We used a convenience sample of two SLRs to conduct our study.
We selected these two studies because they provided all the data
required to perform the study (a complete list of studies returned
from the search, detailed selection process, and inclusion/exclusion
decision from the first stage of the selection activity, based on the
title, abstract, and keywords), in addition to the fact that we had
access to the authors in case we needed to clarify any specific point
of the studies. We detail both SLRs below.

SLR 1 - This is a tertiary study (i.e., an SLR of SLRs) on the “con-
vergence of Human-Computer Interaction and Artificial Intelli-
gence” [93]. They analyzed the article’s title, abstracts, and key-
words of 134 articles.

The selection process for this study followed rigorous SLR guide-
lines [46]. Four reviewers (one expert in Artificial Intelligence, one
in Human-Computer Interaction, and two in secondary studies)
independently screened all the potential articles. Meetings were
performed to solve conflicts. 134 studies (sample) were randomly
chosen from 536 candidate studies (90% of confidence level, 5% of
error) as our dataset.

The data provided made it possible to evaluate the classification
by contrasting ChatGPT’s results with the classification of four
experts. Each reviewer independently classified each article into
one of the three scores: 0—exclude, 1-uncertain, and 2-include.
For this SLR, articles were included whenever the total score was
equal or higher to four (e.g., at least two reviewers agreed with the
article’s inclusion) and excluded otherwise.

The data (including and excluding studies) from the first stage

of the selection activity, based on the title, abstract, and keywords
reading, was openly available. The selection criteria were detailed.
Secondary studies were included in the tertiary study [93] only if
they met the two inclusion criteria, as stated in Table 3.
SLR 2 — This SLR aimed to identify user profiles in games or
gamified environments and evaluate the impact of game elements
within these environments based on the users’ profiles [69]. The
researchers analyzed the article’s title, abstracts, and keywords of
448 primary studies.

In this SLR, the selection process also followed rigorous SLR
guidelines [46]. The researchers started the SLR’s search process
by defining an oracle (known collection of studies). They defined
the search string by extracting terms from the keywords, titles,
and abstracts of the studies in the oracle [70], which helped them
validate the search string results. In addition, researchers rigorously
validated the review protocol and search strategy definition and
refined the selection process using appropriate inter-rated agree-
ment measures. The data (included and excluded studies) from the
first stage of the selection activity was also available. The selection
criteria were detailed. Primary studies were included in the SLR if
they met two inclusion criteria, as stated in Table 3. It was possible
to evaluate the classification by comparing ChatGPT’s results with
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a benchmark [69]. For each article, the researchers’ classification
is assigned as follows: 0 — exclude and 1 — include. Articles were
included whenever they met all the inclusion criteria.

Our evaluation considered the SLR1 and SLR2 expert classifica-
tions (i.e., benchmark) as “true” values.

Table 3: Inclusion criteria (IC).

SLR 1
e It is a secondary study (Systematic Review, Mapping
Study, Rapid Review, or Systematic Mapping)
AND
o It presents findings for converging Human-Computer
Interaction and Artificial Intelligence

SLR 2
e The article discusses the relationship between game
elements and user types.
AND
e The article discusses how to use the relationship be-
tween game elements and user types to analyze user
engagement.

IC1

IC2

IC1

IC2

3.2 Accuracy assesssment

As shown in Figure 1, we followed three (3) main steps to assess the
accuracy of adopting ChatGPT in the selecting studies, as described
below.

Stage 1: Input — To conduct the selection using ChatGPT, we
got the title, abstract, and keywords of all articles for the initial
selection (SLR 1 - 134; SLR 2 — 443).

Stage 2: Prompting ChatGPT - We provided a clear and spe-
cific input prompt following a prompt and predict format [52]. We
requested ChatGPT to answer using a rate of agreement for studies
inclusion following a 7-point Likert scale (1- strongly disagree, 2—-
disagree, 3— somewhat disagree, 4- neither agree nor disagree, 5—-
somewhat agree, 6— agree, and 7— strongly agree). We imposed
specific constraints during the selection process to maintain con-
sistency and control. These constraints encompassed classifying
articles exclusively into the seven (7) rates. The template used to
prompt ChatGPT is presented here:

“Assume you are a software engineering

researcher conducting a systematic literature review
(SLR). Consider the title, abstract, and keywords of a
primary study.

