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Abstract. Assessing programmers’ perspectives during software life cy-
cle activities is vital for understanding the reasoning behind software
development decisions. Sentiment Analysis (SA) plays a key role in this
assessment. Researchers have increasingly leveraged Natural Language
Processing (NLP) to conduct such analyses. However, there is a lack of
comprehensive and up-to-date studies that explore the challenges and
opportunities of applying Large Language Models (LLMs) for SA in
Software Engineering (SE). This study systematically maps the topic
by reviewing studies published between 2019 and 2025. Following the es-
tablished protocol, we selected 21 studies that offer a broad perspective
on how NLP capabilities within LLMs facilitate SA in software devel-
opment tasks. Evidence from the selected studies highlights the positive
impact of NLP and LLMs on SA in various areas of SE. For instance,
some studies apply LLM-driven SA to bug reports and software require-
ments. Additionally, the mapping study identifies different approaches to
utilizing LLMs for SA in SE, including model comparisons, fine-tuning,
and prompt engineering.

Keywords: Sentiment Analysis - Systematic Mapping - Large Language
Models - Software Engineering

1 Introduction

Programmers share their opinions through written text while executing software
life cycle activities in tools and repositories such as version control systems,
IDEs, issue trackers, and validation, verification, and testing tools. These texts
can be analyzed using natural language processing (NLP) functionalities re-
garding programmers’ sentiments. Understanding the sentiments, opinions, and
emotions expressed in these texts can offer insights into the challenges faced in
software development [26]. It can also lead to the development of better tools
that utilize NLP techniques [19]. The literature provides evidence of the ongoing
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progress of Artificial Intelligence (AI). One may highlight the development of
Transformer models, which feature self-attention mechanisms and utilize LLMs
for enhanced query and content understanding in the context of NLP [35]. No-
tably, models based on the Bidirectional Encoder Representations from Trans-
formers (BERT) architecture have demonstrated state-of-the-art performance
across numerous NLP tasks, including sentiment analysis, establishing expec-
tations for transformer-based approaches in software engineering contexts [10].
For this reason, Large Language Models (LLMs) with transformers as their base
architectural component are the cornerstones of generative Al (GenAI). LLMs
have improved abilities in comprehending, generating, and enhancing human lan-
guage [23]. The potential application of LLMs to perform NLP tasks presents an
unprecedented frontier in Sentiment Analysis (SA), promising to significantly
enhance search functionalities and redefine user interaction with digital infor-
mation systems. Researchers have investigated the potential use of transformer
architecture implemented as LLMs for SA [38].

Regarding SA challenges, there is evidence that general-purpose SA tools
are often ineffective in the software domain, as they are not typically trained
on datasets related to SE [3], which can produce harmful and biased results
[21]. That is why several studies indicated the need for SE-specific tools for SA
[34]. The topic should be considered by researchers who are considering LLMs
as a support tool for SA. Considering the novelty of NLP in adopting LLMs to
support SA in SE, the area lacks syntheses describing the adopted approaches
and their effects on software quality. This perception aligns with other authors,
who consider the area to lack knowledge about how well LLMs comprehend words
and sentences within a SE context and how they advance the state-of-the-art in
this field [24]. To address this gap, we conducted a systematic mapping study to
provide a comprehensive overview of how NLP capabilities in LLMs are being
leveraged to support SA. Our study identifies emerging opportunities, highlights
best practices, and outlines key challenges in applying these models within the
SE domain. Following the GQM approach [5], the goal of this study is to analyze
software development activities for the purpose of characterization, with
respect to sentiment analysis, from the point of view of programmers, and
in the context of NLP functionalities implemented LLMs.

This paper is organized as follows. Section 2 presents other secondary studies
on SA or using LLMs. Section 3 details the research design. Sections 4 and 5
present the results and discuss the main insights and contributions based on
evidence from the selected studies. Finally, section 6 draws some conclusions.

2 Related Work

This section presents secondary studies investigating SA in the SE context. We
also included secondary studies that discuss the use of LLMs to support SE
tasks. We grouped them into the two subsections as follows.