Title: <the title of the primary study>
Abstract: <the abstract of the primary study>
Keywords: <the keywords of the primary study>

Using a 1-7 Likert scale (1 - Strongly disagree, 2
- Disagree, 3 - Somewhat disagree, 4 - Neither agree
nor disagree, 5 - Somewhat agree, 6 - Agree, and
7 - Strongly agree) rate your agreement with the
following statement (only number): <IC1 - Description
of inclusion criteria 1.>.
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Figure 1: Method research: assessing the accuracy of adopting ChatGPT in selection studies.

Using a 1-7 Likert scale (1 - Strongly disagree, 2 -
Disagree, 3 - Somewhat disagree, 4 - Neither agree nor
disagree, 5 - Somewhat agree, 6 - Agree, and 7 - Strongly
agree) rate your agreement with the following statement
(only number): <IC2 - Description of inclusion criteria
2.>.

In the context of LLMs, temperature, and top_p (nucleus sam-
pling) are parameters that can be adjusted to fine-tune the balance
between generating coherent and diverse response outputs, and
changing these parameters allows control over the stability of the
generated responses. A lower temperature (e.g., 0.2) produces less
random and more deterministic output, generating high-confidence
predictions. Conversely, a higher temperature (e.g., 0.7) leads to
more randomness, encouraging the model to explore a broader
range of possible outputs. Top_p controls randomness, and instead
of sampling from the entire probability distribution of words, top_p
sampling considers only the most likely words whose cumulative
probability exceeds a certain threshold (p). This threshold dynam-
ically adjusts based on the probability distribution, ensuring the
model generates diverse yet relevant responses. We set the temper-
ature to 0 and the top_p to 0.1.

Stage 3: Analysis — We kept the output from ChatGPT in a
structured tabular format. In our analysis, we consider as “inclusion”
the studies with a rate greater than or equal to five (5 - somewhat
agree) for each inclusion criterion; we classified the other cases as
excluded.

As illustrated in Figure 2, from a “conservative” perspective, we
also analyzed our data considering the inclusion of studies with a
rate greater than or equal to four instead of five. This conservative
perspective considers that, in case of doubt, the paper should be
included in the next step. A rate of 4 could indicate doubt.

We then compared the output with our benchmark (original
output from the human analysis). Matches were considered true
positives (TP) or negatives (TN), and the outputs that were not
matched were classified as false positives (FP) or negatives (FN).
Finally, the accuracy was calculated using the formula (TP + TN) /
(TP + TN + FP + FN).

4 Results

A summary of the results is presented in Table 4. ChatGPT achieved
correct classification when it matched human classification for the
first selection round in the original paper (True Positive/True Neg-
ative) and incorrect otherwise (False Positive/False Negative). Con-
cerning SLR 1, while the reviewers included 51 studies, ChatGPT
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included 75; 83 were excluded by reviewers and 59 by ChatGPT.
Looking at ChatGPT classifications, 101 studies were correctly clas-
sified, and 33 were not. More specifically, the ChatGPT decisions
were: correct classifications (TP+TN) — 101 (48+53); incorrect clas-
sifications (FP+FN) — 33 (17+16). The average execution time and
tokens used were 1.72s and 918.2s, respectively.

Regarding SLR 2, the original reviewers included 148 studies,
while ChatGPT included 113. Analyzing ChatGPT’s classifications,
it correctly classified 386 studies (113 TP + 273 TN) and incorrectly
classified 62 studies (27 FP + 35 FN). The average execution time
was 1.41s and 915.79 was the average token count.

We used Cohen’s kappa [15] to determine the level of agreement,
denoted as k, between (1) the SLR1 benchmark and ChatGPT and
(2) the SLR2 benchmark and ChatGPT. For SLR1, the kappa value
was k = 0.59. For SLR2, the kappa value was k = 0.68. These values
indicate a moderate and a substantial agreement, respectively [49].

4.1 Discussions

In this paper, we bring evidence that ChatGPT may not provide
accurate selection classifications for SLRs. Therefore, its adoption
presents issues discussed in the sequence that must be thoroughly
improved before widespread implementation in SLRs in the SE area.

e Accuracy — Similar to our results (75.3% and 86.1%), the accu-
racy of other studies published in the literature concerning applying
LLMs to support title-abstract study selection has varied between
60 and 83.5% [34, 45, 75, 97, 100].

e Incorrect classifications — One observed limitation of the
ChatGPT adoption in selecting studies is its potential for generating
incorrect classifications. Researchers are aware that if ChatGPT
does not “know” the answer, it will “fabricate” one [11, 42], mak-
ing it difficult to distinguish between truth and falsehood answers
(hallucinations). Therefore, instead of SE researchers adopting Chat-
GPT classifications as a unique source to classify studies, it may
add a new perspective, like an “external reviewer”. When only one
(1) researcher performs the selection, he or she should consider dis-
cussing his or her decisions with other colleagues. In that respect,
SE researchers could use the divergent ChatGPT classifications as
clues about what studies should be doubly reviewed for inclusion
or exclusion, replacing the external researcher review. Furthermore,
LLM could be employed to compare and analyze the different re-
viewers’ decisions, supporting the group in a common sense about
the inclusions and exclusions.

e Loss of evidence (FN) — Considering the articles incorrectly
classified in SLR1, ChatGPT had FN 16 (relevant articles excluded).
For SLR2, the number of FNs was 35. FN decisions have more
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Table 4: Comparative of ChatGPT classifications regarding our benchmarks.

Likert >=4 — “Conservative” classification Likert >=5
Description SLR1 SLR2 SLR1 | SLR2
Correct inclusions (TP) 50 128 43 113
Correct exclusions (TN) 35 232 53 273
Incorrect inclusions (FP) - Overwork 35 68 17 27
Incorrect exclusions (FN) 14 20 16 35
Accuracy 63.4% 80.3% 75.3% | 86.1%

negative impact on the results of an SLR than FP, since we may lose
evidence.

Analyzing the loss of evidence at the end of the selection process,
i.e., studies excluded by ChatGPT-4 when reading the title-abstract-
keyword but included by the researchers (FN) and that remained in
the final selection, reading the full text; for SLR1, there were two
(2) losses of evidence, and for SLR2, the loss was four (4).

The “conservative” inclusion perspective, i.e., articles with rates
4 (neither agree nor disagree) in one of the criteria are included,
changed the classification of 20 studies in SLR1. Eighteen correctly
excluded studies (TN) were classified as included (FP), generating
reading overhead in the second selection stage. However, two (2)
studies incorrectly excluded (TN) were included (TP). From these
two studies, one remains included in the second stage of selec-
tion activity, meaning that one (1) evidence that had been lost was
recovered. About SLR2, 56 studies changed their classifications con-
sidering “conservative” inclusion. In total, 15 TP emerged, meaning
that these pieces of evidence previously lost using the Likert-5 were
recovered through Likert-4. However, 41 new FPs have emerged,
and reviewers would have to read their full texts. Of these new FPs,
only two (2) were retained by the reviewers after the second stage,
reading the full text.

We believe that to improve the accuracy of ChatGPT responses,
we could supplement its understanding by incorporating additional
information from the candidate studies, for example, prompt rel-
evant parts of the articles, such as the results and conclusions
sections, since these sections often provided more detailed and
context-rich information compared to abstracts alone.

e ChatGPT x Novices researchers — Our study has two SLRs
conducted by researchers of different expertise levels. SLR1 was
conducted solely by experts, while SLR2 was the first SLR conducted
by a PhD candidate and her supervisor. Despite having received
training in conducting SLRs and having the support of an expert in
the method, the researchers in SLR2, due to their lack of experience,
may have been overly cautious during the selection process.

When teaching the procedure for conducting an SLR, it is em-
phasized that if there are doubts in the selection stage, the article
should be accepted and moved on to the next stage. This cautious
approach could explain the higher number of exclusions by Chat-
GPT compared with the researchers in SLR2. Specifically, there
were 35 FN (studies excluded by ChatGPT that were included by
the researchers) in SLR2. However, the impact of these FNs on
the results of the SLR2 is relatively low. This is because out of the
35 studies excluded by ChatGPT in the selection stage, 31 were
subsequently excluded by the researchers in the next stage.
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These results suggest that ChatGPT could be a valuable tool for
novice researchers during the selection process, helping them when
in doubt. It would be even more beneficial if the LLM explained
each inclusion or exclusion.

o Sensibility of prompts and convergence of responses —
When using LLMs, it is essential to have a deeper understanding
of how different factors interplay with their adoption. Based on
our preliminary results, we conjecture that various factors may
influence the outcomes. For example, since SE is inherently context-
dependent, adopting LLMs in the area could be enhanced by training
models on domain-specific data. Moreover, LLMs used to be sensi-
tive to subtle changes in prompt formatting. Given the prompt’s
fragility, we intend to understand better the factors that impact
prompts on LLMs (order sensitivity, context length) and find tech-
niques that make them more accurate and reliable.