Sentiment analysis in software engineering. Obaidi and colleagues con-
ducted a systematic mapping study to investigate approaches for developing
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SA tools for SE in studies published between 2012 and 2021. They concluded
that implementing tools based on the BERT transformer model yielded the best
results for SA in SE [26]. Wan and colleagues selected 33 primary studies pub-
lished between 2013 and 2023 to investigate SA, considering the usage of popular
datasets, mainstream models, and the latest tools, techniques, and metrics re-
lated to the current status of research on techniques specifically for the elicitation
of requirements from reviews of applications [36]. Lin and colleagues performed
a systematic review of opinion mining in software development, analyzing 185
articles across several key areas. The study categorized articles into well-defined
software development activities related to opinion mining, examined available
opinion mining approaches, evaluated their adoption and performance in other
studies, and reviewed performance assessment and tool customization datasets.
Moreover, the review addressed concerns and limitations that SE researchers
should consider when applying or adapting these techniques. The findings pro-
vide valuable insights into the application of opinion mining tools in SE and
suggest directions for future research [22].

Sanchez-Gordon and Colomo-Palacios presented a systematic review of the
literature to assess the emotions of software developers. The research reviewed
7.172 articles from five databases, selecting 66 primary studies that met the in-
clusion criteria. The results indicated that emotions play a significant role in the
performance and well-being of developers, but are still relatively little explored in
SE. Measurement methods included text-based SA and physiological measures.
The study identified gaps in the literature and areas for future research, con-
tributing to a more integrated view of the role of emotions in SE [32]. Lenberg,
Feldt, and Wallgren conducted a systematic review to explore the cognitive, be-
havioral, and social aspects of software development. The study analyzed 10.000
publications and selected 250 studies for review. The research revealed a growing
interest in human aspects in SE, but identified gaps, such as a concentration on
a few key concepts (personality, communication, and job satisfaction) and a lim-
ited focus on specific areas of engineering. Despite this, the research highlighted
the importance of integrating psychology and social sciences into SE to improve
processes and results [20].

Large language models in software engineering. Hou and colleagues
conducted a systematic review to understand the application, effects, and possi-
ble limitations of LLMs on SE. They consider 395 papers as the set of primary
studies. The studies were published from 2017 to 2025. They considered vari-
ous dimensions, including the types of models being adopted, dataset domains,
techniques used to optimize and evaluate the LLMs, and tasks in SE that have
utilized LLMs. They indicated the use of SA to support software maintenance
activities [14]. Fan and colleagues investigated how LLMs could support SE ac-
tivities. They identified an increase in published studies since 2019, suggesting
a possible trend in the focus of this research area. The authors highlighted the
following open research questions: i) building and adjusting LLM adapted for
SE that take advantage of dynamic information; ii) research on dynamic adap-
tive prompt engineering and model parameter tuning; iii) hybridization of LLMs
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in SE frameworks; iv) understanding the programmer-LLM interaction; v) han-
dling longer textual inputs; and, finally, vi) studies of SE subdomains such as
requirements engineering, design, and refactoring [13]. These studies synthesize
the empirical knowledge in the SA and LLM areas, in most cases, considering
these concepts independently. They highlight the importance of the topics and
guide future work in the respective areas. Our work deepens knowledge in the
area by focusing specifically on the combination of topics, addressing SA with
LLMs in the SE context.

3 Research Design

During the planning phase, we followed the systematic mapping guidelines by
Petersen et al. [27], defining a comprehensive review protocol that included Re-
search Questions (RQs), study search strategies, selection and exclusion criteria,
and data extraction methods. This work is a Systematic Mapping Study (SMS)
rather than a Systematic Literature Review (SLR). As defined by Petersen et al.
[27], an SMS aims to provide a broad classification and overview of the research
landscape (e.g., themes, publication trends, research gaps). In contrast, an SLR,
focuses on deep qualitative synthesis of study findings.

The main Research Question (RQ) of this study is How do natural language
processing functionalities implemented in LLMs support SA in software devel-
opment activities? We decomposed the main RQ into three detailed, specific
research questions (SRQ) in the context of SA in SE, as follows: SRQ1: Which
strategies have been applied in LLMs that implement natural language processing
functionalities to enhance the performance of SA in SE?; SRQ2: Is there a rela-
tionship between the natural language processing functionalities implemented in
LLMs and the quality of the final software product?;SRQ3: How does the avail-
ability of datasets support the evaluation of natural language processing function-
alities implemented in LLMs, promoting the advancement of SA?.

Search Strategy. The study considers twenty-one primary studies. The
main contributions regard the classification of i) LLM enhancements, ii) the
relation of LLMs in SA with software product quality, and iii) dataset availability
in the area. We defined the search terms based on the RQs, and the criteria were
tested and applied during the study’s selection phase. The major terms are
“sentiment analysis” as one of the main subjects of the study, “large language
model” as the addressed tool, and “software engineering” as the context of the
study. Each candidate article was first screened by title and abstract to confirm
that SA in SE was one of the primary focuses; if this was not clear, we performed
a full-text screening, led by four researchers, to reach an agreement. During the
process of defining search terms, we included alternative terms. For example, we
consider “software development” as an alternative to “software engineering” or
“opinion mining” as an alternative term to “sentiment analysis.”

Before executing the whole search analysis, we selected our “gold set”, i.e., a
curated collection of articles that are expected to be included in the final review.
This set served as a benchmark to assess the sensitivity and specificity of our
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search strategy. The final search string was then refined to explicitly encom-
pass the three main topics of interest—sentiments, LLM/Transformer models,
and the context of SE—and was applied to the title, abstract, and keywords
of each document. The search string is as follows: ("sentiment analysis” OR
"opinion mining") AND ("LLM" OR "large language model” OR "GPT" OR
"transformer") AND ("software engineering” OR "software development”).

We performed the searches in May 2025 in the following repositories to select
the studies: ScienceDirect, IEEE Xplore, ACM Digital Library, and Scopus. The
criteria for including or excluding studies, as well as the quality standards for
selecting papers, are associated with their respective logical connectors. The ex-
clusion criteria operate independently (OR), meaning that meeting any criterion
is enough to exclude a paper. In contrast, the inclusion criteria require that all
conditions be met (AND) for a study to be selected. Additionally, we adopted
the quality criteria in the form of questions proposed by Dyba and Dingsoyr
[11]. We adapted these questions, applying them to critically examine all other
papers that met the criteria (inclusion and exclusion). A study was only se-
lected if it consistently met all criteria with a YES response; otherwise, it was
excluded. We adopted the following Exclusion criteria: E1 (Publications that
did not answer at), E2 (Publications not written in English), E3 (Publications
that are not full papers), E4 (Duplicated studies), E5 (Non-primary studies), E6
(Studies published earlier than 2019); Inclusion Criteria: I1 (Studies published in
peer-reviewed conferences or journals), 12 (The studies must address SA on SE
activities); Quality criteria: Were the objectives of the study specified? (Q1) Was
the context of the study clearly defined? (Q2) Is the way the data is analyzed
in line with the study objectives? (Q3).

Study Selection and Quality Assessment. Four researchers were in-
volved in the selection phase, and two pairs of researchers divided the set of
returned references. Then, they selected the primary studies, reading titles and
abstracts, supported by a third and fourth researcher in case of doubts. The
same approach was adopted in the in-depth reading and quality paper analysis.
Another action adopted in the selection phase was carried out by the third re-
searcher, reading the title and abstract for all accepted and rejected papers. For
the extraction phase, two pairs of researchers independently identified excerpts
of the papers. They checked the extraction of the excerpts when needed. Next,
they met to reach a consensus in case of disagreement. For example, the quote
“Incorporating such sentiments could aid in the severity prediction of bug reports
for mobile apps” extracted from [1] was mapped to RQ2, as it is related to using
LLM in SA to influence the quality of the final software product.

We outlined the steps needed to complete the selection process in Figure
1, focusing on the number of primary studies considered for each phase. The
analyzed range of years spans from 2019 to 2025, which was chosen to cover the
period following the publication of “Attention Is All You Need” in 2017 [35] and
to include the most recent advances in LLM-based sentiment analysis up to now.
We performed the searches in May 2025, resulting in 1068 studies retrieved by the
search string. From this total, we obtained 211 publications in the ScienceDirect
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[ Identification | ( Screening ] [ Eligibility ] [ Included ]
Records identified Records after duplicat Full-text articles assessed Studies included in
through database »| ECOr 5_ der _lllpﬂgl s for eligibility qualitative synthesis

searching (n = 1068) removed (n = 1050) (n=1050) (meta-analysis) (n = 21)
Records screened Full-text articles excluded
(n =1050) with reasons (n = 1031)

Studies included in
qualitative synthesis
m=121)

Fig. 1. Phases of the Systematic Mapping.

database, 127 in the ACM Digital Library, 521 in the IEEExplore database, and
209 in Scopus. After applying the inclusion, exclusion, and quality criteria in the
1068 studies, we selected 21 to answer the research questions according to the
following distribution per database repository: ScienceDirect (3 studies - [1§],
[31], [1]), ACM DL (5 studies - [33], [17], [4], [15], [16]), IEEExplore (7 studies -
[6], [2], [40], [9], [29], [37], [8]), Scopus (6 studies - [3], [30], [12], [28], [7], [39]).
The effectiveness of the search string after applying all criteria is presented
as follows: 3 papers out of 211 from ScienceDirect (1.42%), 5 out of 127 from
ACM Digital Library (3.93%), 7 out of 521 from IEEExplore (1.34%), and 6 of
209 from Scopus (2.86%). The steps of the selection process are available online®.