Moreover, LLMs are non-deterministic and provide different an-
swers to the same ’question’ when asked multiple times. Therefore,
several rounds may help SE researchers identify the point of con-
vergence. However, given the current limitation of LLM-based tools
in helping navigate the solution space, researchers often limit them-
selves to selecting the first-round solution, missing the opportunity
to have a more comprehensive view of the accuracy. We recognize
these gaps and will investigate factors that impact using LLMs to
support SE research and empower them to navigate the LLM space
better. In the context of SLRs, one may prompt several times the
same set of papers and check the level of agreement across multiple
runs. This would help understand the level of confidence of the
answers received.

e LLMs temperature and top_p parameters — We set the
temperature to 0 and top_p to 0.1 to prioritize a moderate level of
randomness and diversity while still maintaining a degree of control
and accuracy. However, more studies are needed to understand
better configuration settings of LLMs to explain the advantages
and disadvantages of changing these settings and how they impact
LLM output in selecting studies.

LLM performance and data processing capabilities are also di-
rectly related to other parameters, such as the context window and
the max tokens. The context window equals the number of words
an LLM can process simultaneously. In our research, the context
window was not a barrier since we prompted one study at a time.
However, this parameter cannot be ignored if we consider the final
selection, in which the full text is evaluated.

The max tokens parameter sets the limit for the total number of
tokens, including the input fed to an LLM as a prompt and the output
tokens produced by an LLM in response to such a prompt. Again,
we did not observe any limitations regarding our study since only



ESEM ’24, October 24-25, 2024, Barcelona, Spain

Felizardo et al.

Stage 1: Initial selection (Title + Abstract + Keywords)

1 Title Ic1 Ic2 Conservative
2 User Experience Design Using Ma: 7 " 6 Inclusion
3 |Sentiment analysis on arabic twe( R ’
4 Machine learning based cognih‘ve' 7 6 v
oo S |Human Factors Engineeringin Inti’ 7 " a4
hd 4 r Stage 2
=] 6 Empirical comparisons for combii 1 4 g
7 |Diagnosis of Cervical Cancer and T3 " og
8 Text-Based Emotion Detectionan’ 7 " 6
9 Machine learning techniques for s’ 7 r 6 - Final selection
& Exclusion
10 Dataminingto Alert the Formaﬁo’ EEEE—— @
11 A Systematic Literature Review o 7 7
12 Somebody help me, please?! Inte: 1 : 6 (Full-text)
13 Approaches and challenges in the 1 6
14 |Robotic Technologies in ADHD ca’

Inclusion
—_—

Figure 2: In a “Conservative” inclusion perspective, articles with rates 4 (neither agree nor disagree) in one of the criteria are

included.

the title, abstract, and keywords were provided as input. However,
this parameter should be investigated for other SLR activities.

e LLMs will improve over time — We expect our research to
improve as the area evolves. The SE community needs to engage in
a dialogue about the emerging capabilities of LLMs. This discussion
should focus on the current state and anticipate future develop-
ments. By doing so, we can better understand how to integrate these
advanced tools into our research methodologies, including SLRs,
ensuring that they complement rather than replace SE researchers.

o Classification activity — To better elaborate on the capabil-
ities of ChatGPT, we assigned it the responsibility of classifying
articles into specific predefined categories using a 1-7 Likert scale.
Articles with a rate greater than or equal to five (5 - somewhat
agree) for each inclusion criterion were included. However, other
Likert scales or a boolean choice (included or excluded) could be
adopted. The accuracy of these variations of categories was not
analyzed and merited future attention.

o SLR reproducibility — Since a template can be defined to
prompt ChatGPT, the same procedure can be replicated multiple
times by following the same guidelines, enhancing the reproducibil-
ity of the selection method. Moreover, Huotala et al. [41] recom-
mend future SLRs publish replication packages with selection data
to enable more conclusive experimenting regarding ChatGPT to
support the selection process.

¢ Ethical considerations - Ethical considerations emerge when
ChatGPT is used in research. Studies need to regulate using Chat-
GPT as a reviewer in SLRs in SE to safeguard the interests of the
research community and the population using the SLR results.

4.2 Future work

In future work, we plan to i) identify critical factors influencing
researchers adopting LLMs to support their SLRs; ii) identify fea-
tures that impact the LLMS prompts regarding order sensitivity
and context length; iii) determine the optimal number of rounds
to convergence of LLMs responses; iv) assess the accuracy of LLM
responses to support the SLR process as a whole; and v) investigate
how the LLM accuracy varies across different SE domains.
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Efforts also could be made to develop visual or graphical repre-
sentations to comprehend ChatGPT’s output. The visualizations,
which are easier for researchers to understand, can improve the
interpretability of ChatGPT’s responses. For example, Felizardo et
al. [19, 21, 25], researched analytical techniques that employ vi-
sualization (e.g., Visual Text Mining — VTM) to support different
activities of the SLR process, particularly the selection of studies.