4 Results

This section discusses the findings of each specific research question (SRQ).
This discussion is a reference to answer the primary research question (RQ). It
presents an overview of how NLP functionalities implemented in LLMs support
SA, highlighting opportunities, best practices, and challenges in SE. Figure 2
shows an overview of evidence keys from the literature to answer the research
questions. Each selected paper can answer more than one SRQ.

The Specific Research Question 1 (SRQ1) explores strategies to improve
the performance of LLMs for conducting SA in SE. Thirteen of the twenty-one
studies provide evidence addressing SRQ1, as shown in the LLM branch in Fig-
ure 2. From this branch, we derived eight sub-branches: Bigger Open Source
LLMs, Datasets Increasing, Domain Independent Training, Fine Tuning, La-
bels Preprocessing, LLM Models Comparison, LLM vs Other Approaches, and
Prompt Engineering. Additionally, the Fine Tuning branch led to three further
sub-branches: Bug Classification, Open Data, and Figurative and Politeness Ex-
pressions, creating a three-level descriptive map, which will be detailed in the
following.

The category Bigger Open Source LLMs covers work that uses large, open
source LLMs (bLLMs) to do sentiment analysis in software engineering, taking

® https://doi.org/10.5281/zenodo. 13631115
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—Bigger Open Source LLMs (1 study)
—Datasets Increasing (3 studies)

——Prompt Engineering (2 studies) ’/
——Fine Tuning LBu Classification (1 study)

Figurative and Politeness Expressions (1 study)

—  LIMGQRD)  — y.pels Preprocessing (1 study) Open Data Approach (2 sudis)
pen Data Approach (2 studies

——LLM Models Comparison (4 studics)
——LLM vs Other Approachs (4 studies)

——Domain Independent Training (1 study)
Bug Reports (2 studies)

Product Quality Security Practices (1 study)
Sentiment B (SQR2) Software Requirements (2 studies)

Analysis User Satisfaction/Better Features (2 studies)
using NLP- | |
LLM in —Data Filtering (1 study)

Software +—Data Quantity (1 study)
Engineering —Generalizability (3 studies)

——Gold Standard Datasets(1 study)

L Datasets ——Own Datasets (7 studies)

(SQR3)
—Predictive Performance (F1-score) (7 studies)
—Third-party Datasets (16 studies)

—LLM to Generate Data (1 study)

Fig. 2. Literature evidence to answer research questions.

advantage of their ability to learn from examples given right in the prompt and
thus needing less labeled data. One study, SP20 [39], explores this approach,
where three bLLMs, Llama2-Chat, Vicuna, and WizardLM, were tested using
zero-shot prompting on five software-engineering datasets. This study is also
featured in Prompt Engineering, as the authors found that simply changing the
prompt could alter macro-F1 by up to 22.8% and AUC by up to 33.4%.

The category Datasets Increasing contains studies indicating that larger
datasets enhance model predictive performance. It also argues that merging
multiple datasets improves SA outcomes. Two studies, SP01 [6] and SP03 [30],
explore the idea that larger datasets lead to better performance, discussing the
impact of dataset size in their lessons learned sections. One study highlights
the effectiveness of merging datasets in improving the performance of LLMs
and predicting emotions expressed in user reports and feedback about software
applications (SP11) [9].

Domain Independent Training refers to the strategy described in SP10 [28],
where authors discuss the challenges and impact on the model performance when
trained on a general dataset not specific to SE. In the experimental results
section of the same study, the authors observed that inconsistent labels within
the dataset could compromise model performance, highlighting the importance of
data cleaning and preprocessing to ensure well-defined labels and avoid excessive
flexibility, represented in the subbranch Labels Preprocessing in Figure 2.
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The category LLM wvs Other Approaches refers to the studies that compare
LLMs with other SA approaches. Four studies address this topic (SP01) [6],
(SP04) [33], (SP19) [16] and (SP18) [7]. The first study compares a trans-
former (BERT4SentiSE) with a recurrent neural network (RNN4SentiSE) using
sentences from Stack Overflow. The study found substantial improvement in us-
ing BERT4SentiSE compared with RNN4SentiSE, obtaining an overall f-measure
of 0.87, representing 18% of improvement (SPO1) [6]. The second study com-
pared the performance of various SA tools specific to SE with an ensemble-based
SA tool combining five existing SA tools implemented with RoBERTa. The LLM
version achieved an F1 score of 0.805. The authors discovered that combining
polarity labels from individual tools with bag-of-words features through a simple
supervised approach could enhance the performance (F1-scores) of stand-alone
tools by 4% to over 100%. The resulting supervised hybrid tool was named Sen-
tisead. While Sentisead demonstrated improved performance compared to most
stand-alone tools, its advantage over the best-performing tool (Senti4SD) did
not exceed 4% (SP04) [33]. The third study compared the zero-shot LLMs with
existing state-of-the-art emotion classification models in SE to predict causes
of frustration in development activities in a popular open-source project. The
results indicated that the zero-shot LLMs effectively recognized the correct emo-
tion cause with a BLEU-2 score of 0.598 (SP19) [16], having better performance
than reported using traditional approaches (ESEM-E, EMTk, SEntiMoji [25]).
Finally, the fourth study benchmarks five SA tools: two pre-trained transformer
models and three traditional machine learning tools. The transformer models
outperformed the traditional tools on one of the two datasets, with a margin of
only a few percentage points.

The category LLM Model Comparison refers to three studies that compare
LLMs’ performance towards SA in SE. One of the studies considers the context
of developers performing activities such as fixing bugs in new software versions
based on users’ feedback, such as ratings and reviews (SP02) [18]. The study
proposes a method that calculates average ratings based on user review senti-
ment using BERT-based sentiment annotation and a hybrid RNN-LSTM model.
The authors found more positive sentiments comparing their approach, actual
ratings, with an average calculated rating of 3.60 stars, to the actual ratings
with 3.08 stars. These results are based on reviews from over 250 apps on the
Google Play Store. Another study provides evidence of figurative language’s
impact on SE (SP16) [15]. The authors created a dataset of 2000 sentences col-
lected from GitHub issues and pull request comments, resulting in 1661 sentences
with figurative expressions. They fine-tuned several state-of-the-art pre-trained
LLMs with the annotated dataset. The third study evaluated the performance
of fine-tuned models on three publicly available SE-specific datasets. Regarding
the LLM Model Comparison, the authors compared the results of the emotion
classification task on a multi-label emotion dataset (SP07) [17], using BERT,
RoBERTa (RBTa), ALBERT (ALBT), CodeBERT (CodBT), and their fine-
tuned with figurative language counterparts (BERT-FL, RBTa-FL, ALBT-FL,
CodBT-FL). Finally, various BERT-based models were fine-tuned for SA in SE,
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along with developing a novel fuzzy ensemble model that leverages the strengths
of these individual models (SP09) [3]. The authors reported that the ensemble
approach enhanced the accuracy and interpretability of sentiment classification
within the SE context.

The category Fine Tuning refers to three studies that focus on data from
open-source projects to classify bugs. We derived it into three new categories:
Open Data approach with two studies, Bug Classification and Figurative and
Politeness Fxpressions with one study each. The first study involves connecting
various transformer models to analyze the sentiment of sentences from Stack
Overflow posts. The authors found that, when the training data size is increased
from 1,500 to 5,500, the sensitivity of the sentiment classifiers is significantly
improved (SP01) [6]. The second study is also classified in the category LLM
Model Comparison Study (SP16) [15] as it uses different LLM models to in-
vestigate figurative language from GitHub issues and pull request comments.
In addition to comparing the LLM models, they fine-tuned the models. They
found that fine-tuning LLMs with figurative language improves performance in
SA prediction. The selected study, labeled as Bug Classification used BERT-
SBR, a fine-tuned BERT classifier, to predict bug report severity based on SA
of bug reports (SP05) [1]. The final study in the Fine Tuning category (SP03)
[30] highlights, as one of its lessons, that curating datasets containing Figurative
and Politeness Ezpressions and using them to fine-tune pre-trained models can
significantly enhance their performance.

The category Prompt Engineering has, apart from SP20 [39], one selected
study that investigates the effectiveness of prompt engineering to analyze senti-
ments in databases related to SE (SP19) [16]. The author conducts a case study
investigating the causes of frustration. They consider the last year of development
of a popular open-source project, performing the extraction of communications
between software developers. Using a prompting-based approach, they use three
zero-shot LLMs: ChatGPT, GPT-4, and the open-source Flan-Alpaca.