Moreover, although LLM may facilitate and expedite SLRs, how
to integrate it into the review process is unclear. In prospective
work, we plan to propose a framework for integrating LLMs into
the SLR process, including the rationale for LLM use, activities
definition, prompt templates, data entries, human role, and metrics.

Furthermore, for SLRs, transparency of method and assessment
rigor are essential, and these features are absent from ChatGPT
classifications. The use of ChatGPT to eliminate studies automati-
cally has not yet been fully proven. It may be used confidently in
clinical areas, but more developmental and evaluative research is
needed in SE. As future work, other LLMs, e.g., Gemini, that show
the reasoning for each inclusion or exclusion could be adopted to
mitigate the low level of confidence issue.

By recognizing the strengths and limitations of LLMs and taking
appropriate measures to enhance their accuracy, SE researchers
can maximize the benefits of Al in selecting studies. We invite the
SE community to discuss the challenges and potential research
opportunities in leveraging LLMs to support their SLRs.

4.3 Threats to Validity

Our goal was to investigate the adoption of LLMs to aid the selection
activity using evidence from two existing SLRs and corresponding
replication rather than carrying out a formal experiment with a
simulated scenario or re-doing a few SLRs ourselves. Therefore, our
analysis of selecting studies with ChatGPT support was demon-
strated by evidence gathered from two replications, which can be
seen as a threat to the conclusion’s validity. These two particular
SLRs were selected by criteria directed toward the data (list of in-
cluded and excluded studies and selection criteria) necessary to run
the replications. However, the limited number of validations means
that results may not represent the full spectrum of the SE domain.
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Furthermore, there is a risk that the individual selection be-
comes biased. Even using selection criteria, researchers have de-
cided whether to select an article based on their interpretation. The
influence of the researcher’s judgment could be noticed, for exam-
ple, in articles from SLR1 that were considered relevant by three
researchers but discarded by one. The subjective interpretation
can generate this occurrence. However, although we considered
the experts’ opinions to be benchmarks, we cannot say that all of
them are correct. However, for SLR1, four researchers performed
independent assessments, and for SLR2, two researchers evaluated
all articles to help mitigate individual assessor bias. Overall, the
articles were judged according to the SLR’s design and the prede-
fined criteria used in the evaluation to help minimize the validity
threats to the conclusion.

Even though ChatGPT was the state-of-the-art model in this
writing, other LLMs may show different accuracy in selecting stud-
ies. However, as a first-cut assessment of the use of ChatGPT to
support the selection of studies in SLRs in SE, we believe our study
met its goal.

5 Final Remarks

The answer to the RQ “To what extent is ChatGPT able to support
the SLR process, especially concerning the selection activity?” is that
ChatGPT’s support is limited as of now, but it can filter with an
accuracy greater than 75%.

The advancement of fundamental AI methods, particularly the
latest LLMs, provides opportunities for SLR-AI However, significant
concerns exist about the accuracy of the studies selected by Al
methods. This study provides the first comprehensive overview
of the accuracy of adopting LLMs to aid SLR. Research on LLMs’
accuracy in SE is still in its early stages, and there are challenges
in adapting prompt, defining metrics, and evaluating its use in the
SE domain. Future research efforts should focus on tackling these
challenges.

Therefore, the contributions of this study encompass multiple
areas, including:

(1) We presented an empirical investigation of selecting studies
by leveraging the power of LLMs. We defend that by combin-
ing the strengths of human expertise and Al capabilities, we
could streamline the traditional SLR process, maintaining its
accuracy.

(2) We compared the accuracy of utilizing ChatGPT for selecting
studies to be included in an SLR, in contrast to conventional
methods.

(3) We applied LLM in two SLRs, and our findings highlight the
potential application of LLM in selecting articles, revealing
valuable insights into the current research landscape and
shedding light on future directions in the domains of SE.
There are promising avenues for future research to fully
explore LLMs’ capabilities to aid other SLR activities, investi-
gate its limitations in diverse SE contexts, and support other
SLR activities and secondary study types.

Finally, it is essential to remember that ChatGPT cannot replace
the experience of researchers but can support them by selecting
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studies. SE researchers should consider the ChatGPT a comple-
mentary “opinion” to avoid biases and inaccuracies in the included
evidence, resulting in fair results.

6 Online Resources

Supplementary materials are available on https://figshare.com/s/{78
3¢33c13e7cdb84192.
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