We answered SRQ2 regarding the relationship between the NLP functional-
ities implemented in LLMs and the quality of the final software product based
on evidence from 21 studies under the label Product Quality in Figure 2. The
articles that addressed SRQ2 are (SP10) [28], (SP09) [3], (SPO8) [12], (SP05)
[1], (SPO01) [6], (SP16) [15] and (SP13) [4]. We derived the previous label in
four branches: Bug Reports, Security Practices, Software Requirements, and User
Satisfaction/Better Features. The first refers to two studies identifying the need
for bug reports after the SA activity with LLMs (SP05) [1] (SP16) [15]. We
select a paper that uses BERT to support the severity prediction of bug reports
based on the assumption that sentiment significantly influences bug severity pre-
diction (SP05) [1]. The authors showed that the use of specific expressions in the
bug report, such as pathetic interface, dark, and problematic, may indicate the
urgency of a bug report. The other study in the bug report category is classified
in the two previous paragraphs as it also addresses the topics LLM Model Com-
parison study and Fine Tuning (SP16) [15]. The study found that among the
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state-of-the-art LLMs investigated, the best fine-tuned versions have an average
improvement of 3.71% on a Bugzilla bug report prioritization dataset.

Edbert and colleagues focused on the Security Practices category, applying
SA to Security-Related technical debt questions on Stack Overflow (SP08) [12].
This approach aims to improve software quality by identifying potential security
issues. The third category, Software Requirements, encompasses studies that use
LLM-based SA to enhance software requirements based on user feedback. One of
the studies in this branch employs RE-BERT, a fine-tuned version of the BERT
model, specifically designed to focus on software requirement tokens (SP13)
[4]. Another study in this category leverages the results of the Fuzzy Ensemble
model to prioritize software requirements (SP09) [3].

The final branch within the Product Quality category, User Satisfaction/Better
Features, comprises two studies. In the first study, Plosca and colleagues con-
cluded that recognizing the distinct emotional needs and preferences of users
across different contexts enables researchers, teams, and applications to better
meet user expectations, enhance satisfaction, and design more tailored features
(SP10) [28]. The second study emphasizes that BERT’s advancements in SA
within the SE domain can support developers in downstream tasks, such as rec-
ognizing problematic API features by identifying negative sentiment in sentences
from online API discussion forums (SP01) [6].

We identified 17 studies with evidence to answer SRQ3 regarding dataset
support for evaluating NLP functionalities in LLMs, represented under the label
Datasets in Figure 2. Eight branches derive from this node: Data filtering, Data
Quantity, Generalizability, Gold Standard Datasets, Own Datasets, Predictive
Performance (Fl-score), Third-party Datasets and LLM to Generate Data.

The Data Filtering category relates to a study that evaluated the RoOBERTa
model (SP15) [31]. The authors examined how data filtering supported by LLM
models could yield a dataset with more sentiment-rich posts compared to ran-
dom selection. They concluded that data filtering was more efficient than man-
ual selection. The Data Quantity category relates to the study conducted by
Shafikuzzaman and colleagues, highlighting that pre-trained language models
(PLMs) can deliver reliable results. However, the study emphasizes that the size
and label distribution of the dataset significantly influence overall performance.
Additionally, the size and diversity of the training data are crucial for PLMs to
generalize effectively across various sentiment expressions (SP03) [30].

The third category, Generalizability, focuses on studies that use generalizabil-
ity as an evaluation metric for LLM models. According to Anwar and colleagues,
incorporating data from multiple websites enhanced the generalizability of classi-
fiers trained on the dataset. The study concludes that exposing models to diverse
linguistic styles, topics, and community dynamics improves their adaptability to
real-world scenarios in software development (SP12) [2]. Another study argues
that a fuzzy ensemble model achieved high accuracy across various SE contexts,
leveraging diverse datasets such as CodeReview, JavaLib, Jira, and Stack Over-
flow (SP09) [3]. Plosca and colleagues also argue that incorporating data from
diverse domains allows multi-domain datasets to integrate various models ef-
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fectively. For instance, combining a specialized domain dataset with a general
one results in a model that is better equipped to handle more challenging data,
thereby enhancing performance across multiple domains (SP10) [28].

Cassee and colleagues conducted a study that prioritized the selection of gold-
standard SA datasets. These datasets are recognized as the most extensive and
comprehensive in the field of SA for SE. In practice, this refers to large, balanced
datasets labeled using theoretical models of effect, with annotations provided by
raters who achieve high inter-rater agreement (SP18) [7]. This study represents
the category Gold Standard Datasets.

The category Predictive Performance (F1-score) refers to studies that used
the Fl-score metric to evaluate the efficiency of LLM models in SA. Fourteen
primary studies used this metric. According to Sarker and colleagues, the fine-
tuned RoBERTa model delivered the best performance, achieving an F1 score of
0.88 for detecting toxic class tokens (SP17) [29]. Zhang and colleagues evaluated
five existing SA4SE tools and variants against four state-of-the-art pre-trained
Transformers models (e.g., BERT, XLNet) across six SE datasets and argued
that fine-tuned models surpass existing SA4SE tools, outperforming them by 6.5-
35.6% in macro,/micro-averaged F1 scores across all datasets (SP14) [40]. Ali
and colleagues introduced BERT-SBR, a BERT-based model designed for fore-
casting the severity of bug reports in mobile app maintenance (SP05) [1]. Other
studies belonging to this category are (SPO01) [6], (SP16) [15], (SP19) [16],
(SPO7) [17], (SP02) [18], (SP04) [33], (SP03) [30], (SP08) [12], (SP10) [28],
(SP18) [7] and (SP20) [39]. The results from all these studies demonstrated
that BERT-SBR significantly outperforms other deep learning classifiers, achiev-
ing improvements of 58.14% in the F-measure metric. This discussion highlights
the importance of available SE datasets to effective NLP solutions to SA in SE.

The other two categories, Own Datasets and Third-party Datasets, represent
distinct aspects of dataset availability in the related studies. Seven studies used
Own Datasets, developed by researchers, to address specific research questions
or scenarios. In contrast, Third-party Datasets employed in 16 studies highlight
their effort in benchmarking and generalizing SA models. Studies such as (SP10)
[28] and (SP12) [2] adopted well-established datasets like Stack Overflow and
Jira, which provide a standardized framework for validating models against com-
parable datasets used by other researchers. Lastly, to address the main research
question, we provide a current panoramic view in Figure 2, showcasing evidence
of how NLP functionalities implemented in LLM support SA in SE.

In the last category, LLM to Generate Data, there is a study which Cobos and
colleagues [8] (SP21) introduce a GPT-Driven dataset creation approach, where
they leverage ChatGPT-4o to synthesize a balanced and diverse set of community
comments for model evaluation. Specifically, they prompted GPT-40 to generate
100 examples for each of the ten predefined ethical flags (F1-F10) and 100 neutral
comments, resulting in 1,100 total entries. After manual validation—adjusting
only 3.1% of the generated samples to ensure alignment with their intended
flag definitions—the dataset was fed into their Mixtral-8x22B-based sentiment
analyzer. This process enabled them to both assess classification performance:
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95.55% accuracy on positive/negative /neutral labels, 84.02% on specific flags)
and to highlight nuances—for instance, lower accuracy on sexualized language
(F6) and harassment (F'8). Therefore, demonstrating how GPT can efficiently
create specialized evaluation datasets.

5 Discussion

This section provides insights based on the findings discussed earlier, focusing
on the main research question (RQ) and its specific sub-questions. As LLMs
support various NLP tasks, their application in research on SA in SE has gained
significant attention. This is evident in Figure 2, which highlights many topics.
The growing number of papers on this subject is illustrated in Table 1.

Table 1. Selected Studies by Year.

Year|Studies

2020 |2 studies — [40], [6]

2021 |3 studies — [37], [9], [4]

2022 |1 study — [33]

2023 |5 studies — [12], [29], [31], [18], [17]

2024 |8 studies — [7], 28], [3], [30], [1], [2], [16], [15]
2025 |2 studies — [39], [8]

Despite growing interest in the field, one may observe that many primary
studies focus on the BERT model (see Section 4), even as newer models have
emerged. Zhang et al. [39] classify BERT as a “smaller” LLM, with fewer than one
billion parameters, in contrast to more recent, “bigger” LLMs. The authors argue
that the field still lacks comprehensive studies on bigger LLMs. We hypothesize
that this reflects a disparity between the pace of technological advancement and
the time required to generate and disseminate scientific knowledge. Furthermore,
we contend that this gap underscores the substantial opportunity for future re-
search to replicate and extend existing studies, thereby contributing to a more
comprehensive and robust body of knowledge. This observation points to signif-
icant potential for continued research and innovation in the field.

Regarding strategies applied in LLMSs that implement NLP functionalities to
enhance the performance of SA in SE (SRQ1), evidence from selected studies
shows that researchers used similar strategies in other domains. For example,
prompt engineering has been adopted in other areas. The same is valid for com-
paring the efficiency of different LLMs and crowd workers for text-annotation
tasks or for supporting deductive analysis coding. These strategies have been
adopted in domains such as health and education research. One may argue that
once other areas adopt different strategies to enhance the LLM’s performance,
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research in the SE areas also benefits from the approaches. We consider that
there are few studies investigating the relationship between the use of LLMs
supporting SA and software quality attributes (SRQ2). We found evidence in
studies addressing bug reports, security practices, software requirements, and user
satisfaction (Figure 2). There is an opportunity to expand research in this per-
spective, focusing on many other software development activities that might
be addressed, according to Fan et al. [13], e.g., code implementation, testing,
maintenance, and deployment, among others. Regarding the use of datasets for
evaluating NLP functionalities implemented in LLMs, promoting the advance-
ment of SA (SRQ3), studies indicate relevant challenges in the SA (SP09)
[3] [21]. We highlight the number of studies addressing predictive performance,
which is seven. This reinforces the relevance of characterizing datasets, especially
regarding the class imbalance for SA in SE.

Key Findings to RQ1. We identified various strategies to enhance SA
performance in SE using LLMs. Among the findings, dataset size and merg-
ing (Datasets Increasing) are essential to improve predictive performance, as
reported by studies utilizing datasets from diverse SE tasks. Domain Indepen-
dent Training highlighted improved model performance with general datasets,
complemented by the importance of Labels Preprocessing. Comparisons between
LLMs and alternative methods (LLM vs Other Approaches) and among LLMs
themselves (LLM Models Comparison) showed better results for transformer-
based models. Studies in the Fine Tuning category emphasized applications
such as bug report severity classification and SA on open-source data, further
supported by the effectiveness of Prompt Engineering for zero-shot sentiment
classification tasks. These findings indicate the versatility and potential of LLM
enhancements across diverse SE contexts.

Key Findings to RQ2. While the mapped studies report various SE aspects
as being positively affected by LLM-based SA, the evidence for each is limited
to at most one or two publications, so these observations must be considered
preliminary. In Bug Reports, two studies suggest improved severity prediction
and task prioritization, but further validation is needed. In Security Practices, a
single study indicates that applying SA to technical debt discussions may help
identify potential vulnerabilities, although this finding remains exploratory. In
Software Requirements, two studies report enhanced extraction and prioritization
of user needs. In User Satisfaction and Feature Design, two papers show that
sentiment-driven insights can guide the development of tailored features and
highlight problematic API functionalities, but the sample is too small for strong
generalization. Given the low number of studies per aspect, these results serve
as initial indicators rather than conclusive evidence and point to the need for
more extensive empirical investigations.

Key Findings to RQ3. The selected studies confirmed the importance of
dataset characteristics in advancing SA with LLMs. In Data Filtering, LLM
techniques enhance the creation of sentiment-rich datasets, surpassing manual
methods in efficiency. Regarding Data Quantity, the size and label distribution
of training data seem to significantly influence LLM performance. The Gen-
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eralizability of models improves through exposure to diverse linguistic styles
and datasets, enabling better adaptation to real-world software development
scenarios. Gold Standard Datasets ensure rigorous benchmarking by providing
well-annotated and balanced data. The Predictive Performance (F1-score) met-
ric is widely employed, with fine-tuned models consistently surpassing tradi-
tional tools, particularly when robust datasets are available. Finally, while Own
Datasets support specific research objectives, Third-party Datasets enable and
promote standardization and benchmarking.

6 Conclusions

We conducted a systematic mapping study to investigate how NLP functional-
ities implemented in LLMs support SA in software development activities. We
analyzed evidence from 21 primary studies, offering a comprehensive overview of
the achievements, challenges, and opportunities in leveraging NLP, implemented
through LLMs, for SA in SE. The results show strategies to use LLMs in SA
in SE, such as merging datasets, comparing LLM with other approaches, and
approaches for LLM fine-tuning. The results highlight the research community’s
efforts to explore how NLP capabilities within LLMs can enhance the effective-
ness of SA in SE. Finally, we found studies considering dataset availability sup-
porting data filtering, generalizability, and predictive performance. The findings
indicate possibilities for future research. We highlight conducting exploratory
studies with LLM in experimental settings for SE SA purposes, as all primary
studies indicate better results than traditional SA approaches. Another topic is
the development of studies focusing on comparing LLM models and varying their
architectures. Finally, characterizing and evaluating guidelines for the effective-
ness of the public repository of datasets for the SE area and respective LLMS to
transform original SE data into tokens, embeddings, and their manipulation in
vectorial databases and toolkits to implement generative Al applications. This
systematic mapping showed that few studies focus on this relevant direction.
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